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Preface to ”Role of Medical Imaging in Cancers”

Medical imaging comprises a huge amount of imaging techniques, from ultrasound and

computed tomography (CT) to molecular imaging comprising magnetic resonance imaging (MRI)

and positron emission tomography (PET).

Molecular imaging allows for the remote, noninvasive sensing and measurement of cellular and

molecular processes in living subjects. It provides a window into the biology of cancer from the

sub-cellular level to the patient undergoing a new, experimental therapy. Conventional imaging,

and mainly CT, remains critical to the management of patients with cancer, while molecular imaging

provides more specific information, such as early detection of changes with therapy, identification of

patient-specific cellular and metabolic characteristics, that have a considerable impact on morbidity

and mortality.

Molecular imaging has developed rapidly in the last years, particularly in the oncological

field. The development of new hybrid scanners, like digital PET/CT, PET/MRI and single photon

emission tomography (SPET)/CT, has significantly improved the detection of tumors, in all phase

of disease (from the initial staging to the evaluation of response to therapy). Moreover, the

introduction of various radiopharmaceutical agents has opened new scenarios for the in-vivo

molecular characterization of cancer.

This Special Issue will highlight the role of medical imaging, with particular interest to molecular

imaging in cancer management, covering some important aspects by focalizing the attention of new

discoveries for the big killers, like prostate cancer, lung cancer, breast cancer and colon cancer.

Stefano Fanti, Laura Evangelista

Editors

xi
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In the issue entitled “Role of Medical Imaging in Cancers”, 33 papers have been collected (23
original articles, 8 reviews, 1 brief report and 1 perspective). All the papers focus on different
topics, mainly on the role of positron emission tomography (PET) imaging in the management of
oncological patients.

Table 1 shows a summary of the topics and the papers included for each topic [1–33]. The majority
of papers are focused on prostate cancer (PCa) and radiomics. The first topic has continuously
gained interest in last years, in particular after the introduction of prostate specific membrane antigen
(PSMA)-based radiopharmaceuticals, as extensively reported by Hoffmann et al. [18] in a cohort of more
than 580 patients with recurrent PCa, showing that, after radical prostatectomy, PSMA PET/computed
tomography (CT) was able to detect the presence of recurrent disease in more than 50% of patients with
a PSA level < 1.24 ng/mL. Moreover, Treglia et al. [24], in a meta-analysis, clearly demonstrated the high
detection rate of 18F-labeled PSMA also in patients with a PSA levels < 0.5 ng/mL. Nevertheless, Fanti
et al. [20] underlined that, although there is a large amount of data on PSMA PET in PCa, the diagnostic
procedures are still underutilized in clinical practice. The role of imaging in PCa was also analyzed
by using different radiopharmaceutical agents and specific software. Laudicella et al. [23] tested the
utility of 18F-FACBC (or fluciclovine) in recurrent PCa, showing a high diagnostic performance for
the detection of local recurrence, mainly in the prostatic fossa. Bauckneht et al. [19] support the role
of 18F-Fluorodeoxyglucose (FDG) PET/CT as a tool for patient selection and response assessment in
metastatic castrate resistant PCa patients undergoing 223Ra administration. Furthermore, in this latter
setting of patients, a segmentation-based tumor load at 99mTc-dysphonate SPECT/CT was linked with
clinical outcome [21]. Finally, a radiomic approach with a specific magnetic resonance imaging (MRI)
protocol can be useful to appropriately detect and characterize PCa [31]. Radiomics is an emerging
field, defined as the extraction of quantitative data from medical images by using specific software.
It can be applied to all medical imaging, such as CT, MRI, PET/CT or PET/MRI. In the last years,
a large amount of data has been published, such as in the current issue of Cancers, in order to apply
this in diverse settings of disease. Castaldo et al. [30] and Schiano et al. [32] evaluated the role of
radiomics in breast cancer. The first group of authors concluded the ability of radiomic features by
MRI to discriminate major breast cancer molecular subtypes, thus potentially guiding a personalized
treatment [30]. The second group by Schiano et al. [32] showed that the combination of radiomic
features by FDG PET/MRI and molecular data are able to predict the synchronous metastatic disease
more accurately than a single information. Fujima et al. [33] found a correlation between the clinical
outcome and machine-learning algorithm using various MRI-derived data in patients with sinonasal
squamous cell carcinomas.

Cancers 2020, 12, 1494; doi:10.3390/cancers12061494 www.mdpi.com/journal/cancers1
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Table 1. Summary of articles in the special issue.

Topic
(in Alphabetic Order)

Type of Paper

Original Articles (ref)
Reviews or Brief Article or Perspectives
(ref)

Breast cancer None Salvatore et al. [1], Hildebrandt et al. [2]

CT imaging Kimm et al. [3], Lee et al. [4] None

Immunotherapy Castello et al. [5] Frega et al. [6], Decarez et al. [7]

Lymphoma Albano et al. [8] Voltin et al. [9]

Meningioma None Laudicella et al. [10]

MRI Jin et al. [11], Usuda et al. [12] None

Pancreas None Serafini et al. [13], Montemagno et al. [14]

PET/MRI Samolyk-Kogaczewska et al. [15], Incoronato et al. [16] None

Preclinical Montemagno et al. [17] None

Prostate and
genito-urinary

Hoffmann et al. [18], Bauckneht et al. [19], Fanti et al.
[20], Fiz et al. [21], Zattoni et al. [22] Laudicella et al. [23], Treglia et al. [24]

Response to therapy or
predictors

Perrone et al. [25], Sachpekidis et al. [26], Perrone et al.
[27], Surov et al. [28] None

Radiomics Polverari et al. [29], Castaldo et al. [30], Monti et al. [31],
Schiano et al. [32], Fujima et al. [33] None

Indeed, radiomics can be used as a tool for the prediction of outcomes in terms of response to
therapy or prognosis in patients undergoing immune check point inhibitors, as stated by Polverari
et al. [29]. The use of imaging as a predictive biomarker of response to immunotherapy has been
discussed by some authors [5–7], in the present issue. Both in the reviews and in the original articles,
nuclear medicine images can be considered as a non-invasive method that is able to predict the response
to immunotherapy, mainly in combination with other clinical or biological markers. Moreover, FDG
PET/CT can be helpful in predicting the response to therapy in patients with head and neck squamous
cell carcinoma, due to the high correlation between micro-vessel density and FDG uptake in terms of
SUVmax [28]. This latter semiquantitative parameter is predictive of overall survival in patients with
recurrent ovarian cancer [25]. The same author [27] reported that PET/CT can predict more accurately
than MRI the response to concurrent chemoradiation treatment in T2 cervical cancer patients. Finally,
from a German experience in a small cohort of patients (n = 16) affected by high-risk soft tissue sarcoma,
the authors of [26] found that FDG kinetic analysis can be considered as a marker of response to
pazopanib in soft-tissue sarcoma, and therefore it could guide anti-angiogenetic therapy.

The residual papers focused on different topics by analyzing diverse imaging modalities from
preclinical [17], to gold nanoparticles for CT imaging [3,4], to specific pathologies (i.e., breast cancer [1,2]
or pancreas [13,14] or meningioma [10]), to multicenter trials [8,22]. The common conclusion of these
contributions is the current and future support that medical imaging can add to clinical information.
The continuous developments of new radiopharmaceutical agents or the production of new technologies
(i.e., scanners or software) will lead to increasingly personalized medicine.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.
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Abstract: Imaging techniques such as computed tomographies (CT) play a major role in clinical
imaging and diagnosis of malignant lesions. In recent years, metal nanoparticle platforms enabled
effective payload delivery for several imaging techniques. Due to the possibility of surface
modification, metal nanoparticles are predestined to facilitate molecular tumor targeting. In this
work, we demonstrate the feasibility of anti-plasma membrane Heat shock protein 70 (Hsp70)
antibody functionalized gold nanoparticles (cmHsp70.1-AuNPs) for tumor-specific multimodal
imaging. Membrane-associated Hsp70 is exclusively presented on the plasma membrane of
malignant cells of multiple tumor entities but not on corresponding normal cells, predestining
this target for a tumor-selective in vivo imaging. In vitro microscopic analysis revealed the presence
of cmHsp70.1-AuNPs in the cytosol of tumor cell lines after internalization via the endo-lysosomal
pathway. In preclinical models, the biodistribution as well as the intratumoral enrichment of AuNPs
were examined 24 h after i.v. injection in tumor-bearing mice. In parallel to spectral CT analysis,
histological analysis confirmed the presence of AuNPs within tumor cells. In contrast to control
AuNPs, a significant enrichment of cmHsp70.1-AuNPs has been detected selectively inside tumor
cells in different tumor mouse models. Furthermore, a machine-learning approach was developed
to analyze AuNP accumulations in tumor tissues and organs. In summary, utilizing mHsp70 on
tumor cells as a target for the guidance of cmHsp70.1-AuNPs facilitates an enrichment and uniform
distribution of nanoparticles in mHsp70-expressing tumor cells that enables various microscopic
imaging techniques and spectral-CT-based tumor delineation in vivo.

Keywords: gold nanoparticle; heat shock protein 70; molecular imaging; biomarker; spectral-CT
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1. Introduction

Detection of all malignant tumor cells in a patients’ body is a prerequisite for a successful therapy
outcome. In established clinical routine, combined positron emission tomography (PET)/computed
tomography (CT) imaging is commonly used for tumors exceeding 0.5–1 cm3. For standard clinical
PET imaging, 18F-glucose is often used as a PET tracer. However, glucose-based PET/CT imaging faces
several disadvantages, such as false-positive and/or false-negative signals, e.g., triggered by the fact
that only metabolically active but not resting cells can be visualized, the low tumor-to-background
contrast, and the relatively low resolution of the technique [1]. With improved settings, a spatial
resolution of 2 mm is technically feasible, as demonstrated in patients with prostate cancer [2].

The introduction of gold nanoparticles (AuNP)-based contrast agents added a new value to imaging
techniques. Functionalization of novel metal-based nanoparticles with tumor-specific antibodies [3]
and their utilization in imaging techniques such as photoacoustic tomography or CT combine the
advantages of a molecular, tumor-specific imaging with the unique attributes of AuNP in clinical
imaging. For instance, spectral-CT technology employs a photon-counting detector which registers
the interactions of individual photons, creating a certain energy spectrum which can subsequently
be converted into a color image. At the same time, a nonspectral attenuation image can be acquired.
This combination allows a precise spatial information with a high resolution. With the emergence
of clinical spectral-CT scanners, the need of tumor-specific contrast agents further increased. In this
setting, AuNPs might play a crucial role as the energy-dependent X-ray attenuation properties (K-edge
at 80.7 keV) allow an excellent separation from calcium (K-edge at 4 keV) and iodine (K-edge at
33.2 keV) [4].

For in vivo application, it is also essential that the applied nanoparticles are nontoxic, biodegradable
or inert, and easily transportable in the blood and/or lymphatic system. Biocompatible camouflage of
the NP surface is a prerequisite to avoid immediate uptake by macrophages. Small AuNPs (<100 nm)
demonstrated to be beneficial for utilization in clinical applications [5–7]. Apart from the formulation
of AuNPs, tumor imaging with nanoparticle-based contrast agents can be further improved and
specified by functionalization with antibodies targeting tumor-specific, membrane-bound biomarkers.
For an improved signal-to-background ratio and a high tumor specificity, candidate markers should
be selectively expressed on tumor cells while being absent on healthy cells. Membrane-bound Heat
shock protein 70 (Hsp70, Hsp70-1, HspA1A, #3303) has been found to fulfill these criteria, exhibiting
a remarkable tumor-specific targeting capability [8,9]. In addition to the physiological, cytosolic
expression in all nucleated cells, Hsp70 is also found on the plasma membrane of malignantly
transformed cells. Upon stress, this molecular chaperone has been found to be increased in the cytosol
and on the plasma membrane of different murine and human tumor cells. Screening of tumor biopsies of
over 1200 patients has shown that the majority of the primarily diagnosed carcinoma samples but none
of the tested corresponding normal tissues exhibited a membrane Hsp70-positive phenotype [10–13].
After therapy of tumors with standard regimens, such as radiotherapy or chemotherapy, the membrane
expression density of Hsp70 on tumor cells is increased [14], which in turn further improves targeting
of membrane Hsp70-positive tumors after standard therapies. Furthermore, an upregulated membrane
Hsp70 density could be detected on relapse tumors and metastases compared to primary tumors.
In multiple studies, the malignancy of tumors correlates positively with the Hsp70 expression density
in the cytoplasm and on the plasma membrane [8,11].

For a specific in vivo tumor targeting which is mediated by membrane-bound Hsp70, we developed
the membrane Hsp70-specific antibody cmHsp70.1 [9,15]. To utilize the beneficial features of targeting
membrane Hsp70 with the imaging capabilities of gold as a contrast agent, we developed an AuNP
formulation, functionalized with cmHsp70.1 monoclonal antibody to target membrane-bound Hsp70
on tumor cells in vitro and in vivo. In previous studies, we could demonstrate a rapid and specific
binding, uptake, and internalization of cmHsp70.1-AuNPs into tumor cells in vitro, leading to a
high intracellular accumulation. Furthermore, following incubation of viable tumor cells with
cmHsp70.1-AuNPs, no severe toxic side effects were observed up to a concentration of 10 μg/mL [16].
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2. Results

2.1. Functionalization of AuNPs with cmHsp70.1 Antibody

For the coupling of mouse IgG1 isotype-matched or cmHsp70.1 antibody to AuNPs, we used
a standard maleimide coupling reaction (Figure 1A). The size of the mean hydrodynamic diameter
of unconjugated AuNPs was determined to be 45 ± 14 nm (Figure 1B, top panel). The sizes of
cmHsp70.1 antibody-conjugated cmHsp70-AuNPs were 54 ± 11 nm (Figure 1B, middle panel) and
59 ± 18 nm for IgG1 isotype-matched control antibody-conjugated gold nanoparticles (IgG1-AuNPs)
(Figure 1B, bottom panel). No self-aggregation was observed in aliquotes of the conjugated as well as the
unconjugated AuNPs in phosphate buffered saline (PBS) at 37 ◦C during 24 h. After 4 weeks of storage at
4 ◦C, self-aggregation of the particles was observed. An exemplary size distribution histogram is given
in Figure A1. To determine the Hsp70-specific binding capacity of cmHsp70.1-AuNPs, we performed
analysis of the interaction of cmHsp70.1-AuNPs as well as IgG-AuNPs with recombinant human
Hsp70, using an agglomeration assay, as described by Shevtsov et al. [17]. Following a 4 h incubation
period with recombinant Hsp70, the size of the formed clusters, as determined by dynamic light
scattering (DLS), was larger after incubation with cmHsp70.1-AuNPs (mean event sizes: 152 nm and
2420 nm) than with IgG1-AuNPs (52.9 nm), indicating the formation of ligand-mediated agglumerates.
The hydrodynamic diameter of recombinant Hsp70 was determined to be 9.7 nm (Figure A2).

Figure 1. Antibody conjugation of gold nanoparticles (AuNPs) and characterization: (A) Coupling
reaction of maleimide-activated AuNPs and sulfhydryl-activated monoclonal antibodies. (B) Size
distribution of the differently functionalized AuNPs, given in size by number histograms.

2.2. Uptake and Internalization of Functionalized AuNPs in Tumor Cells In Vitro

To verify the binding capacities and specific uptake of cmHsp70.1-AuNPs in comparison to control
nanoparticles (AuNPs and IgG1-AuNPs) in vitro, we performed binding tests on viable, membrane
Hsp70-positive tumor cells. To determine the density of the target antigen, the cell lines 4T1 and CT26
were analyzed for their membrane and cytosolic expression of Hsp70. The Hsp70 high expressing
cell line 4T1 showed a membrane Hsp70-positive phenotype on 67% ± 9% of the cells, whereas CT26
cells showed a positive phenotype on 43% ± 6% of the cells (Figure 2A). For determination of the total
Hsp70 density in the cell lines, an in-cell ELISA technique was established for cells grown in chamber
slides. The Hsp70 mean signal intensity in 4T1 and CT26 cell lines were 150.11 × 103 ± 24.92 × 103 a.u.
and 89.39 × 103 ± 17.19 × 103 a.u., respectively (Figure 2B). These data were verified by a sandwich
ELISA of cell lysates derived from 10 × 106 cells of each cell line, resulting in Hsp70 contents of
4.28 ± 1.74 ng/mL and 1.17 ± 0.72 ng/mL for 4T1 and CT26 cells, respectively (Figure 2C). Subsequently,
both cell lines were incubated with the three different types of AuNPs for 24 h at 37 ◦C to mimic
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the uptake in living cells. In both cell lines, the content of AuNPs was visualized by brightfield and
electron microscopy (Figure 3). Compared to blank AuNPs (Figure 3A, left panel) and IgG1-AuNPs
(Figure 3A, middle panel), which showed minor cytosolic uptake, cmHsp70.1-AuNPs displayed the
strongest accumulation in both 4T1 and CT26 cells (Figure 3A, right panel). In transmission electron
microscopy (TEM), the cmHsp70.1-AuNPs have been found to accumulate in intracellular vesicles of
both 4T1 and CT26 cells 24 h after incubation. A representative image of cmHsp70.1-AuNPs in 4T1
cells is shown in Figure 3B.

Figure 2. Quantification of Hsp70 in target tumor cell lines: (A) Plasma-membrane bound Hsp70 on
4T1 (left) and CT26 (right) cell lines, as determined by flow cytometry. (B) Quantitative staining of
total Hsp70 in 4T1 and CT26 cells (upper panel) and quantification (lower panel), as determined by an
in-cell ELISA technique. (C) Quantification of total Hsp70 in whole cell lysates of 4T1 and CT26 cell
lines, as determined by an Hsp70 sandwich ELISA. * p < 0.05.
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Figure 3. Uptake of AuNPs in tumor cells: (A) Intracellular accumulation of blank AuNPs (left),
IgG1-AuNPs (middle), and cmHsp70.1-AuNPs (right) in 4T1 (upper panel) and CT26 (lower panel)
cells. (B) TEM image of intracellular accumulations in 4T1 cells. Magnification is of the indicated area
(white box). Scale bar, 1 μm.

2.3. Accumulation of Functionalized AuNPs in Tumors In Vivo

To investigate the specificity and sensitivity of cmHsp70.1-conjugated AuNPs to target tumors
in vivo, syngeneic tumor models in Balb/c mice were established. Animals were injected orthotopically
(o.t.) with 4T1 and subcutaneously with CT26 tumor cells, respectively. When tumors reached a size of
200 mm3, two times 2.5 mg of AuNPs of each group (AuNP, IgG1-AuNP, and cmHsp70.1-AuNP) were
injected i.v. consecutively at an interval of 24 h (Figure 4).

Figure 4. Timeline of the in vivo experiments.
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Twenty-four hours after the second injection, mice were euthanized and fixed and subsequently
imaged using spectral-CT or tumors and organs were directly applied to histological analysis. In parallel,
single cell suspensions of tumors of both models have been analyzed for their plasma membrane Hsp70
status. To characterize the tumor models regarding the main features which determine the accumulation
of molecular functionalized contrast agents in vivo, tumors were histologically analyzed for the target
antigen content (Hsp70) in the cytosol as well as on the plasma membrane. Their vascularization
status (CD31) and the presence of tumor infiltrating macrophages (F4/80) have been investigated as
well. Both tumor types, 4T1 (o.t.) and CT26 (s.c.), displayed similar vascularization and infiltration of
macrophages, indicating comparable effects on the NP input through these routes. Immunohistological
Hsp70 staining revealed a strong expression in both tumor models, featuring cytosolic as well as
nuclear Hsp70 expression. However, 4T1 tumors showed a more patterned architecture of the Hsp70
density. To investigate the membrane Hsp70 status of the tumors in vivo, a single cell suspension of
freshly dissected tumors was investigated. With 76% ± 7% and 67% ± 13% membrane Hsp70-positive
viable tumor cells, 4T1 and CT26 tumors grown in vivo, respectively, showed a slightly higher Hsp70
expression density compared to the in vitro cultured cells. However, the increased width of the
cytometric data, as given in histograms, indicates an increased heterogeneity in the membrane Hsp70
expression pattern in in vivo grown tumors (Figure 5).

Figure 5. Tumor characterization: Orthotopic (o.t.) 4T1 (upper panel) and subcutaneous (s.c.) CT26
(lower panel) tumors were analyzed with regard to membrane (flow cytometry analysis, upper inlay)
and overall (immunohistochemistry, IHC) Hsp70 expression as well as their content of CD31 positive
vessels (IHC and CD31) and the infiltration of macrophages (MΦ, IHC, and F4/80). Hematoxylin &
Eosin (H&E) was used as an overview stain (lower inlay). Scale bars, 200 μm (Hsp70) and 100 μm
(CD31 and MΦ).
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In a next step, we investigated the feasibility of cmHsp70.1-AuNPs as a contrast agent in a
first cohort of tumor-bearing mice. For this pilot study, three mice with subcutaneous CT26 tumors
underwent spectral CT imaging postmortem. Each mouse had received one type of AuNP 24 h
before sacrifice. Interestingly, in all animals, we were able to detect AuNPs in the tumors with the
highest density of nanoparticles in the tumor periphery. Nevertheless, we also noticed some striking
differences. The mouse which was treated with IgG1-AuNPs presented the lowest content of AuNPs
inside the tumor (3.3 μg Au/mm3 tumor) with a very low accumulation of particles within the tumor
center (Figure 6C,D). In the mouse which was treated with unconjugated AuNPs, 4.3 μg Au/mm3 was
detected in total but mainly at the periphery of the tumor, with considerably less AuNPs in the tumor
center (Figure 6A,B). In case of an injection of cmHsp70.1-AuNPs, 4.4 μg Au/mm3 was found inside
the tumor. Despite similar amounts of different AuNPs in the tumor area, the distribution pattern of
the AuNP formulation differed drastically. CmHsp70.1-AuNPs were found to be located in the tumor
periphery and highly dispersed in the tumor center (Figure 6E,F).

Figure 6. Tumor detection using spectral-CT. Upper Row (A,C,E): axial view, bottom row (B,D,F):
sagital view. AuNP amounts are pseudo-coloured from black (6.5 mg/mL) over red (10 mg/mL) to
white (13.5 mg/mL). (A,B) spectral CT-views of mice injected with AuNPs; (C,D) spectral CT-views of
mice injected with IgG-AuNPs; (E,F) spectral CT-views of mice injected with cmHsp70.1-AuNPs.

The spectral CT-based biodistribution analysis detected a high accumulation of AuNPs in the
spleen, lower amounts in the liver, and very low amounts of AuNPs in the lung. The other organs did
not exhibit concentrations which were high enough to generate a signal in the spectral CT measurements.
However, to prove data for statistical significance, the number of mice within the study groups have to
be increased to relevant numbers in future experiments. The tumors were further analyzed for their
gold content by histology (Figure 7).
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Figure 7. AuNP uptake and distribution in CT26 tumors: (A) Silver enhancement of AuNPs. Upper
row: blank AuNPs, middle row: IgG1-AuNPs, bottom row: cmHsp70.1-AuNPs. Left: Region of
Interest (ROI) at tumor rim area, right: ROI set to tumor center. Scale bars, 100 μm. (B) Double staining
of Macrophages (F4/80, brown) and silver enhancement of AuNPs (black). Arrow: single-positive cells
for AuNPs. Scale bars: 5 μm.

Sections were treated with silver enhancement to visualize AuNPs by light microscopy (Figure 7A).
As revealed by spectral-CT, histological analysis confirmed the varying intratumoral distribution of
the three groups of AuNPs. In tumors of mice which were treated with cmHsp70.1-AuNPs, a rather
homologous distribution of NPs was observed throughout the whole tumor volume compared to
the blank AuNPs or IgG1-AuNPs. Notably, the enrichment of AuNPs at the tumor rim following i.v.
injection of blank AuNPs was most likely due to F4/80 positive monocyte/macrophage lineages with
internalized AuNPs (Figure 7B, left). In contrast, next to the payload introduction via macrophages,
cmHsp70.1-AuNPs were also found in large amounts in F4/80-negative tumor cells. Consequently, an
extended accumulation of the cmHsp70.1-AuNPs was also detected in the tumor center. In this region,
we also identfied less AuNP containing macrophages (Figure 7B, right). IgG1-AuNPs showed the
lowest accumulation in all regions of the tumor (Figure 7A, middle). These NPs, besides their lack of
targeting ability, exhibited equal biocompatibility to that of cmHsp70.1-AuNPs due to the conjugation
of the murine IgG1 antibody. Consequently, these IgG1NPs resulted in the lowest intratumoral
accumulation yield.

To obtain the in vivo biodistribution characteristics of cmHsp70.1-AuNPs, 24 h following systemic
application, we further analyzed silver enhanced sections of tumors, liver, spleen, kidneys, heart,
lungs, and intestines of another group of tumor-bearing Balb/c mice (after subcutaneous and orthotopic
injection) (Figure 8).
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Figure 8. Biodistribution of cmHsp70.1-AuNPs: (A) Silver enhancement staining of liver, spleen,
kidney, heart, lung, and intestine. Scale bar, 100 μm. (B) Pixel analysis of silver enhancement stainings
in tumors and organs, given in positive pixel/mm2 tissue. (C) size distribution of silver enhanced
cmHsp70.1-AuNP signals in different organs following i.v. injection.

For an improved accuracy of the analysis, we used a machine-learning approach.
The algorithm for the analysis of sections was trained on 28 slides in total and was
applied for the analysis of 14 slides. In comparison to the organs, the highest accumulation
of cmHsp70.1-AuNPs was found in the tumors, with 85.98 × 103 ± 4.94 × 103 positive
pixel per mm2, which equals to 2.7% positive pixels per section (Figure 8B). Using the
machine-learning approach, we found the majority of the nanoparticles accumulated in spleen
(14.04 × 103 ± 1.37 × 103 pixel/mm2) (2.13% signal/section), liver (13.34 × 103 ± 0.7 × 103 pixel/mm2)
(0.11% signal/section), and intestine (9.48 × 103 ± 1.37 × 103 pixel/mm2) (0.34% signal/section), followed
by lungs (6.28 × 103 ± 1.30 × 103 pixel/mm2) (0.09% signal/section). In muscle, as represented by heart
tissue, the accumulation of AuNPs was below the detection limit. Kidney was rarely affected, indicating
an enterohepatic secretion of the AuNPs. In addition to the analysis of the overall entry of AuNPs in
the organs and tumors, we utilized the machine-learning approach to analyze the size distribution of
the nanoparticle agglumerations within the organs. The majority of positively stained events in liver
and spleen resulted in a size range up to 10 μm. Accumulation of events in this size range might be
suggested to be due to incorporation of the AuNP by macrophages and Kupffer cells, as indicated also in
Figure 7B. The majority of AuNPs in kidney, lung, and intestine yielded in agglumerates of about 1 μm
in size. In the tumor, cmHsp70.1-AuNP spots of 25 μm2 were dominant, followed by spots of 1 μm2

(Figure 8C). As tumor-associated macrophages exhibit large cytoplasmatic volumes, the accumulation
of AuNPs above 10 μm2 suggest the appearance of this cell type. However, aggregates of 1 μm2

point to tumor cells with smaller cytoplasmic space as tumor cells. This finding is also supported by
microscopical analysis of in vitro grown tumor cells with the majority of NP accumulating in cellular
organelles of about 1 μm, following endocytosis (Figure 3).
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3. Discussion

The discovery of suitable contrast agents for the visualization of tumors is one of the most
important areas in clinical oncology. In tumor imaging, CT imaging is the most commonly used
technique featuring fast scanning speed with high spatial resolution of a large portion of the body.
Functional molecular imaging can be accomplished with positron-electron-tomography (PET), often
used in combination with CT. However, certain limitations affect the quality of tumor visualization.
PET imaging using 18F-FDG is highly dependent on a high tumor cell metabolism compared to the
surrounding normal tissue. Furthermore, PET tracers need to exert ionizing effects, which in turn
increases the patient’s risk to accumulate DNA mutations. An approach to overcome the limiting effects
of PET/CT led to the development of spectral-CT analyzers [6,18], which use the k-edge discrimination
of elements, allowing for their specific identification inside the body [19]. Another advantage of the
spectral segmentation is the possibility to utilize multiple contrast agents within one imaging session,
which reduces the X-ray expositions of the patient.

One further limitation of PET imaging is the spatial detection limit, leading to a potential miss of
small lesions. Therefore, the usage of tumor-specific markers is beneficial.

Herein, the major stress-inducible member of the HSP70 family, Hsp70 (HspA1A), was used as
a target for the tumor-specific uptake of functionalized AuNPs in different tumor entities. Hsp70
is expressed on the plasma membrane of a variety of tumor entities, whereas normal cells lack an
Hsp70 membrane expression [9]. However, further studies investigate the role of membrane-associated
Hsp70 in the context of inflammatory diseases, such as sepsis. It was found that membrane Hsp70
also plays a role in the regulation of inflammatory responses. A study of Hirsch et al. described
polymorphonuclear neutrophils (PMNs), expressing mHsp70. These PMNs are recognized and lysed
by γδ T-lymphocytes and therefore protect the host cells from inflammation-induced damage [20].

In previous studies, we observed that tumor cell membrane-associated Hsp70 is rapidly
internalized and therefore mediates an efficient uptake of Hsp70-binding probes into the cytoplasm,
such as fluorescence-labeled cmHsp70.1 antibody [15] and tumor-penetrating peptide (TPP) [21,22].
Since the binding epitope of cmHsp70.1 antibody is identical in mouse and human tumor cells [9],
murine CT26 colon and mammary 4T1 tumor cell lines were used in the present study.

The application of AuNPs for imaging in vivo is a promising new approach in the field of in vivo
imaging [7,23,24]. The uptake of antibody-conjugated nanoparticles into tumor cells is dependent
on several factors: the expression density of receptors, which are expressed on the target cells; the
distribution of the target epitopes throughout the cells [25]; the affinity of the tracer to the membrane
epitope; and the speed of internalization [21,26].

In order to monitor the efficiency of functionalized AuNPs in vitro and in vivo, we applied
different imaging modalities. Dynamic light scattering is a widely used technique to determine the
hydrodynamic diameter of AuNPs in the nm–μm range.

Furthermore, the quantification of AuNPs within tumor cells is of relevance to estimate the
concentration of nanoparticles that is necessary for noninvasive in vivo imaging of tumors as well
as for their use as therapeutic agent. In our in vivo/ex vivo setup, we were able to detect aggregates
of AuNPs in tumors and organs in perinuclear areas of around 1–2 μm in diameter as well as larger
aggregates of around 25 μm in diameter. The presented machine-learning approach has proven to be
beneficial for the analysis of the distribution of AuNPs. Next to calculating the quantity of gold signal
within tumors and organs, we were able to separate the signal into groups, which allows for an easy
analysis of AuNPs within different cell types. This is important for a more precise prediction of the
biodistribution and possible toxic side effects of AuNPs.

Toxic side effects of AuNPs following i.v. application were investigated in previous studies [27,28].
No negative side effects such as loss in body weight or organic dysfunctions were observed in these
experiments up to a concentration of 500 μg/mL [29]. Concordantly, in the in vivo experiments of this
study, we did not observe any sign of toxicity at the injected concentration of 5 mg AuNPs per mouse.
However, additional pharmacological and toxicological studies are needed to prove safety.
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On the basis of the specific and quantitative uptake of cmHsp70.1-AuNPs in Hsp70-positive
tumor cells and its imaging properties, our approach hints at a possible beneficial use in radiation
therapy. Numerous studies have reported on the radiation-enhancing effect of AuNPs within tumor
tissue [30,31].

First, promising findings for radiotherapy enhancement of AuNPs were achieved in preclinical
mammary carcinoma studies [32]. The results of Hainfeld et al. showed an 86% 1-year survival
for a combinatorial therapy of irradiation in presence of NPs compared to 20% for radiotherapy
alone. Probable mechanisms involved in radiosensitization are, besides changes in the cell cycle or
an elevated reactive oxygen species, the production and the release of secondary Auger electrons
by gold in very close proximity to the nucleus [31]. In previous in vitro studies on the intracellular
distribution of Hsp70 targeting AuNPs, we observed an increased accumulation of the NPs in close
proximity to the nucleus 24 to 48 h after incubation [16], indicating possible beneficial effects of this
approach for radiotherapeutical interventions. In summary, we demonstrate that the functionalization
of AuNPs with cmHsp70.1 antibody is a highly promising approach for in vivo tumor targeting. Our
preclinical studies show that the accumulation of AuNPs within the investigated tumors was sufficient
for visualization by spectral-CT which allows 3D reconstructions and quantifications.

4. Materials and Methods

4.1. Antibody Coupling of AuNPs

Coupling of Hsp70-specific antibody (cmHsp70.1, multimmune, Germany) or an isotype-matched
control IgG1 antibody (Sigma Aldrich, St. Luis, Mo, USA) to AuNPs (Nanopartz, Loveland, CO,
USA) was done as described before [16]. Briefly, polyethylenglycol (PEG)-amine-coated spherical gold
nanoparticles of 30 nm diameter were maleimide activated (Pierce, Thermo Fischer Scientific, Rockford,
IL, USA) and incubated over night with sulfhydryl-activated antibodies. Antibody-coupled AuNPs
or unconjugated AuNPs were analyzed and used for experiments within 24 h. Nanoparticles were
analyzed (size, aggregation) by dynamic light scattering (DLS, Zetasizer NanoS, Malvern Instruments,
Malvern, UK). Measurements were done in triplets and mean values were calculated.

4.2. Characterization of AuNPs

Antibody-conjugated AuNPs or unconjugated AuNPs were used for experiments directly after
coupling. For AuNP characterization and controlling their aggregation, particle size was analyzed by
dynamic light scattering (Zetasizer NanoS; Malvern Instruments, Malvern, UK). Only nanoparticles that
produced single peaks were used for experiments. For analysis of the specific interaction of differentially
functionalized AuNPs with Hsp70, 150 μg/mL nanoparticles dissolved in PBS were incubated with
recombinant Hsp70 protein at a concentration of 0.5 μg/mL. Following a 4-h incubation time, the size
of the clusters formed by IgG1-AuNP + Hsp70 and cmHsp70.1-AuNP + Hsp70, respectively, was
analyzed by DLS.

4.3. Cell Culture

Murine colon carcinoma cell line CT26 (CT26.WT; American type culture collection (ATCC)
#CRL-2638) and the mouse mammary carcinoma cell line 4T1 (ATCC #CRL-2539) were cultured in
Roswell Park Memorial Institute 1640 medium supplemented with 10% (v/v) heat-inactivated fetal
calf serum, 2 mM L-glutamine, 1 mM sodium pyruvate, and antibiotics (100 IU/mL penicillin and
100 μg/mL streptomycin). Cells were incubated at 37 ◦C in 95% humidity and 5% (v/v) CO2 and
cultivated twice a week.

4.4. Assessment of Hsp70 Content of the Tumor Cells

The Hsp70 membrane phenotype of the cells was assessed by flow cytometry. Single cell
suspensions of tumor cell lines were incubated with fluorescein-isothiocyanate (FITC)-conjugated
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cmHsp70.1 mAb for 30 min on ice. As controls, conjugation of an IgG1 isotype-matched antibody was
done. After washing and adding propidium-iodide (PI) for life and dead discrimination, binding of
antibodies was measured using a FACSCalibur instrument (BD Biosciences, Heidelberg, Germany).
Data were analyzed using CellQuest Pro 6.0 software. Only PI-negative, viable cells were analyzed.
To determine the membrane Hsp70 status of tumors grown in vivo, single cell suspension of freshly
dissected tumors was generated by combined chopping and trypsin treatment of the tumors. Here,
anti-mouse CD45 APC antibody was added to cmHsp70.1-FITC to distinguish tumor cells from
mononuclear blood cells and infiltrated macrophages.

In-cell ELISA was performed, as described previously [21]. Briefly, cells grown in chamber
slides were fixed with DAKO Fix & Perm kit (DAKO, Jena, Germany) and cellular membranes were
permeabilized and incubated with cmHsp70.1-FITC antibody. Following microscopy with comparable
settings, quantification of fluorescence signal was determined on the mean signal intensity values by
ImageJ 1.52a image analysis software.

Quantification of the Hsp70 content was confirmed by an Hsp70 sandwich ELISA, as described
elsewhere [33]. Shortly, after determination of the cell count, cells were lysed by incubation in
Tris-HCl-based buffer containing 1% Triton-X100 and SDS. After centrifugation, the Hsp70 concentration
in the supernatant was measured by total Hsp70 ELISA kit (R&D systems, Minneapolis, MN, USA) as
described by the manufacturer. Each supernatant sample was measured in duplicates.

4.5. Animals

All animal procedures and their care were conducted in conformity with national and international
guidelines (EU 2010/63) with approval from the local authorities of the Government of Upper Bavaria
and ethical committee of Pavlov First Saint Petersburg State Medical University (St. Petersburg, Russia)
(2015/068) and supervised by respective animal care and use committees. Animals were housed in
standard animal rooms in individually ventilated cage systems (IVS Techniplast, Buggugiate, Italy)
under specific pathogen-free conditions with free access to water and standard laboratory chow
ad libitum. In total, 6 female Balb/c mice (aged 10–14 weeks, Charles River Laboratories, Sulzfeld,
Germany) were used. Induction of subcutaneous tumors was done under inhalation anesthesia
(1.8% isoflurane with medical O2) by injection of 5 × 105 CT26 cells subcutaneously in the neck area
or of 5 × 105 4T1 cells orthotopically in the 4th mammary fat pad. When tumors reached a size of
200 mm3, AuNPs were intravenously injected using standard procedures. In total, 5 mg unconjugated,
IgG1-, or cmHsp70.1-AuNPs, suspended in phosphate buffered saline, were injected in a consecutive
pattern of two times 2.5 mg per day within 48 h. Another 24 h after the second application, mice were
euthanized under deep anesthesia, fixed in 4% neutral-buffered formalin for 5 days, and stored in 70%
ethanol for further analysis.

4.6. Bright Field Microscopy

For light microscopy, cells were grown in 8-well chamber slides (NUNC-Nalgene; Thermo Fisher
Scientific, Pittsburgh, PA, USA) at a concentration of 10,000 cells per well. Upon adherence, cells were
incubated with AuNPs at a nontoxic concentration of 1 μg/mL. Cellular uptake of AuNPs or quantum
dots of the same size were analyzed with a Zeiss Observer Z1 (Zeiss, Germany).

4.7. Transmission Electron Microscopy

Cells were co-incubated with functionalized and non-conjugated AuNPs (at a concentration
100 μg/mL) for 24 h. Following, incubation cells were washed with PBS, fixed for 1 h at 4 ◦C in
2.5% glutaraldehyde in 0.1 M cacodylate buffer (pH = 7.4), postfixed in 1% aqueous OsO4 (for 1 h),
dehydrated, and embedded in Araldite-Epon mixture. Sections were assessed employing Zeiss Libra
120 electron microscope (Carl Zeiss, Germany).
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4.8. Histology and Immunohistochemistry

Tumors and organs were either dissected following whole-body fixation of mice or fixed in
3.7% neutral-buffered formaldehyde and embedded in paraffin. Two-μm sections of the organs
and tumors were prepared, and the morphology was visualized by standard H&E staining.
For immunohistochemistry, the activity of the endogenous peroxidase was blocked with 1% hydrogen
peroxide and 0.1% sodium azide. After antigen retrieval in citric acid buffer (pH 6) at 100 ◦C,
sections were incubated with anti-Hsp70 antibody cmHsp70.1, followed by horse radish peroxidas
(HRP)-labelled secondary rabbit anti-mouse antibody (Dako, Jena, Germany). Diaminobenzidine
(Dako) was used as a chromogen. Sections were counterstained with 1% Mayer’s hematoxylin.
To visualize the AuNPs by light microscopy, silver-enhancement staining was used according to
the manufacturers’ protocol (Sigma-Aldrich, Darmstadt, Germany), followed by counterstaining of
the nuclei with 0.1% Nuclear Fast Red solution (Morphisto, Frankfurt a.M., Germany). Slides were
digitalized with a digital slide scanner (AT2, Leica, Wetzlar, Germany).

4.9. Spectral-CT Imaging and Image Acquisition

Spectral CT images were acquired at a Philips spectral CT scanner, as described before [18]. Briefly,
a preclinical spectral photon-counting CT system (Philips Healthcare, Hamburg, Germany) was used
to obtain axial scans over 360 ◦ at a beam voltage of 100 kVp. For optimal discrimination of the signals
of AuNPs, a threshold was set at the k-edge energy of gold.

4.10. Spectral CT Image-Based Gold Quantification

Osirix® MD v10.0.5 software (Pixmeo SARL, Bern, Switzerland) was used for analysis.
Mean background was measured from several ROIs in the spleen. Gold amounts were calculated over
the whole tumor volume (μg gold/mm3).

4.11. Deep Learning-Based Quantification of AuNP Histology

The biodistribution of silver-stained AuNPs in histological slides was assessed with the help
of a deep neural network. Regions of interest in each slide were defined via manual delineation.
Slides were subdivided into smaller, slightly overlapping patches of 1000 × 1000 pixels to meet
memory constraints. In a first preliminary step, AuNP concentrations were segmented with the help
of color-channel-specific dynamic thresholding and morphological operations (opening and closing
with fixed kernels). Parameters were manually tuned to optimize results for the majority of slides. In a
second step, the best resulting binary masks were manually selected and partially manually corrected.
In a third step, a deep neural network was trained to segment AuNP concentrations on this basis. In
a final step, the trained network was used to derive segmentations of AuNP concentrations for all
slide patches. A k-fold rotation of data splits was applied so that the network yields segmentations on
data samples that were not used for training, ensuring that the segmentation represents the result of
the learned task rather than replicates the threshold-derived training data. This procedure yielded
substantially more accurate and consistent segmentations of AuNP concentrations as compared to
the preliminary thresholding procedure. Subsequent re-concatenation of slightly overlapping slide
patches ruled out boundary effects and double counting. In a postprocessing step, all individual
AuNP concentrations were identified via connected-component analysis, allowing to assess their
individual sizes.

The deep neural network follows a U-net like architecture and consists of 4 levels of en- and
decoding units. Each layer of encoding units doubles the number of feature channels, starting from 16
and ending at 265 at the deepest [16] level. The network was trained for 10 epochs on a training set of
ca. 5000 patches. Details of architecture, implementation, and training procedure follow a previously
described protocol [34].
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5. Conclusions

Herein, we show that the visualization of tumor cells with AuNPs by addressing membrane
Hsp70 is feasible. We present data showing a superior uptake of cmHsp70.1-AuNPs inside
Hsp70 membrane-positive tumor cells. Inside the tumor cells, these particles accumulated
in the perinuclear region within 24 h. The Hsp70 specificity was shown since unconjugated
nanoparticles and nanoparticles conjugated with an irrelevant control antibody were not taken
up into Hsp70 membrane-positive tumor cells. Furthermore, Hsp70 knockout tumor cells that
do not express Hsp70 in the cytosol and on the plasma membrane showed no uptake of the
cmHsp70.1-conjugated nanoparticles [16]. Quantification of the internalized cmHsp70.1-conjugated
AuNPs reveals a high sensitivity for the detection of single cells. Experiments are ongoing to study the
capability of cmHsp70.1-AuNPs for spectral CT imaging of further Hsp70 membrane-positive and
negative tumor models and whether these NPs can be exploited for therapeutic approaches. In the
future, these antibody-conjugated AuNPs might be useful for the diagnosis of tumors and for
radiotherapeutic interventions.
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Appendix A

Figure A1. Size distribution of cmHsp70.1-AuNPs after 2 weeks at 4 ◦C: Size distribution is given in
size by number histogram.
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Figure A2. Size distribution of recombinant Hsp70 (upper panel) as well as IgG1-AuNPs (middle
panel) and cmHsp70.1-AuNPs (lower panel) following incubation with recombinant Hsp70 for 4 h:
Size distribution is given in size by number histograms.
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Abstract: Objectives: (1.1) to evaluate the association between baseline 18F-FDG PET/CT
semi-quantitative parameters of the primary lesion with progression free survival (PFS), overall
survival (OS) and response to immunotherapy, in advanced non-small cell lung carcinoma (NSCLC)
patients eligible for immunotherapy; (1.2) to evaluate the application of radiomics analysis of the
primary lesion to identify features predictive of response to immunotherapy; (1.3) to evaluate if tumor
burden assessed by 18F-FDG PET/CT (N and M factors) is associated with PFS and OS. Materials and
Methods: we retrospectively analyzed clinical records of advanced NCSLC patients (stage IIIb/c or
stage IV) candidate to immunotherapy who performed 18F-FDG PET/CT before treatment to stage the
disease. Fifty-seven (57) patients were included in the analysis (F:M 17:40; median age = 69 years old).
Notably, 38/57 of patients had adenocarcinoma (AC), 10/57 squamous cell carcinoma (SCC) and 9/57
were not otherwise specified (NOS). Overall, 47.4% patients were stage IVA, 42.1% IVB and 8.8% IIIB.
Immunotherapy was performed as front-line therapy in 42/57 patients and as second line therapy after
chemotherapy platinum-based in 15/57. The median follow up after starting immunotherapy was
10 months (range: 1.5–68.6). Therapy response was assessed by RECIST 1.1 criteria (CT evaluation
every 4 cycles of therapy) in 48/57 patients or when not feasible by clinical and laboratory data
(fast disease progression or worsening of patient clinical condition in nine patients). Radiomics
analysis was performed by applying regions of interest (ROIs) of the primary tumor delineated
manually by two operators and semi-automatically applying a threshold at 40% of SUVmax. Results:
(1.1) metabolic tumor volume (MTV) (p = 0.028) and total lesion glycolysis (TLG) (p = 0.035) were
significantly associated with progressive vs. non-progressive disease status. Patients with higher
values of MTV and TLG had higher probability of disease progression, compared to those patients
presenting with lower values. SUVmax did not show correlation with PD status, PFS and OS. MTV
(p = 0.027) and TLG (p = 0.022) also resulted in being significantly different among PR, SD and PD
groups, while SUVmax was confirmed to not be associated with response to therapy (p = 0.427).
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(1.2) We observed the association of several radiomics features with PD status. Namely, patients
with high tumor volume, TLG and heterogeneity expressed by “skewness” and “kurtosis” had a
higher probability of failing immunotherapy. (1.3) M status at 18F-FDG PET/CT was significantly
associated with PFS (p = 0.002) and OS (p = 0.049). No significant associations were observed for N
status. Conclusions: 18F-FDG PET/CT performed before the start of immunotherapy might be an
important prognostic tool able to predict the disease progression and response to immunotherapy in
patients with advanced NSCLC, since MTV, TLG and radiomics features (volume and heterogeneity)
are associated with disease progression.

Keywords: PET/CT; immunotherapy; PD-1; PD-L1; response to therapy; NSCLC

1. Introduction

Lung cancer remains the leading cause of cancer-related death, despite continuous progresses
in diagnosis and therapy [1]. Non-small cell lung carcinoma (NSCLC) accounts for 80–85% of all
cases of lung cancer [1]. In almost half of the patients, the diagnosis of NSCLC is performed when
the disease is already in advanced stages (stage III or stage IV), having an estimated overall 5-year
survival rate of 18% [2]. In more than half of patients, the diagnosis of NSCLC is performed when
the disease is already in advanced stage with an estimated overall 5-year survival rate of 18% [2,3].
Platinum-based chemotherapy can improve outcome, but the rise of immunotherapy has changed
this scenario. Multiple molecules targeting the programmed cell death-1 (PD-1) and the programmed
death ligand-1 (PD-L1) axis have been proposed [3]. Different immune checkpoint inhibitors have been
approved in the second line setting on the basis of an improving in overall survival (OS) compared to
chemotherapy, irrespective to PDL1 expression or with a PD-L1 expression ≥1% for pembrolizumab.
Pembrolizumab has also been approved as first-line treatment for advanced NSCLC with PD-L1 higher
than 50%, given the significant increase in both progression free survival (PFS) (10.3 versus 6 months)
and OS (30 vs. 14.2 months) compared to chemotherapy [3,4]. Moreover, combination strategies of
chemo-immunotherapy have recently enriched the upfront therapy approach. However, the benefit
with immunotherapy is not seen for the entire population, making the identification of biomarkers and
predicting tools a critical step in selecting the ideal candidate population. In NSCLC adenocarcinoma,
platinum chemotherapy, plus pemetexered and pembrolizumab, reached a disease control rate of 84.6%,
while it was 70.4% for chemotherapy only [5]. However, approximately 15% of positive PD-L1 patients
will have disease progression within two months and a median survival of only three months [4].
The inter-patient, inter-tumour and even intra-tumour heterogeneity seem to be the major reasons of
such a large prognosis variability, representing a key challenge for the scientific community. In this
scenario, the application of new generation image analysis, such as radiomics, might provide further
and useful information [6].

Radiomics is an emerging field, defined as the high-throughput extraction of quantitative
features from medical images [6,7]. This approach provides high-dimensional data describing the
properties of shape and texture of tumors captured in different diagnostic procedures, including PET
imaging. The radiomics features are believed to contain information that reflects underlying tumor
pathophysiology and allow evaluation of tumor heterogeneity [6,7]. The primary goal of radiomics is to
build a clinically relevant predictive, descriptive, or prognostic model using these parameters. Focusing
on the relationship between quantitative biological features and cancer prognosis by non-invasive
method and aiding clinicians in selecting the appropriate treatments, radiomics is considered a step
toward the application of personalized medicine in routine practice. In this respect, NSCLC is a key
example to show the advantages of a tailored approach [8,9].
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2. Materials and Methods

2.1. Objectives

The objectives of this study were:
(1.1) to evaluate the association between 18F-FDG PET/CT baseline semi-quantitative parameters

of the primary lesion in advanced NSCLC patients eligible for immunotherapy with patient’s outcome
(PFS and OS) and response to immunotherapy,

(1.2) to evaluate the application of radiomics analysis of the primary lesion for texture analysis to
extract characteristics (quantitative biomarkers) from PET/CT images to represent tumor pathology or
heterogeneity (phenotype),

(1.3) to evaluate if tumor burden assessed by 18F-FDG PET/CT, as nodal (N) and metastatic (M)
status, is associated with PFS and OS.

2.2. Study Design and Inclusion Criteria

This is a retrospective, observational study approved by the ethical committee A.O.U. Città
della Salute e della Scienza di Torino (IRB number: 0011604; code: IMMUNO PET-19). We analyzed
the records and clinical/pathological characteristics of patients referred to Pulmonary Oncology
Department, San Luigi Gonzaga Hospital, University of Turin. Eligible patients matched all the
following inclusion criteria: (a) biopsy proven advanced NSCLC (stage IIIb/c or stage IV); (b) candidate
to immunotherapy targeting the PD-1 or PD-L1; (c) 18F-FDG PET/CT performed at baseline, during
the diagnostic work-up, within the start of immunotherapy. Patients with missing data and lost
follow-up were excluded from the analysis. Compliance with ethical standards: Ethical approval for
all procedures performed in studies involving human participants was in accordance with the ethical
standards of the institutional and/or national research committee and with the principles of the 1964
Declaration of Helsinki and its later amendments or comparable ethical standards. Informed consent
and local ethical committee approval: informed consent form (ICF) was obtained from all individual
participants enrolled in this retrospective analysis. ICF has been provided.

2.3. 18F-FDG PET/CT Image Acquisition and Interpretation

Here, 18F-FDG PET/CT were performed with a standard protocol. Patients were instructed to fast
for at least 6 h before the scan, and blood glucose levels were measured before the injection of 18F-FDG.
Patients were excluded if their blood glucose levels at the time of the scans exceeded 150 mg/dL.
Patient protocol included the intravenous injection of 2.5–3 MBq/kg of 18F-FDG, up to a maximum
of 370 MBq (10 mCi), followed by a 60-min uptake period. All patients underwent PET/CT scan in a
dedicated tomograph: AOU Città della Salute e della Scienza and IRCSS Istituto di Candiolo (Philips
Gemini Dual-slice EXP, Philips Medical Systems, Cleveland, OH, USA)); Affidea-IRMET (Discovery
610, GE Healthcare, Chicago, IL, USA). An attenuation-corrected whole-body scan (base of the skull to
mid thighs), 2 to 2.5 min per bed position (with an axial field-of-view of 18 cm per bed position), starting
60 min after tracer injection, was acquired. All patients performed a low-dose CT for attenuation
correction and anatomical correlation of PET findings. The tomographs results were validated for a
proper quantification and quality of the images recorded. The PET scans were reconstructed by ordered
subset expectation maximization (OSEM)-based algorithms. All PET/CT images were analyzed with
dedicated workstation (Advantage; GE Healthcare) and were independently interpreted with central
reading by two nuclear medicine physicians, aware of clinical data.

2.4. PET Semi-Quantitative Parameters and Radiomics Analysis

Semi-quantitative PET parameters and radiomics features of the primary lesion were extracted
using the open-access LIFEx platform v5.1 (IMIV/CEA, Orsay, France) [10]. For each primary lesion
were evaluated PET semi-quantitative parameters, including maximum standardized uptake value
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(SUVmax), metabolic tumor volume (MTV) and total lesion glycolysis (TLG). The delineation of each
primary lung lesion was performed manually, slice-by-slice, independently by two expert operators.
Region of interest (ROI) with a threshold at 40% of SUVmax was also applied. MTV represents the
volume of the above given ROIs. 3D ROIs based on percentage of SUVmax were applied (3D isocontour
at 41% of the maximum pixel value [VOI41]). TLG was calculated as the product of the ROI average
SUVmean multiplied by the corresponding MTV. In the longitudinal setting, the quantitative metrics
described above were derived using the same approach for all PET/CT examinations in the same
patient. Radiomics features were extracted from each of the two ROIs. The following radiomics
features were analyzed: size and shape based–features such as volume, maximum diameter along
different orthogonal directions, maximum surface, tumor compactness, and sphericity; first-order
statistics features reporting the mean, median, maximum, minimum values of the voxel intensities on
the image, as well as their skewness (asymmetry), kurtosis (flatness), uniformity, and randomness
(entropy) and second-order statistics features include the so-called textural features. Lymph node and
systemic metastasis were evaluated and grouped as N and M status.

2.5. Evaluation of the Response to Immunotherapy

Therapy response was routinely assessed by CT evaluation every 4 cycles of therapy and
by clinical/laboratory evaluation. The diagnostic assessment of response to immunotherapy was
performed with response evaluation criteria in solid tumors (RECIST) 1.1 criteria. Complete response
(CR) was the disappearance of the primary tumor, partial response (PR) was a decrease of 30% or more
in the longest diameter of the primary tumor, progressive disease (PD) was an increase of 20% or more
in the longest diameter of the primary tumor, and stable disease (SD) was noted in patients whose
tumors did not show either sufficient shrinkage to qualify for PR or a sufficient increase to qualify
for PD [11,12]. When CT evaluation was not feasible for fast disease progression or the worsening of
patient clinical condition, the response to immunotherapy was performed by clinical and laboratory
evaluation only.

2.6. Outcome Measurements and Statistical Analysis

Demographic and baseline disease characteristics were recorded, censoring the times of observation
on July 2019, at a median follow-up of 10 months (IQR 6–14 months). The primary endpoint was PFS,
while the secondary one was OS. PFS was defined as the time from the start of immunotherapy to
progression/death for any cause. OS was defined as the time from the start of immunotherapy to death
as a result of any cause; patients still alive were censored at the date of last contact. The response to
immunotherapy was assessed considering both clinical follow-up and RECIST 1.1 criteria.

Patient characteristics were compared using the Fisher’s exact test for categorical variables and
the Mann–Whitney test for continuous ones. PFS and OS curves were estimated by the Kaplan–Meier
method, comparing the two arms by the log-rank test and calculating 95% CIs. All p-values were
obtained by 2-sided exact method at the conventional 5% significance level. All statistical analyses
were performed in R 3.6.1.

Considering the radiomics analysis, univariate analysis with Kruskal–Wallis test was performed
for each variable (histology, PDL-1 expression, disease stage, progression and response to
therapy). The intraclass correlation coefficient (ICC) was used to assess intra- (by observer 1)
and inter-observer (by observers 1 and 2) differences in texture and evaluate the reproducibility of
textural parameters. The ICC was also used to assess differences in texture between manual and
semi-automatic segmentation.
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3. Results

3.1. Population Characteristics

Fifty-seven patients have been retrospectively enrolled: 17 females and 40 males, with a median age
of 69 years old (range 39–84 years old). Three out of 57 patients were non-smokers, 33/57 were former
smokers, while 21/57 were current smokers. Sixty-six percent (38/57) of patients had adenocarcinoma
(AC), 17.5% (10/57) squamous cell carcinoma (SCC) and 15.7% (9/57) were not otherwise specified
(NOS). According to the 8th Edition of TNM in Lung Cancer (8), about half of the patients (47.4%)
were stage IVa, 42.1% were IVb and 8.8% of patients were IIIb. The Eastern Cooperative Oncology
Group, performance status (ECOG PS) was 0 in 20/57 patients, 1 in 35/57 and two patients had an
ECOG PS of 2. All patients were wildtype (no EGFR mutations, no ALK rearrangements detected).
The PD-L1 expression on the bioptic specimen was evaluated in 51/57 patients. Notably, 80.4% of
patients (41/51) presented a PD-L1 expression higher than 50%, 7.8% (4/51) between 1 and 49% and
11.8% (6/51) patients lower than 1%. All patients’ characteristics are listed in Table 1.

Table 1. Overall population (n = 57) characteristics.

Characteristics Value

Age Median 69 years old (range 39–84)

Sex
Male 40/57 (70.2%)

Female 17/57 (29.8%)

Smoking Status
Non-smoker 3/57 (5.3%)
Ex-smoker 33/57 (57.9%)

Current smoker 21/57 (36.8%)

Histological Variant
Adenocarcinoma 38/57 (66.6%)

Squamous cell carcinoma 10/57 (17.5%)
NOS 9/57 (15.7%)

ECOG PS
0 20/57 (35.1%)
1 35/57 (61.4%)
2 2/57 (3.5%)

Stage at Diagnosis
IB 1/57 (1.75%)
IIB 1/57 (1.75%)

IIIA 5/57 (8.8%)
IIIB 7/57 (12.3%)
IIIC 1/57 (1.7%)
IVA 26/57 (45.6%)
IVB 16/57 (28.1%)

Stage before IO
IIIB 6/57 (8.8%)
IVA 27/57 (47.4%)
IVB 24/57 (42.1%)

PD-L1 expression analysis
Not Performed 6/57 (10.5%)

<1% 6/57 (10.5%)
1–49% 4/57 (7.0%)
>50% 41/57 (72.0%)

Immunotherapy
First line IO 42/57 (73.7%)

Second line IO 15/57 (26.3%)

NOS: Not Otherwise Specified; ECOG PS: Eastern Cooperative Oncology Group Performance Status; IO:
Immuno-Oncology therapy.
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3.2. Immunotherapy Scheme

Treatment was decided by referent physicians considering tumor histology, PD-L1 expression and
patients’ risk factors. Immunotherapy was performed as a frontline therapy in 42/57 (73.7%) patients
and as a second line therapy after chemotherapy in 15/57 (26.3%) patients. The formers were all treated
with Pembrolizumab after the assessment of PD-L1 expression higher than 50%. The latter were treated
with Pembrolizumab in 5 cases, Nivolumab in 5 cases and Atezolizumab in 5 cases as well. Of these
15 cases treated with immunotherapy as second line, 8 patients received platinum + pemetrexed,
5 patients platinum + gemcitabine and 2 patients platinum + docetaxel. Six out of fifteen patients
underwent surgery on the primary lesion before starting immunotherapy. Pembrolizumab, nivolumab
and atezolizumab were administered intravenously at the standard dose.

3.3. Follow-Up and Therapy Response to Immunotherapy

The median follow-up was 10 months (range 1.5–68.6; IQR 6–14 months). Forty percent (23/57)
of patients died from cancer-related causes, while 59.6% (34/57) were alive with evidence of disease.
At the last follow-up, 30 patients were PD, 19 were SD and 8 were PR. No CR was observed. Thirty
patients (52.6%) experienced disease progression during therapy. Among patients with progressive
disease, 21 had the appearance of new lesions on CT performed as part of monitoring therapy response
(RECIST 1.1). In 9 cases, CT evaluation was not feasible (fast disease progression or worsening of
patient clinical condition) and disease progression was observed by clinical and laboratory evaluation.

Four patients experienced immunotherapy-induced toxicity (skin reaction, cough and rising liver
enzymes) and four patients experienced acute events (transient ischemic attack, pneumonia and acute
respiratory failure).

Immunotherapy was suspended in 30/57 patients. The causes of suspension were: progression
(clinical and/or radiological) of disease in 27 cases assessed through CT and/or clinical evaluation,
severe toxicity in 2 cases and death in 1 case. In 25/57 patients, immunotherapy was ongoing at the
time of the last follow-up. The median number of cycles of therapy was 7 (mean = 11; range 1–69).

3.4. 18F-FDG PET/CT Findings

First, 18F-FDG PET/CT was performed as routine diagnostic procedure to stage the disease before
the start of immunotherapy. The median time from PET/CT and the start of immunotherapy was 37
days (mean = 45; range 4–133 days). All primary tumors, observed in the 51/57 patients who did not
receive surgery and/or radiation therapy with radical intent, exhibited increased FDG uptake.

Twenty-two patients were N0, while 35/57 had positive lymph nodes (N+). In details, 10 were
N1 (ipsilateral peribronchial and/or hilar and intrapulmonary), 12 patients were N2 (ipsilateral
mediastinal and/or subcarinal nodes), and 13 patients were N3 (contralateral mediastinal or hilar
nodes or supraclavicular nodes). Systemic metastases were seen in 34/57 patients, while 23 patients
were staged as M0. 18F-FDG PET/CT observed adrenal metastases in 10 cases, contralateral lung
nodules in 9, bone metastases in 9, liver lesions in 6, pleural involvement or malignant effusion in 5,
extra-pulmonary lymph nodes in 2, soft tissue localization in 2 cases and 1 mesenterial nodule. Eleven
patients were classified as M1a (contralateral lung or pleural/pericardial nodule or effusion), six were
M1b (single extra-thoracic metastasis) and seventeen were M1c (multiple extra-thoracic metastases).

3.5. PET Semi-Quantitative Parameters Analysis (Objective 1.1)

The values of baseline 18F-FDG PET/CT semi-quantitative parameters of the primary lesion are
listed in Table 2. At the Mann–Whitney test, MTV (p = 0.028) and TLG (p = 0.035) were significantly
associated with progressive vs. non-progressive disease status (Table 3). Patients with higher values
of MTV and TLG of the primary lesion at the baseline PET/CT had higher probability of disease
progression, compared to those patients presenting with lower values. SUVmax values did not show
significant association between the two groups (PD vs. non-PD patients) (p= 0.55). In the Kaplan–Meier
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plot analysis, the variables resulted associated with PD vs. non-PD status (MTV and TLG) were
compared with PFS and OS (Figure 1). MTV and TLG were stratified according to the median value:
upper and lower median value (MTV = 74.1 ml3; TLG = 310.8). Kaplan–Meier curves showed a trend
to predict disease progression among patients with MTV and TLG lower or higher the median values.
However, the log rank test of the two curves showed them not to be significantly different (Figure 1).
In patients with MTV and TLG upper median values, PFS was 5 months, while OS was 15 months.
In patients with MTV and TLG lower median values, PFS and OS were not reached (minimum 50% of
events at last follow-up not reached).

Table 2. In this table; 18F-FDG PET/CT semi-quantitative parameters: SUVmax, metabolic tumor
volume (MTV) and total lesion glycolysis (TLG) values.

PET Parameters Minimum Percentile 25 Median Percentile 75 Maximum

SUVmax (g/mL) 1.4 5.8 9.5 13.5 30.5
MTV (mL3) 3.1 36.7 74.1 163.3 695.2

TLG 2.8 87.3 310.8 852.9 4639.8

Table 3. SUVmax, MTV and TLG values among patients with progressive (PD) and non-progressive
(non-PD) disease.

Associations Between Baseline PET Parameters and PD vs. non-PD

PET Parameters Status Minimum Percentile 25 Median Percentile 75 Maximum p Value

SUVmax (g/mL) PD 2.5 5.8 11.5 13.6 30.5
0.55non-PD 1.4 5.9 9.3 13.4 28.9

MTV (mL3)
PD 3.1 47.0 124.4 203.1 695.2

0.028non-PD 3.1 19.7 57.4 86.6 548.5

TLG
PD 4.5 165.9 536.1 988.1 2820.3

0.035non-PD 2.8 55.0 205.8 417.8 4639.8

In the Kruskal–Wallis test, MTV (p = 0.027) and TLG (p = 0.022) resulted in being significantly
different among PR, SD and PD groups (Table 4). SUVmax was confirmed to not be associated with
response to therapy criteria (p = 0.427) (Table 4).

Table 4. Association of MTV and TLG with response to immunotherapy, as assessed by response
evaluation criteria in solid tumors (RECIST) 1.1 criteria and clinical follow-up.

PET Parameters
Associations Between Baseline PET Parameters and Response to Immunotherapy

Status Minimum Percentile 25 Median Percentile 75 Maximum p Value

SUVmax (g/mL)
PR 1.4 5.8 8.8 13.2 15.3

0.427SD 5.7 9.2 11.9 15.0 28.9
PD 2.5 6.4 10.7 13.5 30.5

MTV (mL3)
PR 3.1 15.3 49.5 79.6 173.9

0.027SD 26.9 72.2 75.0 375.9 548.5
PD 3.1 44.3 124.3 202.6 695.2

TLG
PR 2.8 30.4 139.3 251.3 865.6

0.022SD 83.4 310.8 417.8 852.9 4639.8
PD 4.5 151.3 440.8 979.9 2820.3
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Figure 1. Kaplan–Meier plot analysis for MTV and TLG with both progression free survival (PFS) and
overall survival (OS). Population was grouped by the median value of MTV (74.1) and TLG (310.8).

3.6. Radiomics Analysis (Objective 1.2)

The intraclass correlation coefficient (ICC) analysis of the texture parameters of the primary
lesion, based on two different delineations generated by two observers, showed that all parameters
presented good reproducibility (ICC > 0.95), except for GLZLM_SZLGE (ICC = 0.37). However,
when applying a semi-automatic segmentation (threshold = 40% of the SUVmax), only 8 features
showed good reproducibility (SUVmax, sphericity, two first-order statistics features and 4 textural
features. ICC > 0.95). The univariate analysis with the Kruskal–Wallis test was performed for the
following variables: histology, PDL-1 expression, disease stage, progression and response to therapy.

Histological variants: the only feature associated with different histological subtypes was SUVmax
(Figure 2). Namely, SCC showed higher SUVmax values than AC and NOS subtype.

PD-L1 expression: several features (including SUVmax, volume, busyness, coarseness,
GLZML_ZLNU and GLZML_GLNU) resulted in being significantly different between patients with
PD-L1 expression lower than 1%, between 1% and 49% and higher than 50%. Considering the
semi-automatic ROIs, only two features (coarseness and GLZLM_ZLNU) maintained the statistical
correlation (Figure 3).

Disease stage: radiomics features did not show significant difference between IIIb, IVa and IVb
patients at both manual and semi-automatic segmentation.
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Figure 2. Box plot of SUVmax values showing differences between histological subtypes.

Figure 3. Box plots of radiomics features (coarseness and GLZLM_ZLNU) showing correlation with
PD-L1 expression.

Progression status: several features showed differences between PD vs. non-PD patients, such as
volume (p= 0.035), TLG (p= 0.037), three first-order histograms-based features (kurtosis, excess-kurtosis
and skewness) and six textural features (GLZLM_LZE, GLRLM_RP, GLRLM_SRE, GLRLM_HGRE,
GLRLM_SRHGE and GLCM Homogeneity) (Figure 4). GLZLM represents the grey-level zone length
matrix and provides information on the size of homogeneous zones for each grey-level in 3 dimensions.
GLZLM_LZE is the distribution of long homogeneous zones in an image. GLRLM represents the size
of homogeneous runs for each grey level. “Run” means the presence of elements in the image with the
same gray-level on in a row/line. GLCM_homogeneity considers the arrangements of pairs of voxels
to calculate textural indices and represents the homogeneity of grey-level voxel pairs.
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Figure 4. Box plots of radiomics features correlated with progressive (PD) vs. non-progressive disease
status (non-PD).

Accordingly, patients with primary lung tumor presenting with higher TLG value, higher volume,
higher asymmetry and kurtosis had higher probability to progress.

Response to therapy: TLG, volume and two textural features showed a significant difference
between PR, SD and PD patients at both manual and semiautomatic evaluation.

3.7. Tumor Burden Analysis (Objective 1.3)

In the Kaplan–Meier plot analysis, M status (M0, M1a, M1b, M1c) as assessed by 18F-FDG PET/CT
was significantly associated with PFS (p = 0.002) and OS (p = 0.049). Namely, patients with no visible
metastases at PET/CT had significantly better outcome compared with those patients presenting with
FDG avid metastases. No significant associations were observed for N status (N0, N1, N2, N3) as
assessed by 18F-FDG PET/CT and PFS or OS. (Figure 5).
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Figure 5. Kaplan–Meier plot analysis for N status (N0, N1, N2, N3) and M status (M0, M1a, M1b, M1c)
with PFS and OS.

4. Discussion

Over the past decade 18F-FDG PET/CT demonstrated to be a powerful tool for staging and assessing
treatment response in patients suffering from NSCLC [13,14]. Even if PET/CT is widely used in this
clinical scenario, limited data are currently available regarding the role of PET/CT semi-quantitative
parameters as predictors of patient outcome [15,16]. Findings are generally heterogeneous and this
variability might be probably related to the heterogeneity of the population enrolled. Furthermore,
the association of semi-quantitative parameters with patients’ outcome can be related to the clinical
stage of the disease (locally vs. advanced disease) and to the therapy investigated (chemo-radiotherapy
vs. biological therapy) [15–18]. At present, SUV values, MTV and TLG are the PET-derived parameters
used to assess the tumor metabolic activity in NSCLC [18]. MTV and TLG can easily be calculated in the
primary tumor by means of a segmentation technique. The manual or semi-automatic measurement of
the pre-treatment MTV has been shown to be better than SUVmax for predicting patients’ prognosis in
different solid neoplasms such as head and neck cancer, with or without metastases [19,20].

Our study aimed to investigate the relationship between the functional tumor parameters at
baseline (SUVmax, MTV, and TLG) and PFS and OS in patients with advanced NSCLC, presenting
with stage IIIB, IIIC, IVa and IVb, for whom immunotherapy was shortly planned. A significant
association of MTV and TLG of the primary lesions with PD was observed, since lower MTV and TLG
values were associated with non-PD status; while, on the contrary, primary lesions presenting with
higher values were more likely associated with the progression of the disease during immunotherapy.
On the contrary, SUVmax did not show significant association with both PFS and OS. These results are
in accordance with recent studies, suggesting a superior correlation of volumetric 18F-FDG PET/CT
parameters, rather than SUVmax only [7,9,21,22]. However, despite the fact that in the Kaplan–Meier
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analysis, MTV and TLG showed a trend in predicting disease progression, the curves associated with
PFS and OS were not statistically significant. This is probably due to the relatively small sample size
and the limited number of events that occurred.

Grizzi et al., in a preliminary analysis on 27 patients with NSCLC, found an antithetical correlation
between 18F-FDG PET/CT pre-treatment parameters and the response to immunotherapy. Authors
observed a rapid progression of disease after 8 weeks from the start of immunotherapy in patients with
a SUVmax up to 17.1 and a SUVmean up to 8.3, with a sensitivity of 88.9% and 100%, respectively [23].
Similarly, Evangelista et al. investigated the role of semi-quantitative 18F-FDG PET/CT parameters
in NSCLC treated with Nivolumab. Authors observed an association between the sum of metabolic
parameters of all lesions and PD status, with SUVmax having the strongest association [24]. Their data
seem to be in contrast with our analysis. However, authors considered all the lesions together as the
cumulative sum of all FDG deposits detected by PET/CT, while we specifically designed our study to
analyze semi-quantitative parameters of the primary lesion only, and we analyzed the correlation of
the tumor burden (N and M status assessed by 18F-FDG PET/CT) separately, with a dedicated objective
(objective 1.3). In our study, MTV and TLG were also significantly associated with immunotherapy
response. Patients with SD or PR had lower values of MTV and TLG compared to patients with PD.
No correlation was observed again between SUVmax values and response to therapy. Accordingly,
since MTV and TLG are parameters that accurately reflect the glycolytic metabolic status of a lesion and
thus the disease aggressiveness, 18F-FDG PET/CT might be considered as a prognostic tool to stratify
patients presenting with higher metabolic primary tumors that, most likely, will fail immunotherapy.
In our study, we also observed a significant association between the M status at 18F-FDG PET/CT
and PFS and OS. It is worth noting that 18F-FDG PET/CT offers the possibility of having a single-step
whole body examination that can clearly identify distant metastases and select NSCLC patients treated
with immunotherapy with a higher probability of experiencing rapid disease progression and poor
survival outcomes.

Immunotherapy has completely changed the prognosis and the care of patients with NSCLC.
However, the benefit with immunotherapy is not seen for the entire population, making the identification
of biomarkers a critical step in selecting the candidate population. Therefore, radiomics aims to identify
biomarkers that better predict patient response [25,26]. Radiomics has been investigated in various
studies to identify clinical and computational image-based predictors of rapid disease progression
phenotypes in NSCLC patients [7,27,28]. However, there are only few studies investigating the
application of this new field in patients with NSCLC treated with checkpoint-based immunotherapy
and most of them based radiomics analysis on CT images and enrolled heterogeneous population with
different primaries (e.g., lung and melanoma) [29,30]. Recently, Mu et al. presented promising data
and a novel methodological approach on the application of radiomics analysis in NSCLC treated with
immune checkpoint blockades. In their study, authors tested the hypothesis that radiomics features
from baseline pretreatment 18F-FDG PET/CT scans can predict the clinical outcomes of NSCLC patients
treated with checkpoint blockade immunotherapy. Among other findings, authors reported that when
investigating the informative components of multi-parametric radiomics signature (mp-RS) formula,
they found that multiple texture features (PET_SRLGE, KLD_SZE) positively correlated, suggesting
that the more heterogeneous tumors had a larger probability to have a durable clinical benefit (DCB).
These results are slightly in contrast with prior studies, which showed that more heterogeneous tumors
with CT textures had worse response to radiation or chemotherapy [31]. Our results were slightly
in contrast with Mu et al. [7] as well. In our study, the most interesting difference of features was
seen between patients with PD and patients with non-PD. Namely, patients with primary lung tumor
presenting with high TLG value, high volume and tumor heterogeneity represented by asymmetry
(skewness feature) and kurtosis (how heavily the tails of a distribution differ from the tails of a
normal distribution) had a higher probability of progression and were associated with non-response to
immunotherapy. However, differences in features extraction methodology and different endpoints
(DCB vs. PD) make these findings not completely comparable. Finally, segmentation is currently the
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rate-limiting step in radiomics analysis. To overcome this issue, in our study, the segmentation of the
ROIs was performed manually by two independent operators and semi-automatically, applying a
threshold of 40% of the SUVmax.

Limitation

This work is not exempt from limitations. The retrospective design of this analysis might have
probably affected population selection. A prospective design would probably offer the chance to recruit
a more homogenous population (e.g., same immunotherapy scheme, shorter range for PET scan before
immunotherapy, immunotherapy administrated as first-line). Namely, in our cohort, 26.3% of patients
received immunotherapy after platinum-based chemotherapy. However, the population enrolled
represents the typical cohort of patients generally referred to 18F-FDG PET/CT before immunotherapy
in daily clinical practice.

This analysis was performed in a relatively small sample size. A larger cohort would be preferable.
In our study, we observed an association of MTV and TLG with PD vs. non-PD status. Nevertheless,
this association was not maintained in the Kaplan–Meier analysis and, despite a non-negligible trend,
MTV and TLG were not statistically significantly associated with PFS. The limited number of events at
the end of follow-up, namely for patients with lower than median values for MTV and TLG, influenced
the correlation between these metabolic parameters and PFS and OS. It is probable that our statistical
model might rich significance in a larger cohort.

Another limitation is related to the lack of “early intermediate” PET performed while
immunotherapy was still on-going, in order to evaluate PET response to therapy. However, since the
role of PET imaging during immunotherapy is not yet established, 18F-FDG PET/CT is generally
performed in clinical practice at baseline only. Thus, none of the patients enrolled in our study
performed a second PET scan.

Considering radiomics analysis, the ideal setting would require a robust validation regarding
reconstruction and segmentation on different tomographs. In our analysis, despite similar 18F-FDG
PET/CT protocols and using the same reconstruction algorithm, the texture analysis was performed on
images derived by three different tomographs. A common issue with radiomics analysis is represented
by segmentation process (manual vs. automatic) and a comparison between the two approaches would
be preferable. However, to strengthen our analysis, we included two operators who independently
perform the segmentation. Furthermore, a threshold of 40% of SUVmax was also applied to both
operators’ ROI. Finally, in our study, segmentation was performed on PET images only, while low-dose
CT images were not segmented, and so not considered in our radiomics analysis.

5. Conclusions

According to our results, baseline 18F-FDG PET/CT performed before the start of immunotherapy
might be important, since it offers the chance to evaluate different quantitative parameters potentially
associated with different response to therapy in patients with advanced NSCLC. In our study,
and considering the limitations exposed above, MTV, TLG and radiomics features (volume and
heterogeneity) were associated with disease progression, while metastatic tumor stages assessed with
PET/CT were associated with different patients’ outcome.

These results, while far from definitive evidence, encouraged us to initiate a prospective trial
to investigate the role of radiomics features extracted from 18F-FDG PET/CT in NSCLC eligible
to immunotherapy.
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Tafreshi, A.; Cuffe, S.; et al. Pembrolizumab versus Chemotherapy for PD-L1-Positive Non-Small-Cell Lung
Cancer. N. Engl. J. Med. 2016, 375, 1823–1833. [CrossRef] [PubMed]

4. Mezquita, L.; Auclin, E.; Ferrara, R.; Charrier, M.; Remon, J.; Planchard, D.; Ponce, S.; Ares, L.P.; Leroy, L.;
Audigier-Valette, C.; et al. Association of the Lung Immune Prognostic Index with Immune Checkpoint
Inhibitor Outcomes in Patients with Advanced Non–Small Cell Lung Cancer. JAMA Oncol. 2018, 4, 351–357.
[CrossRef]

5. Paz-Ares, L.; Luft, A.; Vicente, D.; Tafreshi, A.; Gümüş, M.; Mazières, J.; Hermes, B.; Çay Şenler, F.; Csőszi, T.;
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Abstract: Tumor response in locally advanced cervical cancer (LACC) is generally evaluated with MRI
and PET, but this strategy is not supported by the literature. Therefore, we compared the diagnostic
performance of these two techniques in the response evaluation to concurrent chemoradiotherapy
(CCRT) in LACC. Patients with cervical cancer (CC) stage T2b treated with CCRT and submitted to
MRI and PET/CT before and after treatment were enrolled in the study. All clinical, pathological,
therapeutic, radiologic and follow-up data were collected and examined. The radiological response
was analyzed and compared to the follow-up data. Data of 40 patients with LACC were analyzed.
Agreement between MRI and PET/CT in the evaluation response to therapy was observed in 31/40
(77.5%) of cases. The agreement between MRI, PET/CT and follow-up data showed a Cohen kappa
coefficient of 0.59 (95% CI = 0.267–0.913) and of 0.84 (95% CI = 0.636–1.00), respectively. Considering
the evaluation of primary tumor response, PET/CT was correct in 97.5% of cases, and MRI in 92.5% of
cases; no false negative cases were observed. These results suggest the use of PET/CT as a unique
diagnostic imaging tool after CCRT, to correctly assess residual and progression disease.

Keywords: locally advanced cervical cancer; PET/CT; MRI; concurrent chemoradiotherapy; treatment
response; follow up

1. Introduction

Cervical carcinoma (CC) is the third commonest gynecological cancer in women worldwide [1,2].
In the past, CC was routinely staged with the clinical FIGO system but the new ESGO guidelines
introduced and recommended a TNM classification with a FIGO staging, too [3–5]. Early CC and
locally advanced CC (LACC) represent two different realities with distinct therapeutic approaches and
prognosis. Surgery is the preferred approach in the early stage while concurrent chemoradiation (CCRT)
is the standard treatment option in LACC [3,6–8]. The target of the external beam radiation therapy
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(EBRT) includes the pelvic lymph nodes, but the irradiation field can be extended to the common
iliac and para-aortic region in patients with nodal involvement [9,10]. The residual macroscopic
tumor is then boosted with brachytherapy (BRT). CCRT allows local control of the disease in 70%–80%
of patients, with 66% and 58% 5-year overall survival (OS) and disease-free survival (DFS) rates,
respectively [11,12]. Recurrences occur in 22%–41% of patients, mostly within the first two years after
the end of treatment. The recurrence site is more frequently loco-regional while distant metastases are
rare [13]. Treatment response is evaluated 3-6 months after the end of CCRT, clinically and by imaging
techniques [14]. Currently there is no agreement on the gold standard imaging technique to evaluate a
tumor’s response. Data in the literature are lacking and contradictory. MRI and PET/CT represent
the most used imaging techniques [15,16] with different purposes: the assessment of response in the
primary tumor (T) performed by MRI and assessment of response of the metastases performed by
PET/CT [17,18]. In daily practice, usually MRI represents the first imaging method to evaluate response
to therapy and PET/CT is mostly performed only if residual disease is suspected by MRI [3]. However,
since clear and reliable data in this field are missing and there is no consensus on which technique
should be used, the National Comprehensive Cancer Network (NCCN) [10] recommend both MRI and
PET/CT as a post-treatment assessment of tumor response in LACC after CCRT [19].

Considering the uncertainty of current evidence, we retrospectively compared the diagnostic
performance of 18F-FDG PET/CT and MRI in the response evaluation after CCRT in LACC stage T2b.

2. Materials and Methods

2.1. Population

The clinical data of all patients with CC referred to our Unit of Gynecologic Oncology of Sant’Orsola
Hospital of Bologna (Italy) between June 2007 and January 2017 were retrospectively analyzed. Among
these we selected patients with stage T2b treated with CCRT.

Inclusion criteria were (a) histologically proven squamous cell cervical cancer and adenocarcinoma
performed by biopsy or cone according to the WHO criteria [20]; (b) clinical stage T2b; c) treatment
with CCRT; d) a pre-treatment pelvic MRI and total body 18F-FDG PET/CT and post-treatment pelvic
MRI and total body 18F-FDG PET/CT performed in the radiologic service of our institution; and e)
adequate follow-up over 24 months.

Exclusion criteria were (a) patients younger than 18 years old; (b) rare (other than squamous or
adenocarcinoma) histological type; (c) a previous history of cancer in the last 5 years; (d) other stages
different from T2b; (e) previous surgery or chemotherapy; and (f) pre- or post-treatment pelvic MRI
and/or total body 18F-FDG PET/CT performed in other centers.

All clinical and pathological data were collected and examined, including age, body mass index
(BMI), histological type, TNM staging system [5], radiotherapy and chemotherapy administration.

2.2. Concurrent Chemo-Radiotherapy Scheme

All patients underwent pelvic 3-dimensional conformal EBRT. In patients with para-aortic lymph
node metastases, detected by 18F-FDG-PET/CT, the fields were extended up to the level of the renal
vessels or even more cranially based on the positive node site. In case of large lymphadenopathy (short
axis greater than one centimeter) with high 18F-FDG uptake (SUVmax > 3), a highly conformed EBRT
boost was prescribed.

Cisplatin (40 mg/m2) was administered intravenously once a week concurrently with EBRT. After
radio-chemotherapy, all patients underwent a BRT boost, using the high dose rate (HDR) or pulsed
dose rate (PDR) technique. The EBRT and BRT doses were prescribed according to the International
Commission on Radiation Units and Measurements Reports 62 and 38, respectively [21].
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2.3. Pelvic MRI Image Analysis

A baseline pelvic MRI was performed before the beginning of the treatment. An area with a
high signal intensity in the cervix compared to the cervical stroma on the T2-weighted image with
enhancement was considered neoplastic tissue in the pelvic MRI. Images were obtained with a high
field magnet 1.5 T MRI system (GE, SIGNA LX HD-xt) using phase arrayed body coils. T2-weighted
FSE images were obtained in sagittal, axial and oblique, perpendicular to the axis of the uterine cervix,
and coronal with a 3–4 mm thickness and interslice gaps of 0.3/0.4 mm (matrix 320 × 224, FOV 28–32,
4NEX, TE 100, TR 3400) planes. LAVA 3D T1-weighted sequences were obtained before and after
the intravenous (i.v.) injection of gadolinium contrast medium. Vaginal distension with aqueous gel
(60 cc) was used in order to improve evaluation of the vaginal walls. Patients fasted for 4–6 h before
the examination in order to reduce bowel motion artefacts and the bladder must be half full.

2.4. Total Body 18F-FDG PET/CT Image Analysis

Whole body PET and low-dose CT scans were obtained one hour after the i.v. injection of
3.5 MBq/Kg of 18F-FDG (PET scanner Discovery PET-CT 710, GE, Boston, Massachusetts, United States).
A low dose Computed Tomography (CT) scan was performed both for attenuation correction and
to provide an anatomical map. The CT parameters were 120KV, 80mA and 0.8 s for rotation, and a
thickness of 3.75 mm. An iterative 3-D ordered subsets expectation maximization method with two
iterations and 20 subsets, followed by smoothing (with a 6-mm 3-D gaussian kernel) with CT-based
attenuation, scatter and random coincidence event correction, was used to reconstruct the PET images.

Patients fasted for 6 h and eventual insulin therapy was interrupted at least 6 h before the
examination. All patients were positioned supine on the imaging table, arms above, and acquired from
the base of the skull to the mid thighs. All 18F-FDG PET/CT scans were reviewed by two expert nuclear
medicine physicians with more than ten years of experience and a specific interest in gynecological
malignancies. Discrepancies have been solved by consensus. For each scan, together with a visual
assessment, a maximum standardized uptake value (SUVmax) was measured for every area of the focal
uptake higher than the background and suspected to be a metastasis based on qualitative interpretation
according to the location, the size and the intensity of the 18F-FDG uptake.

2.5. Evaluation of the Response to CCRT

All patients were studied at baseline with pelvic MRI and total body 18F-FDG PET/CT and treatment
response was performed 6 months after the end of CCRT in the same tomographs. All radiological
images were reviewed by M.C. for MRI and C.N. and P.C. for PET. Response to treatment was defined
as complete response (CR), partial response (PR), progressive disease (PD) and stable disease (SD)
according to RECIST criteria for the pelvic MRI and EORTC criteria for the 18F-FDG PET/CT [22,23].

2.6. Follow Up

Patients defined as CR by both imaging techniques (18F-FDG PET/CT and MRI) had a follow-up
gynecological examination every 4 months in the first 2 years and every 6 months for 3 years.
A chest–abdomen CT scan was performed every 12 months or in case of clinical suspicion of a relapse.

Patients defined not complete responders (PR, SD, PD) by one or both techniques were treated
according to the localization of the residual or progressive disease (surgery or chemotherapy) or
observed periodically with subsequent clinical or instrumental investigations in case of doubt.

Progression-free survival (PFS) was calculated from the first diagnosis to recurrence and overall
survival (OS) was obtained from diagnosis to the last follow up or death.

The study was performed according to Helsinki declaration 2013, and all patients signed an
informed consent and the local ethical committee of Sant’Orsola-Malpighi Hospital—Bologna approved
this study (CE 322/2019/Oss/AUOBo).

41



Cancers 2020, 12, 659

2.7. Statistical Analysis

The software IBM SPSS ® 20.0, 2012 (Statistical Package for Social Science), was used for statistical
data analysis and a p-value < 0.05 was considered statistically significant. Continuous variables were
expressed as mean ± SD and categorical variables as percentages. Survival curves were calculated
using the Kaplan–Meier method. Cohen’s kappa was used to compare the two imaging techniques.

3. Results

3.1. Population

The flow chart of the recruitment is showed in Figure 1. In total, 40 patients met the inclusion
criteria (patients with histologically proven squamous cell cervical cancer and adenocarcinoma
stage T2b treated with CCRT with a pre-treatment pelvic MRI and total body 18F-FDG PET/CT and
post-treatment pelvic MRI and total body 18F-FDG PET/CT performed in the radiologic service of our
institution, and with adequate follow-up over 24 months) and were enrolled in the study. The patients’
characteristics are reported in Table 1.

Figure 1. Flow chart of the study. Patient selection from our database of patients with cervical cancer.

Table 1. The population’s characteristics.

Characteristics Values

N 40

Age, years (mean ± SD) 61 ± 16

Mean age at diagnosis (mean ± SD) 55 ± 15

BMI mean (mean ± SD) 24.5 ± 4.2

Histotype
Squamous n (%) 32 (80%)

Adenocarcinoma n (%) 8 (20%)

Stage TNM
T2b 40 (100%)
N0 23 (57%)
N1 17 (43%)
M 0 40 (100%)

Note: n: number of patients; BMI: body mass index; T: primary tumor; N: nodes; M: metastases.
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The mean EBRT total dose was 45 ± 1 Gy, eight patients (20%) needed extended-field pelvic and
para-aortic radiotherapy and the mean dose of the boost on the positive nodes was 15.1 ± 6.2 Gy. All
patients received weekly Cisplatin at the dose of 40 mg/sm. Eight out of 40 patients (20%) received
four cycles, 27/40 (67.5%) patients received five cycles and 5/40 (12.5%) patients received six cycles. All
patients received a BRT boost with a mean dose of 28.7 ± 6.3 Gy.

3.2. MRI Parameters

The mean pre-treatment maximum tumor diameter measured by MRI was 45.5 ± 14.4 mm (mean
± SD). In six patients (15%) MRI detected nodal involvement and the mean node short-axis length was
19.5 ± 8.9 mm (mean ± SD). After treatment, a complete response of the primary cervical tumor was
recorded in 32 (80%) patients, while residual disease was observed in eight (20%) patients. Only one
metastatic lymph node was still present (2.5%) with a short-axis length of 15 mm.

3.3. 18F-FDG PET/CT Parameters

Pathological uptake was present in all primary tumors and lymph node involvement was detected
in 17/40 patients (43%). The mean pre-treatment SUVmax of the primary tumor was 14.2 ± 5.6 (mean
± SD) and the mean SUVmax of pathologic lymph nodes was 6.2 ± 2.6 (mean ± SD). After CCRT in
35 target lesions (87.5%) the uptake of 18F-FDG was normalized and the SUVmax of the residual lesions
was 9.7 ± 5.6 (mean ± SD). After the CCRT persistence, increased SUVmax in the lymph nodes was
detected in five patients (12.5%), showing a mean SUVmax of 7.5 ± 5.1 (mean ± SD).

3.4. Agreement between MRI and 18F-FDG PET/TC

Agreement between MRI and 18F-FDG PET/CT in the evaluation response to therapy was observed
in 31/40 (77.5%) of cases (Table 2 and Figure 2A,B). In these cases, a CR was observed in 28/31 patients
(90.3%) and follow-up data showed a strong correlation with the response to therapy. In fact, only five
out of 28 patients (18%) with CR experienced a subsequent treatment failure: Two local recurrences
after 63 months and 64 months, respectively; one lung metastasis after 15 months; one vertebral
metastasis after 24 months; and one patient showed lung and cerebellar metastases after 75 months. A
PR was seen in 2/31 (6.5%) of the patients, who underwent rescue therapies. One of them underwent
radical surgery and the histological exam confirmed residual disease in the cervix and in pelvic lymph
nodes. The second one received palliative treatment because of severe comorbidities. Both patients
died due to progressive disease after 12 and 18 months, respectively. One patient showed PD (1/31,
3.2%), and underwent a posterior exenteration (radical hysterectomy, bilateral salpingectomy, total
colpectomy, pelvic and para-aortic lymphadenectomy, rectal resection with colorectal termino-terminal
anastomosis and ileostomy). The patient died after 18 months.

Table 2. Concordance between MRI and FDG-PET/CT after CCRT.

MRI
18F-FDG PET/CT

CR PR SD PD Total

CR 28 2 0 2 32

PR 3 2 0 2 7

SD 0 0 0 0 0

PD 0 0 0 1 1

Total 31 4 0 5 40

Note: CCRT: concomitant chemo-radiotherapy; CR: complete response; PR: partial response; SD: stable disease; PD:
progression disease.
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3.5. Disagreement between MRI and 18F-FDG PET/CT

In 9/40 (22.5%) cases, MRI and 18F-FDG PET/CT showed different results in terms of response
(Tables 2 and 3). In Cases #1 and #2, MRI showed a CR, while 18F-FDG PET/CT showed a PD due to the
detection of distant metastasis in the lung and in a supraclavicular node, respectively. Both patients
died after 47 and 33 months.

In Case #3 and #4, MRI showed a PR while 18F-FDG PET/CT showed a PD. In particular, in Case #3
the MRI showed a PR while the 18F-FDG PET/CT showed a CR of the primary lesion but also a vertebral
metastasis. The patient underwent chemotherapy and died after 33 months. In Case #4, both imaging
techniques showed a PR at the level of the cervical lesion but 18F-FDG PET/CT detected also a common
iliac lymph node metastasis. The patient underwent anterior exenteration (radical hysterectomy,
bilateral salpingo-oophorectomy, total colpectomy, pelvic and para-aortic lymphadenectomy and total
cystectomy with Indiana pouch neobladder reconstruction) followed by chemotherapy. The patient
is still alive after 102 months of follow-up with no evidence of disease. The pathological evaluation
confirmed the 18F-FDG PET/CT findings.

In Cases #5 (Figure 2C,D), #6 and # 7, MRI showed a PR while the 18F-FDG PET/CT showed a CR.
Patients #5 and #6 are alive after 48 and 67 months of follow-up, respectively, without evidence of
disease and patient # 7 died due to unrelated reasons (hearth attack).

In Case #8 both techniques reported CR in the pelvis but a glucose uptake near to the spleen
was observed. The patient underwent surgery in order to remove the upper abdominal lesion and
the pathological examination showed a desmoids tumor unrelated to CC. The patient is alive after 49
months of follow-up without evidence of disease.

In Case #9, 18F-FDG PET/CT showed a borderline increase uptake in the primary tumor (SUVmax

was 3.2), interpreted as a suspicious persistence of disease (PR), although MRI showed no sign of
disease (CR); the patient is alive after 79 months of follow-up without evidence of disease.

 

Figure 2. (A) and (B) show agreement between MRI and 18F-FDG PET/CT after CCRT. The red arrows
indicate the residual tumor (partial response). (C) and (D) show disagreement between MRI and
18F-FDG PET/CT after CCRT. In panel (C) the red arrow indicates the residual tumor (partial response)
and in (D) the red arrow indicates the absence of a tumor (complete response) in MRI and18F-FDG
PET/CT, respectively.
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Table 3. Details of discordant cases.

Case
18F-FDG
PET/CT

MRI FU Localization of Disease and Treatment
Status to the

Last FU

1 PD CR PD Lung metastasis (PET)→ chemotherapy DOD

2 PD CR PD Supraclavicular node metastasis (PET)→ chemotherapy DOD

3 PD PR PD Vertebral metastasis (PET)→ chemotherapy DOD

4 PD PR PD Common iliac lymph node metastasis (PET)→ anterior
pelvectomy and chemotherapy NED

5 CR PR CR Follow up→ no disease NED

6 CR PR CR Follow up→ no disease NED

7 CR PR CR Follow up→ Died for hearth attack DOC

8 PR CR CR Uptake near the spleen→ Abdominal surgery: desmoid
tumor. Follow up→ no disease NED

9 PR CR CR Follow up→ no disease NED

Note: CCRT = concomitant chemo-radiotherapy; CR = complete response; PR = partial response; SD = stable
disease; PD = progressive disease; DOD = Died of disease; DOC = Died of other causes; NED = no evidence of
disease; FU = follow up.

3.6. Follow-Up Outcomes

According to follow-up data we divided patients in 33 responders (82.5%) and seven
non-responders (17.5%) (Table 4). Considering local control and distant metastasis, the number
of false positive findings were one for 18F-FDG PET/CT (Case #9) and three for pelvic MRI (Cases #5,
#6 and #7). The number of false negative findings were two (Cases #1 and #2) for pelvic MRI and none
for 18F-FDG PET/CT.

The agreement between pelvic MRI, 18F-FDG PET/CT and follow-up data showed a Cohen kappa
coefficient of 0.59 (95% CI = 0.267–0.913) and of 0.84 (95% CI = 0.636–1.00), respectively.

Considering the evaluation of primary tumor response, 18F-FDG PET/CT was correct in 97.5% of
cases and MRI in 92.5% of cases; no false negative cases were observed with both methods.

The 5-year PFS and OS rates were, respectively, 78% and 88% (Figures 3 and 4).

Table 4. Accuracy in the treatment response evaluation of MRI and FDG-PET/CT compared to the
follow-up data.

Response FU data 18F-FDG PET/CT MRI

Responders (CR) 33 (82.5%) 31 (77.5%) 32 (80%)

Non-responders (PR + SD + PD) 7 (17.5%) 9 (22.5%) 8 (20%)

False Positive Findings - 1 3

False Negative Findings - 0 2

Note: CCRT: concomitant chemo-radiation therapy; CR: complete response; PR: partial response; SD: stable disease;
PD: progressive disease; FU: follow up.
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Figure 3. Kaplan–Mayer analysis of overall survival (OS).

Figure 4. Kaplan–Mayer analysis of progression-free survival (PFS).

4. Discussion

Our retrospective study showed a better correspondence with the follow-up data of
18F-FDG-PET/CT (0.84) with respect to MRI (0.59) in the evaluation of the response to CCR for
primary tumor and distant metastasis in T2b CC.

T2b CC represents 38% of CC with the possibility of salvage surgery and complete response to
therapy higher than other LACC stages. The persistence of disease in T2b tumors is important to
plan salvage surgery. The surgeon’s aim is to exclude the diagnosis of disease progression rather
than macroscopic parametrial invasion since the therapy is not selective on the parametria but is
represented by an exenteration surgery. In the literature, the role of MRI and 18F-FDG-PET/CT before
treatment in CC seems well defined. MRI is superior for the assessment of parametrial, vaginal, cervical,
bladder and rectum involvement [24,25]. 18F-FDG-PET/CT, instead, is more sensitive in detecting
lymph node metastases (pelvic, paraaortic, inguinal and supraclavicular) and peritoneum, mesentery,
gastrointestinal tract, pleura and mediastinal involvement [26]. Therefore, both exams are useful in the
treatment choice (surgery or CCRT), and in RT planning [27,28]. However, evidence on the evaluation
of response to CCRT are weak, although this assessment has a crucial role to decide subsequent
treatments [29–32]. To detect residual disease, both clinical and radiological competences are needed.
Unfortunately, gynecologic examination after RT is difficult to perform. Indeed, vaginal adhesions and
post-RT fibrosis interfere with an accurate visualization of the cervix and with a thorough evaluation
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of the parametria [33]. Post-RT MRI scans may not optimally evaluate treatment response due to
edema/inflammation in T2W hyperintense areas, as well as heterogeneous Gd-contrast enhancement
from the main lesion [34]. On the other hand, post radiotherapy necrosis and inflammation may
interfere with 18F-FDG-PET/CT evaluation [35]. Therefore, well-defined roles of the two imaging
techniques after CCRT are lacking.

In the assessment of primary tumor response, our data found that 18F-FDG-PET/CT is more
sensitive (100% versus 80%) and specific (97% versus 89%) than MRI. In fact, three cases correctly
diagnosed by PET as CR were false positive using MRI (#5, #6 and #7). When we analyzed the
false positive cases found with MRI, we found that probably they were due to the residual fibrosis
subsequent to RT as reported in literature [36]. Based on these data, if we had performed only MRI,
20% of our patients would have received an incorrect diagnosis, while with 18F-FDG-PET/CT this
percentage would have been of only 3%. False positive results are an important issue: it could require
subsequent exams, biopsies and the possibility of over-treatments and complications. These data are
supported by a study concluding that MRI accuracy is not enough to select patients who can benefit
from completion surgery if residual disease is suspected due to the high false positive rate [37]. In our
experience, residual disease with MRI or 18F-FDG-PET/CT after CCRT must be carefully considered
before proceeding with further invasive investigations. Instead, in case of negative imaging, no doubt
must arise because no false negative cases were observed with both techniques.

The incidence of metastatic progression of disease in LACC is not negligible, particularly in
the upper abdomen and chest, even in patients with primary tumor controlled by CCRT. Indeed,
in our series, in 10% of cases 18F-FDG PET/CT showed distant metastases (PD) not detectable by
pelvic MRI. In our experience, sensitivity and specificity of 18F-FDG PET/CT when we considered
distant metastasis was 100% and 97%, respectively; these values were higher than for MRI (71% and
91%, respectively). These values are similar to data from studies reporting 82%–100% and 78%–100%
sensitivity and specificity rates for MRI, respectively, and 83%–100% and 50%–100% for 18F-FDG
PET/CT, respectively [38,39]. The sensitivity and specificity of PET increases for distant metastases
(86% and 100%, respectively). These data highlighted the high diagnostic value of 18F-FDG PET/CT
and the importance of a total body evaluation in order to exclude progressive disease even if local
control is achieved.

Based on this retrospective analysis we suggest that, after CCRT, 18F-FDG PET/CT is effective in
response evaluation and that MRI should only be reserved for special cases. It is not easy to compare
the results of our study with those of the literature. To our knowledge there is a lack of studies that
focused on the direct comparison between 18F-FDG PET/CT and MRI in in the response evaluation
after CCRT in LACC stage T2b.

Waldestrom et al. examined 25 LACC patients (stages IB2–IIIB) with both MRI and 18F-FDG
PET/CT before and after CCRT and found that in almost half of the patients the 18F-FDG-PET/CT
before treatment provided additional diagnostic information leading to changes in treatment planning
compared to information from MRI. MRI, instead, detected pelvic tumor spread not seen on the
18F-FDG-PET/CT in 2/24 patients. [40]. On the contrary, a metanalysis of 15 studies of Maeds et
al. evaluated the diagnostic accuracy of additional whole body 18F-FDG PET/CT compared with
conventional imaging in women with suspected recurrent/persistent cervical cancer, concluding that
the use of 18F-FDG PET/CT in recurrent cervical cancer and its endorsement by national guidelines is
not supported by the literature. However, none of the studies included in this metanalysis directly
compared additional PET–CT with MRI or CT separately, and the included populations were very
heterogeneous and often follow-up periods were short. [41].

The results of other studies are generally based on the analysis of a single imaging technique,
18F-FDG PET/CT [42,43] or CT/MRI [44], or reported that the addition of 18F-FDG PET/CT to other
imaging techniques increases the sensitivity and specificity [45]. Finally, no studies compared 18F-FDG
PET/CT with MRI and all studies had a short follow-up period. This fact represents an evident problem
considering that follow-up accuracy and duration are important to confirm the radiological results,
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being a pathological response not available in case of CCRT. On the contrary, our study is supported by
long-term follow up of 50 ± 26 months (mean ± SD), with overall survival results (Figure 3) consistent
with data in the literature.

Some considerations about false positive of 18F-FDG PET/CT are required. Case #8 developed a
new and benign tumor, not related to the LACC. We considered this case as FP but probably it should
be better considered as a concomitant disease. Case #9 was a borderline glucose case, which was not
considered as a positive lesion and therefore the patient received no subsequent treatments.

Limitations of our study were the retrospective nature of the analysis and the small sample size,
while strengths of the study could be considered the prolonged follow-up and the well-defined setting
of patients. Further studies are needed to confirm our findings in a prospective setting.

5. Conclusions

In conclusion, 18F-FDG PET/CT seems to be superior to pelvic MRI in the evaluation of the
treatment response to CCRT in T2b CC. In addition, in some cases 18F-FDG PET/CT detected distant
metastasis resulting in a change in the therapeutic strategy. Further studies are needed to confirm
that 18F-FDG PET/CT should be the standard option, almost six months after the end of CCRT in
LACC, to evaluate the treatment response. These results may suggest that 18F-FDG-PET/CT is a unique
diagnostic imaging tool to use after CCRT in order to correctly assess residual and progression disease.
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Abstract: Glioblastoma is an aggressive brain tumor with a propensity for intracranial recurrence.
We hypothesized that tumors can be visualized with diffusion tensor imaging (DTI) before they are
detected on anatomical magnetic resonance (MR) images. We retrospectively analyzed serial MR
images from 30 patients, including the DTI and T1-weighted images at recurrence, at 2 months and
4 months before recurrence, and at 1 month after radiation therapy. The diffusion maps and T1 images
were deformably registered longitudinally. The recurrent tumor was manually segmented on the
T1-weighted image and then applied to the diffusion maps at each time point to collect mean FA,
diffusivities, and neurite density index (NDI) values, respectively. Group analysis of variance showed
significant changes in FA (p = 0.01) and NDI (p = 0.0015) over time. Pairwise t tests also revealed that
FA and NDI at 2 months before recurrence were 11.2% and 6.4% lower than those at 1 month after
radiation therapy (p < 0.05), respectively. Changes in FA and NDI were observed 2 months before
recurrence, suggesting that progressive microstructural changes and neurite density loss may be
detectable before tumor detection in anatomical MR images. FA and NDI may serve as non-contrast
MR-based biomarkers for detecting subclinical tumors.

Keywords: glioblastoma; radiation therapy; recurrence; MRI; diffusion tensor imaging

1. Introduction

Glioblastoma (GBM) is the most common primary malignant brain tumor among adults [1].
Despite treatment with surgical resection, radiation therapy (RT), chemotherapy, and temozolomide,
many patients experience intracranial tumor recurrence, and prognosis remains poor, with a median
survival time of only 12−15 months [2–4]. In current clinical practice, the onset of recurrence is
defined in terms of changes in traditional images, such as contrast-enhanced computed tomography
or structural T1-weighted post-contrast magnetic resonance imaging (T1 MRI), followed if possible
by histologic verification. However, given the high frequency of recurrence in GBM and the poor
survival rate thereafter, early detection of recurrence is key to facilitating timely medical treatment and
prolonging survival.

Glioma cells have been shown to migrate into healthy brain tissues along white matter (WM)
tracts [5,6]. The molecular mechanism underlying this phenomenon is complex and contains multiple
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steps, including tumor cell adhesion to components of the extracellular matrix and modification to
their compositions, migration by breaking adherence attachments to the matrix, and the degradation
of matrix proteins by secreting enzymes [7]. This suggests that examining the integrity of WM tracts
within the potential recurrent regions before visible, enhancing tumor recurrence may help further
elucidate the mechanism of recurrence.

Diffusion-weighted imaging is a noninvasive MRI technique in which measurements of water
diffusion in tissues [8] provide biological and clinically relevant information about the integrity of
WM that cannot be provided by other imaging modalities. Diffusion tensor imaging (DTI) applies
a mathematical elliptical model to represent the diffusion characteristics at each voxel [9]. A variety
of diffusion-derived feature maps, such as fractional anisotropy (FA), mean diffusivity (MD), axial
diffusivity (AD), and radial diffusivity (RD), can be extracted from DTI images and have provided
complementary information about the integrity of WM in several neurologic diseases, such as multiple
sclerosis [10], Parkinson disease [11], and Alzheimer disease [12].

In brain tumors, DTI has previously been used to assess WM disruptions to identify tumor
grades [13,14], distinguish tumor tissue from peritumoral tissue [15], and study the patterns of shape
(isotropic versus anisotropic) in recurrence [16]. Reduced FA has been linked with decreased fiber
density index near tumors in patients with GBM [17]. However, details of how WM tracts are disrupted
during the clinical course of recurrence are yet to be elucidated. We hypothesized that tumor cells in
the recurrent regions cause microstructural disruptions in WM integrity and these disruptions can
be visualized by DTI before tumors can be detected on conventional anatomical MRI. To test this
hypothesis, we conducted a retrospective longitudinal study to evaluate whether changes in a series of
DTI feature maps precede the clinical onset of recurrence. We also used an advanced diffusion analysis
technique, neurite orientation dispersion and density imaging (NODDI) [18], to provide further details
on how microstructures in WM are affected at the microscale level.

2. Materials and Methods

2.1. Patients and Image Acquisition

Under an institutional review board-approved protocol (PA18-1113), we extracted MRI data
from 30 patients treated for GBM at the University of Texas MD Anderson Cancer Center who had
experienced recurrence after RT. All patients had anatomical T1 and DTI brain imaging at four time
points: at 1 month after RT (baseline), 4 months before recurrence, 2 months before recurrence, and
at recurrence. The average time between baseline and recurrence was 13 months with a standard
deviation of 12 months.

All scans were obtained according to a standard protocol developed for GBM follow-up at the
University of Texas MD Anderson Cancer Center and were acquired on 1.5 T/3T MRI scanners (GE
Medical Systems) with axial orientation. T1 images had a 256 × 256/512 × 512 in-plane acquisition
matrix and a voxel resolution of 0.86 × 0.86 × 6.5 mm3 (TR/TE = 550/8 ms)/0.43 × 0.43 × 5 mm3

(TR/TE = 967/12 ms). DTI images consisted of 28 volumes with a 256 × 256 in-plane acquisition
matrix and a voxel resolution of 0.86 × 0.86 × 6.5 mm3 (TR/TE = 1000/99 ms)/0.86 × 0.86 × 5 mm3

(TR/TE = 10,250/94 ms), including one non-diffusion sensitization volume, i.e., T2-weighted b0 volume,
and 27 diffusion-weighted volumes (b = 1200 s/mm2).

2.2. Image Preprocessing

T1 images were first skull-stripped with the open source skull stripping toolkit LABEL [19].
DTI images were also skull-stripped with Brain Extraction Tool in the Functional Magnetic Resonance
Imaging of the Brain (FMRIB) Software Library (FSL; https://fsl.fmrib.ox.ac.uk/fsl/fslwiki) [20,21] and
then corrected for eddy current-induced distortions and subject movements using EDDY [22] in FSL.
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2.3. Microstructural Features with NODDI

We used NODDI, an advanced diffusion analysis technique, to provide additional details about
the microstructural features the images represent. Dendrites and axons, known as neural processes or
neurites, are the basic units for brain circuits. Using NODDI to investigate variations in branching
complexity (i.e., density and orientation) allowed us to characterize changes in microstructural integrity
in terms of recurrence. Specifically, NODDI provides three indices to describe such changes: neurite
density index (NDI), orientation dispersion index (ODI), and free water fraction (FWF) [23]. NDI and
ODI quantify the density and angular variation of neurites, and FWF describes the contamination of
tissues by free water at the microstructural level [23].

2.4. Longitudinal Image Processing Pipeline

Our longitudinal image processing pipeline consisted of the following six steps: Step 1. Diffusion
Feature Extraction: The following diffusion-derived feature maps were extracted from the DTI images
of each patient at each time point by using DTIFIT in FSL: fractional anisotropy (FA), mean diffusivity
(MD), axial diffusivity (AD), and radial diffusivity (RD). Next, we calculated the microstructural
indices (NDI, ODI, and FWF) at each voxel of the DTI images with the NODDI Matlab Toolbox
(http://mig.cs.ucl.ac.uk/index.php?n=Tutorial.NODDImatlab). Step 2. Longitudinal Image Alignment:
We applied advanced normalization tools (http://stnava.github.io/ANTs/) [24] to register each patient’s
T1 images at 1 month after RT, 4 months before recurrence, and 2 months before recurrence to the T1
image obtained at recurrence. Because these T1 images had been acquired at different times, a nonlinear
(warping) registration algorithm was used to ensure the best alignment effect. Step 3. Multi-Modality
Image Alignment: At each time point, each patient’s DTI images were co-registered using linear (rigid)
registration with the corresponding T1 images, as both images were acquired during the same imaging
session. Step 4. GTV Manual Segmentation: An experienced radiation oncologist manually segmented
the tumor recurrence volume on the T1 images at the time of recurrence. Step 5. GTV Transfer: For
each patient, the recurrent tumor volume was applied to the T1 images at the previous three time
points with the deformation fields generated by nonlinear registrations in step 2. The recurrent tumor
volume was then transferred to the corresponding DTI images with the affine matrix generated by
linear registrations in step 3. The quality of registration and GTV transfer at steps 2–5 was manually
inspected. Step 6. Mean Feature Calculation: The mean values of all diffusion features (FA, MD,
AD, and RD) and microstructural features (NDI, ODI, and FFW) within the transferred and original
recurrent GTV regions at the four time points were calculated.

2.5. Statistical Analysis

We compared all mean DTI features at the four time points using analysis of variance (ANOVA) to
examine potential changes between these time points. Findings are reported as F ratios, i.e., the ratio
of the between-group variance to the within-group variance. If any changes were detected, t tests were
applied to further investigate changes occurring at each pair of time points.

3. Results

3.1. Diffusion Feature Maps

Mean FA values inside the regions of recurrence over the four time points are shown in box plots
in Figure 1a. The ANOVA revealed statistically significant differences between time points (F = 3.4,
p = 0.01), with a downward trend over time. To further examine which groups were different from
one another, we used pairwise t tests to compare the four time points. After Bonferroni correction,
the mean FA value at recurrence was significantly lower than those at the three prior time points
(p < 0.05), with a decrease of 30.8% (95% confidence interval-CI: (18.2%, 43.0%)), 22.9% (95% CI: (11.0%,
38.9%)), and 19.2% (95% CI: (8.7%, 35.4%)) from the farthest to the nearest time point, respectively.
Moreover, the mean FA value at 2 months before recurrence was also 11.2% lower than that at 1 month
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after RT, i.e., the baseline (p < 0.05). At the individual level, 14 and 18 out of 30 patients showed a
lower mean FA value at 4 months before recurrence and 2 months before recurrence, compared to
baseline, respectively.

Findings from the ANOVA of the mean values of the other feature maps (MD, AD, and RD) over
time are shown in Figure 1b–d. No statistically significant differences were detected in these feature
maps between time points: for MD, F = 1.38, p = 0.25; for AD, F = 0.99, p = 0.40; and for RD, F = 1.57,
p = 0.20. Although these values were not statistically different, they demonstrated a trend of increasing
values over time, as is evident in those figures. Further pairwise t tests showed that the mean values
of MD, AD, and RD at 2 months before recurrence were 9.5% (95% CI: (4.0%, 15.4%)), 7.8% (95% CI:
(2.5%, 13.0%)), and 10.9% (95% CI: (4.8%, 17.1%)) higher than those at baseline, respectively (p < 0.05
after Bonferroni correction). At the individual level, 18, 16, and 18 patients had a higher mean MD,
AD, and RD value at 2 months before recurrence, compared to baseline, respectively.

Changes in these features (FA, MD, AD, and RD) may indicate that WM degeneration occurred at
recurrent tumor regions before the tumor became visible on T1.

Figure 1. Box plots of the mean values of (a) fractional anisotropy (FA), (b) mean diffusivity (MD),
(c) axial diffusivity (AD), and (d) radial diffusivity (RD) within recurrent tumor regions over the four
time points. The five bars in the box plots indicate, from bottom to top, the minimum, first quartile,
median, third quartile, and the maximum. The red dots indicate outliers.

3.2. Microstructural Features

To investigate which WM microstructural components were affected by tumor recurrence, we used
the same statistical tests of the mean values of NDI, ODI, and FFW (obtained with the NODDI toolbox)
at the regions of recurrence over time. The NDI results were similar to those of the FA findings
(Figure 2a). ANOVA revealed differences among the four time points (F = 5.47, p = 0.0015), with
a downward trend over time. Pairwise t tests showed that the mean NDI value at recurrence was
significantly lower than baseline and 4 months before recurrence, a relative change of 11.9% (95% CI:
(4.3%, 19.5%)), and 7.2% (95% CI: (0.4%, 15.6%)), respectively (p < 0.05 after Bonferroni correction).
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Furthermore, compared to baseline, the mean NDI values at 4 months before recurrence were 4.2%
(95% CI: (1.5%, 6.9%)) lower and the mean NDI values at 2 months before recurrence were 6.4%
(95% CI: (3.4%, 9.5%)) lower (p < 0.05 after Bonferroni correction). At the individual level, 21 and
20 patients demonstrated a reduced mean NDI value at 4 months before recurrence and 2 months
before recurrence, compared to baseline, respectively.

The ANOVA showed no differences in ODI over time (F = 1.16, p = 0.33) (Figure 2b). Similarly,
FWF did not change over time according to the ANOVA (F = 0.93, p = 0.43) (Figure 2c).

The observation of a change in NDI but not in ODI before recurrence suggests that microstructural
changes in WM due to tumor recurrence may have resulted from a reduction in neurite density rather
than a disruption in orientation distribution.

Figure 2. Box plots of the mean values of (a) neurite density index (NDI), (b) orientation dispersion
index (ODI), and (c) free water fraction [FWF] within recurrent tumor regions over the four time points.
The five bars in the box plots indicate, from bottom to top, the minimum, first quartile, median, third
quartile, and the maximum. The red dots indicate outliers.

3.3. Qualitative Comparison

T1 MRI and FA images of a representative patient at each of the four time points are shown in
Figure 3. The recurrent tumor (circled in red) was not visible on the three conventional T1 images
before the evident time point of recurrence, but WM deterioration at the recurrent region was visibly
appreciable on the FA images at 4 months and 2 months before recurrence. Notably, this recurrence
appeared at the intersection of the internal capsule and geniculocalcarine tract (optic radiation), which
are major WM tracts in the brain. These images corroborate our hypothesis that tumor cells may cause
WM disruptions that may be evident on DTI images before the actual tumor is visible in T1 images.
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Figure 3. Serial T1 and fractional anisotropy (FA) images of a representative patient. Red outlines
indicate the location of the recurrent tumor.

3.4. Radiation Therapy versus Recurrence

It is known that RT would cause dose-dependent white matter damage around treatment
areas [25,26]. Therefore, the values of diffusion parameters such as FA would be affected after treatment.
In order to distinguish the longitudinal reduction of FA in the study was caused by recurrence or RT,
we selected 9 patients from our dataset whose recurrent intervals were longer than 12 months. And we
calculated the mean FA values of the recurrence regions at an additional time point—6 months after
RT. We performed pairwise t tests at between 6 months after RT and 1 month after RT, 4 months before
recurrence, 2 months before recurrence, and recurrence, respectively.

There was no statistically significant change in the mean FA values between 1 month after RT and
6 months after RT (p = 0.80, 95% CI: (−12.7%, 12.7%)). However, compared with those at 6 months after
RT, the mean FA values were significantly lower at 2 months before recurrence (p = 0.04, 95% CI: (0.8%,
28.3%)) and at recurrence (p = 0.008, 95% CI: (12.7%, 63.4%)). The mean FA values inside the regions
of recurrence over the five time points are shown in box plots in Figure 4. Qualitatively, we showed
the FA images at 1 month after RT, 6 months after RT, 2 months before recurrence, and recurrence
from two representative patients in Figure 5. The red contours outlined the recurrent tumor regions.
White matter inside the contours seemed to be intact at 1 month and 6 months after RT, whereas
degeneration could be observed at 2 months before recurrence and at recurrence. Both quantitative
and qualitative results indicate that the change in FA in our study may result from tumor recurrence
instead of radiation-induced damage.
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Figure 4. Box plots of the mean values of fractional anisotropy (FA) within recurrent tumor regions
over the five time points for selected 9 patients. The five bars in the box plots indicate, from bottom to
top, the minimum, first quartile, median, third quartile, and the maximum.

Figure 5. Serial fractional anisotropy (FA) images of two representative patients at four time points,
including 6 months after radiation therapy. Red outlines indicate the location of the recurrent tumor.

4. Discussion

Although T1 weighted post contrast MRI remains the gold standard for predicting GBM recurrence,
other imaging modalities such as positron emission tomography (PET) and perfusion MRI have been
utilized to assist and improve the diagnostic accuracy of tumor recurrence [27,28]. In particular,
DTI has the unique capability of displaying information on tissue cellularity, microstructures, and
microvasculature by means of noninvasive images [29–31] and thus is increasingly investigated for
cancer diagnosis [32] and the prediction of treatment response [33]. Numerous feature maps can be
generated from DTI to measure changes in different diffusion properties. For example, FA represents
the directionality or the degree of diffusion anisotropy, whereas MD reflects the overall diffusion
properties. AD describes the diffusion properties along a particular direction (the principal axis),
whereas RD accounts for the diffusion in the other two directions perpendicular to the principal
direction [12].
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Although DTI has been studied in several types of cancer [34], there are limited studies in
GBM. For example, Chang et al. [35] compared the MD values in post-surgical images with those of
post-recurrence images in tumor and surrounding tissues to predict tumor recurrence. The current study
is one of the first to investigate the utility of DTI for detecting possible changes in WM microstructure
before the appearance of a recurrent tumor on conventional MRI.

Our results support our hypothesis that the disruption of WM integrity near the site of recurrence
in patients with GBM can precede the appearance of an enhancing tumor on structural MRI. When WM
degenerates, the diffusion directionality decreases. When fiber tracts disassociate, water molecules
can move freely without obstruction in any direction, and diffusivity usually increases. In general,
FA and MD usually move in opposite directions. In our study, we expected that FA values would be
lower at recurrence than that at baseline, and that MD would increase as a result of WM degeneration
caused by underlying tumor growth. Our findings reflect these expectations, and we found similar
trends of increasing values for AD and RD over time. Chang et al. [35] found that MD values were
lower inside the tumor than in the surrounding peritumoral region, whereas we found that MD
values tended to increase within the tumor region from baseline to recurrence. The pattern of rising
MD values, as seen in our study, is consistent with findings in other neurologic diseases, such as
Alzheimer disease, where MD values increased in the regions of WM degeneration [12]. Other studies
of diffusion MRI brain tumors have speculated that MD is an important marker for tumor response
assessment as it is negatively associated with cell density or cellularity, which is a critical measure
for tumor progression [34,36,37]. However, our results suggest that the directionality feature (FA)
was more sensitive to changes in WM that predicted for GBM recurrence than the other diffusivity
features (MD, AD, and RD) suggesting that FA may also be a useful non-contrast imaging biomarker
of GBM recurrence.

To further explore changes at the microstructural level and possibly provide more insight into
tumor invasion along WM tracts, we used NODDI, a recently developed imaging technique that
provides information on specific voxel-wise microstructural substrates via three components, each
with values ranging from 0 to 1: NDI describes relative neurite density, ODI quantifies relative angular
or morphologic variations, and FWF defines the aggregated free water portion. In the current study,
NDI could distinguish recurrence at different stages of development, but the other two components
could not. Because changes in FA can result from a combination of NDI and ODI [16], we suspect
that the decrease in FA in our study may have been caused by a decrease in NDI rather than in
ODI. This in turn suggests that neurite loss (as opposed to neurite morphologic change) may be the
main pathologic process for tumor invasion in GBM recurrence, a finding that warrants histologic
confirmation in future studies. Not surprisingly, similar patterns of change have also been observed in
other neurodegenerative diseases, such as frontotemporal lobar degeneration and amyotrophic lateral
sclerosis [23].

In previous studies, diffusion parameters demonstrated significant changes from their baseline
values in the areas affected by RT at 6 months after RT [25,26]. In our study, the mean FA values of the
region of interest did not show obvious changes between 6 months after RT and baseline (i.e. 1 month
after RT) whereas they did show changes between 6 months after RT and 2 months before recurrence
in the region of tumor recurrence. Although the small sample size may limit the statistical power, it
does imply that the changes we observed from our dataset may be due to white matter deterioration
caused by early tumor recurrence rather than radiation.

Despite its promising findings, the current study had several limitations. Our sample size
was limited by the difficulty of retrospectively identifying patients treated with concurrent RT and
temozolomide with complete sets of serial imaging data at the proposed study time points. With
regards to the imaging consistency, the serial DTI images for patients included in this retrospective
review were acquired at varying magnet strengths, both 1.5T and 3T without any consistent pattern
over time. Although the pattern of image acquisition at varying magnet strengths was random, it may
have impacted our results. Additionally, although all the registration results were manually checked

60



Cancers 2020, 12, 568

after the automated, deformable image registration algorithm, any residual errors in the registration of
the GTV to the diffusion images across all four time points have the potential to affect the quantitative
measures within these GTV regions before recurrence.

As this is a small retrospective study, the intent of the study was to investigate whether there were
suggestive findings that DTI changes may help detect earlier pathological changes prior to traditional
anatomical imaging in areas of GBM recurrence based on the hypothesis that an active tumor in a
region may lead to the disruption of white matter integrity. For the purpose of this early signal finding
study, group analysis enabled statistical analysis. At the individual patient level, we provide several
examples of patients with demonstrated changes in DTI at a time point sooner than the clinical onset
of recurrence. In our patient cohort, 18 patients of the 30 total group demonstrated changes in FA
2 months prior to confirmed tumor recurrence. Based on these findings, we conclude that DTI changes
are promising early biomarkers to help localize areas of GBM recurrence, but further larger prospective
studies would need to be done to validate our findings before any clinical implementation could
be considered.

5. Conclusions

The results from this retrospective longitudinal study suggest that the disruption of WM integrity
near the site of recurrence in patients with GBM can precede the appearance of enhancing tumor on
structural MRI. The FA values on images obtained before recurrence were different from those in the
baseline images, and the microstructural feature NDI decreased significantly between 2–4 months
before recurrence and baseline, suggesting that underlying progressive microstructural changes may
precede the appearance of enhancing tumor. We further found that FA was more sensitive than
other diffusion-derived features such as MD, AD, and RD for detecting subclinical tumor presence.
FA may therefore be useful as an imaging biomarker to predict GBM recurrence, and DTI can provide
important complementary information to conventional structural MRI to assist in the clinical diagnosis
of recurrence. Our results also suggest that the underlying mechanism for FA reduction may be neurite
loss rather than changes in neurite morphology. Future prospective studies of larger cohorts of patients
with GBM using a more uniform imaging protocol and more detailed analysis are planned to evaluate
the role of DTI in detecting subclinical GBM in a normal-appearing brain and, potentially, to refine the
definition of clinical target volume for RT planning and for predicting GBM recurrence.
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Abstract: In breast cancer studies, combining quantitative radiomic with genomic signatures can
help identifying and characterizing radiogenomic phenotypes, in function of molecular receptor
status. Biomedical imaging processing lacks standards in radiomic feature normalization methods
and neglecting feature normalization can highly bias the overall analysis. This study evaluates
the effect of several normalization techniques to predict four clinical phenotypes such as estrogen
receptor (ER), progesterone receptor (PR), human epidermal growth factor receptor 2 (HER2), and
triple negative (TN) status, by quantitative features. The Cancer Imaging Archive (TCIA) radiomic
features from 91 T1-weighted Dynamic Contrast Enhancement MRI of invasive breast cancers were
investigated in association with breast invasive carcinoma miRNA expression profiling from the
Cancer Genome Atlas (TCGA). Three advanced machine learning techniques (Support Vector Machine,
Random Forest, and Naïve Bayesian) were investigated to distinguish between molecular prognostic
indicators and achieved an area under the ROC curve (AUC) values of 86%, 93%, 91%, and 91%
for the prediction of ER+ versus ER−, PR+ versus PR−, HER2+ versus HER2−, and triple-negative,
respectively. In conclusion, radiomic features enable to discriminate major breast cancer molecular
subtypes and may yield a potential imaging biomarker for advancing precision medicine.

Keywords: Molecular imaging; breast cancer; miRNA expression; radiogenomics; machine learning;
radiomic; diagnosis; biomarker

1. Introduction

Breast cancer is the most frequently diagnosed cancer among women, and it is the second leading
cause of death in women [1]. Based on the molecular receptor status, breast cancer can be classified into
different subtypes with different response to therapy and prognosis. The three clinically most-useful
receptors status to characterize breast cancer cells are the estrogen receptor (ER), progesterone receptor
(PR), and human epidermal growth factor receptor 2 (HER2) that can impact therapy and prognosis [2].

Breast cancer is a heterogeneous disease. Indeed, HER2-positive (HER2+) breast cancers are more
aggressive and show a poorer prognosis than HER2-negative (HER2–) cancers. Positive hormonal
receptor status such as ER-positive (ER+) and PR-positive (PR+) tumor have lower risks of mortality
than ER-negative (ER–) and/or PR-negative (PR–) disease [3–7]. Triple negative (TN) tumor (negative
for all three receptors) shows a high relapsing rate, and therefore, accounts for a large portion of breast
cancer deaths. Therefore, it becomes necessary to identify molecular receptor status and subsequently
subtypes to select the appropriate therapy and predict the therapeutic response [8,9].

Radiomics has recently emerged as a promising tool for discovering non-invasive imaging
signatures characterizing lesions such as size, shape, descriptors of the image intensity histogram
and texture [10,11]. The term ‘Radiomics’ refers to the high-throughput extraction of quantitative
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features from medical images, i.e., conversion of images to mineable data, that can potentially capture
tumor heterogeneity, aiding precision medicine [12]. A closely related field is ‘radiogenomics’, which
explores the associations between imaging phenotype (radiomic data) and disease genotype (genomic
patterns) [13,14]. Two public data resources such as The Cancer Genome Atlas (TCGA) and The
Cancer Imaging Archive (TCIA), provide cancer genomic profiling and medical images counterpart,
respectively [15,16], to promote cross-disciplinary research including radiogenomic studies [17–19].

In breast cancer, radiomic applications encompass diagnosis and better differentiation of malignant
and benign entities as well as identifying ductal carcinoma in situ and invasive ductal carcinoma, for
prognosis of metastatic potential, prediction of pathologic stage, lymph node involvement, molecular
subtypes, and clinical outcomes [20–30].

Regarding the use of radiomic features for investigating breast cancer molecular receptor status,
Agner et al. [28] extracted imaging features to differentiate TN cancers from other molecular subtypes.
Yamaguchi et al. [29] investigated the relationship between heterogeneous kinetic curve pattern and
molecular subtype. Blaschke et al. [31] showed that HER2-positive tumors have a greater uptake than
other molecular subtypes. Li et al. [7] disclosed that the computer-aided tumor imaging phenotypes
were able to differentiate between molecular prognostic biomarkers, and statistically significant
associations between tumor phenotypes and receptor status were observed. Xie et al. [32] showed
that whole-tumor MR multiparametric images offer a non-invasive analytical approach for breast
cancer subtype classification and TN cancer cases. Guo et al. [21] demonstrated that the prediction
performances by genomics alone, radiomics alone, and combined radiogenomic features showed
statistically significant correlations with clinical outcomes (pathological receptors). Yoon et al. [33]
used deep neural networks combining both radiomic and genomic features of invasive breast cancer,
achieving high classification performance to predict pathological stage and molecular receptor status.

However, an important and often undervalued aspect in radiomic framework of analysis is
features normalization relevance. In fact, data normalization methods are essential for radiomic
features, due to their basic differences of scale, range, and statistical distributions. Untransformed
features may have high levels of skewness, which can result in artificially low p-values in statistical
analysis [34]. Moreover, neglecting feature normalization and the use of inappropriate normalization
methods may lead to individual features being over or underrepresented and eventually introduce
bias into developed models. Recently, normalization transformations are gaining huge interest in the
era of machine learning (ML), especially in data preprocessing [35]. In the existing literature, standards
to normalize quantitative radiomic features seem to be missing. None of the above-mentioned studies
used a normalization method to decrease the overall bias that non-normalized features can generate
in the analysis. Only Guo et al. [21] standardized the radiomic and genomic data before applying
discriminative models. On the other side, several efforts have been shown to improve normalization
procedures for MRI image intensity values as crucial preprocessing step. In fact, image variability
and normalization steps are critical correction procedures for imaging-related batch effects before
extracting quantitative radiomic features [36–40]. Although image preprocessing normalization steps
are decisive to reduce technical variability across images, additional feature normalization steps are
still needed and should be not overlooked.

The aim of this study is to evaluate the impact of several normalization methods to study the
relationship between radiomic features and breast tumor molecular receptor ER, PR, HER2, and TN
status. We integrated data from TCIA-TCGA to analyze 36 MRI radiomic features extracted from 91
biopsy proven invasive breast cancers, T1-weighted Dynamic Contrast Enhancement (DCE) Magnetic
Resonance Imaging (MRI), associated with tumor molecular receptor status.

Several feature normalization approaches such as scaling, z-score, robust z-score, log-
transformation, quantile, upper quartile, and whitening methods were applied to radiomic features.
We compared model predictive power and the impact of radiomic feature normalization using three
advanced machine learning methods (Support Vector machine (SVM), Random Forest (RF) and Naïve
Bayesian (NB) methods) to differentiate among ER, PR, HER2, and TN cases.
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Finally, we included TCGA breast cancer miRNAs expression profiles to explore imaging-miRNA
associations.

Our data highlighted that close attention is needed to assess image-based biomarker in radiomic
analysis. Thus, the aim of this study is to provide several statistical approaches to generate quantitative
MRI-based signature, which may lead to more precise breast cancer prognosis and help clinicians in
decision-making towards personalized medicine.

2. Materials and Methods

2.1. Dataset

All patient data used in this study were obtained from The Cancer Genome Atlas (TCGA) (available
at: https://tcga-data.nci.nih.gov, accessed October 9, 2019) Breast Cancer initiative. Patients were
recruited from five comprehensive cancer centers across the United States. Imaging data processing
and feature extraction were conducted by [7,21,27,41]. In order to enforce imaging uniformity, breast
MRI studies were acquired by 1.5-Tesla (1.5 T) magnet strength using an MRI system from GE Medical
Systems (Milwaukee, Wis). The final dataset included 91 breast MRI cases.

2.1.1. Clinical Data

Table 1 shows breast cancer histological type and molecular receptors status data (ER, PR,
and HER2) carried out by Immunohistochemistry (IHC) test. The results of the IHC test can be 0
(negative), 1+ (also negative), 2+ (borderline), or 3+ (positive; the HER2 protein is overexpressed).
In addition, TCGA also assessed HER2 receptor protein copies in the cancer cells by Fluorescence in Situ
Hybridization (FISH). The ER and PR status for our dataset samples were obtained from the TCGA data
portal [21]. The HER2 status of the samples was obtained from [15]. More clinical details are reported
in Table S1. Ninety-one invasive breast carcinomas with radiomic imaging profiles were available from
TCIA [15,21]. All samples were primary tumors from female patients. We investigated the prediction
of ER, PR, and HER2 status and triple negative (TN) of patients using radiomic features alone.

Table 1. Clinical Data.

Variables Number

Breast Cancer Types

Ductal carcinoma 79

Lobular carcinoma 10

Mixed 2

Molecular Receptor Status

Estrogen Receptor (ER)

Positive 76

Negative 15

Progesterone Receptor (PR)

Positive 71

Negative 20

Human Epidermal Growth Factor Receptor 2 (HER2)

Positive 12

Negative 74

Triple Negative (TN)

Triple negative (ER–, PR–, HER2–) 12

Others 74
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2.1.2. Image Data

All MRIs were acquired using a standard double-breast coil on a 1.5T GE whole-body MRI
system (GE Medical Systems). In the current study, only T1-weighted, dynamic contrast-enhanced
MR images were used. The imaging protocols included 1 pre-contrast image and 3 to 5 post-contrast
images obtained using a T1-weighted, 3-dimensional (3D) spoiled gradient echo sequence with
a gadolinium-based contrast agent (Omniscan; Nycomed-Amersham, Princeton, NJ). For further
information refer to [7,21,27,41].

2.1.3. Radiomic Features

A total of 36 MRI features, computer extracted image phenotypes (CEIPs), were calculated
based on the automatically derived 3D tumor segmentations [7,21]. The CEIPs were divided into
the following 6 phenotype categories: size (measuring tumor dimensions), shape (quantifying the
3D geometry), morphology (combining shape and margin characteristics), enhancement texture
(describing the texture of the contrast uptake in the tumor on the first postcontrast MRIs), kinetic
curve assessment (describing the shape of the kinetic curve and assessing the physiologic process
of the uptake and washout of the contrast agent in the tumor during the dynamic imaging series),
and enhancement-variance kinetics (characterizing the time course of the spatial variance of the
enhancement within the tumor) [21]. Data were extracted using version V2010 of the UChicago [27].
The complete dataset was downloaded from the TCGA Breast Phenotype Research Group Data
sets (available at: https://wiki.cancerimagingarchive.net/display/DOI/TCGA + Breast + Phenotype
+ Research + Group + Data + sets, accessed 9 October, 2019). Information about radiomic features,
including feature names, label, description, and category is listed in Table S2 and as reported by [21].

2.1.4. miRNA expression data

TCGA breast invasive carcinoma miRNA expression quantification data (raw read count, February
2018) produced on Illumina HiSeq 2000 sequencers (Illumina Ventures, San Diego, CA, USA) were
downloaded using the free software R (R version 3.5.2) [42] and TCGAbiolinks R package [43].

TCGA-formatted miRNA-seq data according to the BCGSC miRNA Profiling Pipeline produces
miRNA IDs with raw read counts of primary tumor (n = 1096 files for 1078 tumor cases) and normal
solid tissue (n = 104 files for 104 normal cases). The miRNA raw counts (n = 1881 miRNAs), were
processed as described in [44]. Then, we considered 1625 filtered and normalized miRNAs. We
associated the molecular receptor ER, PR, HER2 status from [15], and filtering out NA receptor status.

Samples derived from patients with (n = 504) and without (n = 57) breast cancer were then
matched with the 91 patients included in the radiomic analysis. A total of 75 samples along with the
respective radiomic and genomic features were included in the radiogenomic framework.

2.2. Statistical Methods

Statistical analyses were carried out for radiomic features and genomic features alone to investigate
the statistical significance of the features in detecting molecular receptor status. Associations between
radiomics and genomics were also investigated in terms of correlation.

Shapiro–Wilk test was used to determine the normality of radiomic and genomic features [45].
Wilcoxon signed-rank test and Fisher’s exact test were adopted to compare continuous and

categorical clinical variables, respectively, between molecular receptor status (Table S1). R software
(R Core Team. R: A language and environment for statistical computing. R Foundation for Statistical
Computing, Vienna, Austria; http://www.R-project.org, 2019) was used to perform statistical analyses.

2.2.1. Radiomic Statistical Analysis

Seven different normalization techniques were used to normalize radiomic features. Features were
standardized as the min–max normalization (i.e., scaling method), where each feature was normalized
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in the range from 0 to 1; z-score normalization, where each feature was normalized as z = (x−x)/s,
where x, x, and s are the feature, the mean, and the standard deviation respectively [46]; robust z-score
normalization is calculated from the median absolute deviation and median absolute deviation [47];
log-transformation (base 10), a constant value a = b – min(x) where b is 1 and x is the feature, was added
to the data for handling negative values [48]; the upper quartile normalization divides each read count
by the 75th percentile of the read counts in its sample [49]; quantile normalization, which transform the
original data to remove unwanted technical variation by forcing the observed distributions to be the
same and the average distribution, obtained by taking the average of each quantile across samples, is
used as the reference [50,51]; lastly, whitening normalization technique from the principle component
analysis (PCA), is based on a linear transformation that converts a vector of random variables with a
known covariance matrix into a set of new variables whose covariance is the identity matrix, meaning
that they are uncorrelated and each have variance equal to one [52].

To investigate the effect of normalization techniques on the radiomic features, Spearman’s rank
correlation was run between non-normalized radiomic features and normalized radiomic features
for each of the seven different normalization methods. A Spearman’s ρ value greater than 0.8 and
significant p-value (< 0.05) between non-normalized and normalized feature (using scaling, Z-score,
robust Z-score, log-transformation, upper quartile, quantile, and whitening methods) was set as
threshold to identify the normalized radiomic features that were in agreement with the non-normalized
radiomic features. Bland–Altman analysis was also used to investigate the agreement between the
features that showed a Spearman’s ρ value less than 0.08 and significant p-value. Bland–Altman
procedure was used to compute 95% LoA (Limits of Agreement) [53].

For each binary problem, Wilcoxon signed-rank test was performed to investigate radiomic feature
variation between two different groups (ER+ vs ER–, PR+ vs PR–, HER2+ vs HER2–, TN vs Others).
Median trend or feature trend, using the following convention, was also investigated [54–56]:

• Two arrows, ↓↓ (or ↑↑) were used to report a significant (p-value < 0.05) decrease (or increase) of
radiomic feature median in negative receptor status (ER–, PR–, HER2 +, TN);

• One arrow was used for non-significant variations: ↓ (or ↑) indicated a non-significant (p-value >
0.05) decrease (or increase) of a radiomic feature median in negative receptor status (ER–, PR–,
HER2+, TN).

The statistical analysis was repeated for each normalization procedure described above.
Non-parametric tests such as Wilcoxon signed-rank test and Spearman’s rank correlation were
used since most of the radiomic features (>90%) were non-normally distributed in the Shapiro–Wilk
test. A p-value less than 0.05 was considered significant. Holm’s correction was used for multiple
hypothesis correction if necessary.

A synthetic scheme of the radiomic analysis carried out in this study is shown in Figure 1.

2.2.2. Genomic Statistical Analysis

Starting from normalized counts we evaluated differentially expressed miRNAs between tumor
and normal conditions, applying the Empirical Bayes method for differential expression analysis,
edgeR R package [57], combined with the Generalized Linear Model approach (GLM). Differentially
Expressed miRNAs (DEmiRNAs) with a |log2 fold-change |> 1.0 (hsa-mir-135b has LogFC 0.93) and
with adjusted p-values (FDR) ≤ 0.05, were defined as significant and used for downstream analysis.
In addition, differentially expressed miRNAs were analyzed through the use of Ingenuity Knowledge
Base, IPA (QIAGEN Inc., https://www.qiagenbioinformatics.com/products/ingenuitypathway-analysis)
to assess breast cancer implications.

We investigated DEmiRNAs expression as function of the ER, PR, HER2, and TN molecular
receptor status and performed the Wilcoxon signed-rank test for statistical significance.
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Figure 1. Radiomic analysis framework.

A p-value less than 0.05 was considered significant. Holm’s correction was used for multiple
hypothesis correction if necessary.

2.2.3. Radiogenomic Statistical Analysis

After identifying the statistically significant radiomic features for each receptor, Spearman’s rank
correlation was run between DEmiRNAs for each molecular receptor status (ER+ and ER–, PR+ and
PR–, HER2+ and HER2–, TN and Others) and radiomic features. In the correlation analysis, two
normalization methods were chosen for the radiomic features: upper quartile normalization method as
both data types are normalized by upper quartile normalization method, and whitening-transformation
method as it is the only normalization method that highlighted a significant change among radiomic
features for all receptors’ status.

2.3. Machine Learning Classification

The dataset was stratified random split per patient into two folders: Folder 1 (60%) was used to
train and validate the classifiers; folder 2 (40%) to test the models. The reason of this split is that a
classifier should be tested on an independent set of data to reduce overfitting problems and bias in the
overall accuracy of the classifier [55,58].

2.3.1. Feature Selection Methods

Feature selection is a critical step to build a robust model. In fact, the number of features used in
the final classifier and its cardinality should be limited by the number of subjects presenting the event
to detect in order to minimize the overfitting risk in a machine learning model. Moreover, a significant
small set of clinical features powerfully simplifies the clinical interpretation of the results, by pointing
the attention only on the most informative and relevant features [58]. Therefore, the feature selection
process was based on two main steps: relevance analysis and redundancy analysis [55]. The former
was performed using the Wilcoxon signed-rank test to identify the features that changed significantly
between two conditions (binary problem). The latter selected only one feature from each cluster of
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features mutually correlated using Spearman’s rank correlation to reduce multicollinearity in the
models [55].

2.3.2. Training, Validation, and Testing

Clinical outcomes have unbalanced ratio, which do not meet the assumptions of most machine
learning-based models. To tackle this problem, Synthetic Minority Over-sampling Technique (SMOTE)
was applied to balance the datasets [59]. It has been shown that SMOTE is a robust technique to
overcome unbalanced dataset problems with a variety of classifiers [59,60]. In this study, SMOTE has
shown to outperform other sampling methods and thus, it was used to balance the datasets.

Three different machine-learning approaches were considered to develop classifiers aiming to
automatically classify receptor status based on MRI phenotypes: Support Vector Machine (SVM),
which belongs to a general field of kernel-based machine learning methods and is used to classify both
linearly and non-linearly separable data [61]; Random Forest decision trees, an ensemble learning
method for classification that operates by constructing a multitude of decision trees during training and
outputting the class that is the mode of the classes (classification) [62,63]; Bayesian classifier, a family of
simple "probabilistic classifiers" based on applying Bayes’ theorem with strong (naïve) independence
assumptions between the features [64].

Regarding model parameters, for SVM, polynomial kernel function with the degree from 1 to 5
was used. Random Forest decision trees were developed by changing confidence factor for pruning
from 0.05 to 0.5 and minimum number of instances per leaf from 2 to 20. The algorithm parameters
were tuned during training on folder 1. Each of those methods was used with all the combinations of
relevant and non-redundant radiomic features.

The training of the machine-learning models (including classifier parameter tuning) was performed
on folder 1 (around 60% of the total number of patients). Folder 1 was also employed to validate the
classifier using a k-fold cross-validation technique. The 3-fold person-independent cross-validation
approach was used to validate the models in folder 1 [55]. The model was then tested on folder 2
(around 40% of the total number of patients), in order to assess their ability to automatically detect
the receptor status. Binary classification performance measures were adopted according to standard
formulae reported in Table 2 [65].

Table 2. Binary performance measures.

Measure Formula

Total Classification Accuracy (ACC) (TP + TN)/(TP + TN + FP + FN)

Sensitivity (SEN) TP/(TP + FN)

Specificity (SPE) TN/(FP + TN)

Area Under the Curve (AUC) -

True positive (TP); true negative (TN), false negative (FN); false positive (FP).

2.3.3. Best Model Selection

To evaluate the effect of normalization approaches for radiomic analysis, binary performance was
calculated for each ML method across all normalization methods employed in this study. The best
normalization technique for each ML model was selected as the one achieving the highest sensitivity,
specificity, accuracy and area under the curve (AUC), and the classifier that employed a smaller
number of radiomic features (i.e., less computational complexity model). Among the three different ML
methods used to train, validate and test the classifiers (SVM, RF, BN), the best-performing model was
chosen as the classifier achieving the highest AUC, which is a reliable estimator of both sensitivity and
specificity rates; in case of equal AUC, the classifier with less computational complexity was chosen.
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3. Results

This study was performed on 91 invasive breast cancers with radiomic imaging profiles from
female patients. The patients’ average age was 53.6± 11.5 years (range of 29–82 years). According to the
clinical variables, no statistically significant differences were observed between receptor status (Table
S1). For radiogenomic framework, we considered 75 matched samples of 91 invasive breast cancers.

3.1. Radiomics

A correlation analysis was run on the whole dataset to investigate the relationship between
non-normalized and normalized radiomic features (i.e., Scaling, Z-Score, Robust Z-Score, Log
transformation (LOG), Upper Quartile, Quantile and Whitening (WHT) methods). Spearman’s
rank correlation was used. Table S3 showed ρ values of the radiomic features with a p-value < 0.05.
A graphical representation of the correlation results is presented in Figure 2.

Figure 2. Correlation analysis on the whole dataset between non-normalized and normalized radiomic
features. On the x-axis radiomic features are reported; on the y-axis correlation coefficients via
Spearman correlation analysis are reported for each comparison between normalization methods
and raw features (i.e., non-normalized radiomic features). All correlation p-values resulted less than
0.05. NO: non-normalized features; Scaling normalization method; Z-score normalization method;
ZscoreR: Robust Z-score normalization method; LOG transformation; Quantile and Upper Quartile
normalization method; WHT: Whitening normalization method.

As shown in Table S3 and Figure 2, non-normalized radiomic features are perfectly correlated with
scaling, z-score, robust z-score and upper quartile normalized features. Between LOG transformation
method and non-normalized features, only four radiomic features (E1, S1, S3, and S4) showed to be
poorly correlated (ρ less than 0.8). Sixteen and thirty out of 36 radiomic features showed a very poor
correlation value with the row radiomic features (i.e., non-normalized features) for the quantile and
whitening normalization methods respectively.

Bland Altman analysis was also performed to visually investigate the agreement and disruption
of normalized methods on the radiomic features that showed a Spearman’s rank coefficient less than
0.8 with non-normalized radiomic features. Therefore, the correlation analysis was supported by the
visual inspection of the Bland–Altman analysis. An increase in bias and in width of the 95% limits of
agreement (LoA) was observed for the radiomic features that showed a Spearman’s rank coefficient
less than 0.8.
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3.1.1. Statistical Analysis per Receptor Status: ER+ vs ER–

Table 3 reports the results of the statistical analysis from Wilcoxon signed-rank test indicating
association between MRI phenotype and receptor status ER+ versus ER–, for each normalization
method. In Table 3 the radiomic features that showed a significant p-values were reported.

As shown in Table 3 and Figure 3A, 6 out of the 36 radiomic features (T5, T11, S1, S2, S3 and
G3) showed significant changes between ER– and ER+ for non-normalized, scaling, z-score, robust
z-score, log-transformation and upper quartile radiomic features. Three out of these 6 features (T5, T11,
G3) decreased significantly in ER– cases, while the remaining 3 features showed a significant increase
trend. For quantile normalization, five features out of 36 radiomic features (T5, T11, S2, S3, and G3)
changed significantly between ER– and ER+. As far as whitening normalization method is concerned,
only three radiomic features (T11, S2, and G3) showed significant changes between ER– and ER+ and
maintained coherent trends with the other normalization methods.

Table 3. Results from the Wilcoxon signed-rank test indicating association between MRI phenotype
and molecular classification ER+ versus ER–.

Non-
Normalized

Scaling Z-Score
Robust
Z-Score

LOG Quantile
Upper

Quartile
WHT

Feature
Names

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

T5 0.029
(↓↓) 0.029 (↓↓) 0.029 (↓↓) 0.029 (↓↓) 0.029 (↓↓) 0.029 (↓↓) 0.029 (↓↓) 0.287

(↓)
T11 0.031

(↓↓) 0.031 (↓↓) 0.031 (↓↓) 0.031 (↓↓) 0.031 (↓↓) 0.031 (↓↓) 0.031 (↓↓) 0.002 (↓↓)

S1 0.003
(↑↑) 0.003 (↑↑) 0.003 (↑↑) 0.003 (↑↑) 0.003 (↑↑) 0.003 (↑↑) 0.003 (↑↑) 0.688

(↑)
S2 0.003

(↑↑) 0.003 (↑↑) 0.003 (↑↑) 0.003 (↑↑) 0.003 (↑↑) 0.003 (↑↑) 0.003 (↑↑) 0.004 (↑↑)

S3 0.011
(↑↑) 0.011 (↑↑) 0.011 (↑↑) 0.011 (↑↑) 0.011 (↑↑) 0.011 (↑↑) 0.011 (↑↑) 0.524

(↓)
G3 0.029

(↓↓) 0.029 (↓↓) 0.029 (↓↓) 0.029 (↓↓) 0.029 (↓↓) 0.029 (↓↓) 0.029 (↓↓) 0.029 (↓↓)
↓↓ (or ↑↑): used to report a significant (p-value < 0.05) decrease (or increase) of feature median in negative receptor
status (ER–),↓ (or ↑) indicated a non-significant (p-value > 0.05) decrease (or increase) of a feature median in negative
receptor status (ER–).

3.1.2. Statistical Analysis per Receptor Status: PR+ vs PR–

Table 4 reports the results of the statistical analysis from Wilcoxon signed-rank test indicating
association between MRI phenotype and receptor status PR+ versus PR–, for each normalization
method. In Table 4 the radiomic features that showed a significant p-values were reported.

As shown in Table 4 and Figure 3B, 5 out of the 36 radiomic features (E3, E4, T4, T5, and T6)
showed significant changes between PR– and PR+ for non-normalized, scaling, z-score, robust z-score,
log-transformation, upper quartile and quantile radiomic features. Three out of these 5 features (E3,
E4, T5) showed a significantly decreased value in PR– status, while the remaining 2 features showed
a significant increase. As far as whitening normalization method is concerned, only three radiomic
features (T2, T5, and S2) showed significant changes between PR– and PR+. T2 and T5 showed a
decreased value in PR– status, while S2 showed an increased value in PR– status.

3.1.3. Statistical Analysis per Receptor Status: HER2+ vs HER2–

Table 5 reports the results of the statistical analysis from Wilcoxon signed-rank test indicating
association between MRI phenotype and receptor status HER2+ versus HER2–, for each normalization
method. In Table 5 the radiomic features that showed a significant p-values were reported.
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Table 4. Results from the Wilcoxon signed-rank test indicating association between MRI phenotype
and molecular classification PR+ versus PR.

Non-
Normalized

Scaling Z-Score
Robust
Z-Score

LOG Quantile
Upper

Quartile
WHT

Feature
Names

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

E3 0.021
(↓↓) 0.021 (↓↓) 0.021 (↓↓) 0.021 (↓↓) 0.021 (↓↓) 0.021 (↓↓) 0.021 (↓↓) 0.418

(↑)
E4 0.038

(↓↓) 0.038 (↓↓) 0.038 (↓↓) 0.038 (↓↓) 0.038 (↓↓) 0.038 (↓↓) 0.038 (↓↓) 0.867
(↑)

T2 0.071
(↓)

0.071
(↓)

0.071
(↓)

0.071
(↓)

0.071
(↓)

0.071
(↓)

0.071
(↓) 0.046 (↓↓)

T4 0.049
(↑↑) 0.049 (↑↑) 0.049 (↑↑) 0.049 (↑↑) 0.049 (↑↑) 0.049 (↑↑) 0.049 (↑↑) 0.178

(↑)
T5 0.004

(↓↓) 0.004 (↓↓) 0.004 (↓↓) 0.004 (↓↓) 0.004 (↓↓) 0.004 (↓↓) 0.004 (↓↓) 0.02
(↓↓)

T6 0.02
(↑↑)

0.02
(↑↑)

0.02
(↑↑)

0.02
(↑↑)

0.02
(↑↑)

0.02
(↑↑)

0.02
(↑↑)

0.303
(↑)

S2 0.175
(↑)

0.175
(↑)

0.175
(↑)

0.175
(↑)

0.175
(↑)

0.175
(↑)

0.175
(↑) 0.021 (↑↑)

↓↓ (or ↑↑): used to report a significant (p-value < 0.05) decrease (or increase) of feature median in negative receptor
status (PR–), ↓ (or ↑) indicated a non-significant (p-value > 0.05) decrease (or increase) of a feature median in
negative receptor status (PR–).

Table 5. Results from the Wilcoxon signed-rank test indicating association between MRI phenotype
and molecular classification HER2+ versus HER2–.

Non-
Normalized

Scaling Z-Score
Robust
Z-Score

LOG Quantile
Upper

Quartile
WHT

Feature
Names

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

K6 0.054
(↑)

0.054
(↑)

0.054
(↑)

0.054
(↑)

0.054
(↑)

0.054
(↑)

0.054
(↑) 0.008 (↑↑)

T8 0.414
(↑)

0.414
(↑)

0.414
(↑)

0.414
(↑)

0.414
(↑)

0.414
(↑)

0.414
(↓) 0.025 (↑↑)

M3 0.393
(↑)

0.393
(↑)

0.393
(↑)

0.393
(↑)

0.393
(↑)

0.393
(↑)

0.393
(↑) 0.048 (↑↑)

↓↓ (or ↑↑): used to report a significant (p-value<0.05) decrease (or increase) of feature median in negative receptor
status (HER2+), ↓ (or ↑) indicated a non-significant (p-value > 0.05) decrease (or increase) of a feature median in
negative receptor status (HER2+).

As shown in Table 5 and Figure 3C, none of 36 radiomic features showed significant changes
between HER2– and HER2+ for all normalization methods but whitening transformation. As far
as whitening normalization method is concerned, three radiomic features (K6, T8, and M3) showed
significant changes between HER2– and HER2+. All these features showed an increased value in
HER2 positive cases.

3.1.4. Statistical Analysis per Receptor Status: TN vs Others

Table 6 reports the results of the statistical analysis from Wilcoxon Rank test indicating association
between MRI phenotype and receptor status TN versus Others, for each normalization method.
In Table 6 the radiomic features that showed a significant p-values were reported.

As shown in Table 6 and Figure 3D, 5 out of the 36 radiomic features (E2, G2, S1, S2, and S3)
showed significant changes between TN vs Others for non-normalized, scaling, z-score, robust z-score,
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log-transformation, upper quartile, and quantile radiomic features. All 5 features showed a significantly
increased value in TN status. As far as whitening normalization method is concerned, five different
radiomic features (E2, T6, T11, G2, and S2) showed significant changes between TN and Others.
All features, expect T11, showed an increased value in TN status.

Table 6. Results from the Wilcoxon signed-rank test indicating association between MRI phenotype
and molecular classification TN versus Others.

Non-
Normalized

Scaling Z-Score
Robust
Z-Score

LOG Quantile
Upper

Quartile
WHT

Feature
Names

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

Pval
(Trend)

E2 0.048
(↑↑) 0.048 (↑↑) 0.048 (↑↑) 0.048 (↑↑) 0.048 (↑↑) 0.048 (↑↑) 0.048

(↑↑) 0.035 (↑↑)

T6 0.107
(↑)

0.107
(↑)

0.107
(↑)

0.107
(↑)

0.107
(↑)

0.107
(↑)

0.107
(↑)

0.024
(↑↑)

T11 0.078
(↓)

0.078
(↓)

0.078
(↓)

0.078
(↓)

0.078
(↓)

0.078
(↓)

0.078
(↓)

0.024
(↓↓)

G2 0.048
(↑↑) 0.048 (↑↑) 0.048 (↑↑) 0.048 (↑↑) 0.048 (↑↑) 0.048 (↑↑) 0.048 (↑↑) 0.019

(↑↑)
S1 0.01

(↑↑)
0.01
(↑↑)

0.01
(↑↑)

0.01
(↑↑)

0.01
(↑↑)

0.01
(↑↑)

0.01
(↑↑)

0.458
(↑)

S2 0.01
(↑↑)

0.01
(↑↑)

0.01
(↑↑)

0.01
(↑↑)

0.01
(↑↑)

0.01
(↑↑)

0.01
(↑↑)

0.021
(↑↑)

S3 0.012
(↑↑) 0.012 (↑↑) 0.012 (↑↑) 0.012 (↑↑) 0.012 (↑↑) 0.012 (↑↑) 0.012 (↑↑) 0.259

(↑)
↓↓ (or ↑↑): used to report a significant (p-value < 0.05) decrease (or increase) of feature median in negative receptor
status (TN), ↓ (or ↑) indicated a non-significant (p-value > 0.05) decrease (or increase) of a feature median in negative
receptor status (TN).

3.2. Genomics

As previously shown, several MRI radiomic features showed statistically significant variations in
ER, PR, HER2, and TN status across different normalization approaches.

Aberrant miRNAs expression is one of the genomic alterations occurring in breast cancer [66],
which showed association with some MRI radiomic features [22] Thus, we computed miRNAs
differentially expressed among TCGA breast tumor tissues with ER, PR, and HER2 receptor status
annotation available. Ten differentially expressed miRNAs (DEmiRNAs, p adjusted ≤0.05), including
hsa-mir-4662a, hsa-mir-486.1, hsa-mir-486.2, hsa-mir-526b(mir-515 family), hsa-mir-122, hsa-mir-653,
hsa-mir-9.2, hsa-mir-135a.2, hsa-mir-184 and hsa-mir-206 (mir-1 family) were used to investigate
relationship between radiomic and genomic features.

Box plots show DEmiRNAs trend as function of ER (Figure S1), PR (Figure S2), HER2 (Figure S3),
and triple negative (Figure S4) receptor status, with Wilcoxon test for statistical significance (threshold
p-value less than 0.05). Several DEmiRNAs showed to be statistically significant in ER receptor status
(hsa-mir-122, hsa-mir-653, hsa-mir-9.2, hsa-mir-135a.2, hsa-mir-184) with a p-value < 0.05 (Figure S1).
Three DEmiRNAs expression (hsa-mir-653, hsa-mir-9.2, hsa-mir-184) showed a significant p-values
for PR status (Figure S2). Only two DEmiRNAs expression (hsa-mir-653, hsa-mir-135a.2) showed a
significant variation in HER2 status (Figure S3). Lastly, four DEmiRNAs expression (hsa-mir-122,
hsa-mir-653, hsa-mir-9.2, and hsa-mir-184) had a statistical variation in TN cases (Figure S4).
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Figure 3. Statistically significant radiomic features. Statistically significant radiomic features across
normalization methods are identified with a circle. (A) Statistically significant radiomic features for
receptor status ER across normalization methods. (B) Statistically significant radiomic features for
receptor status PR across normalization methods. (C) Statistically significant radiomic features
for receptor status HER2 across normalization methods. (D) Statistically significant radiomic
features for receptor status TN across normalization methods. NO: non-normalized features;
Scaling normalization method; Z-score normalization method; ZscoreR: Robust Z-score normalization
method; LOG transformation; Quantile and Upper Quartile normalization method; WHT: Whitening
normalization method.

3.3. Radiogenomics

As shown previously, a set of statistically significant radiomic features emerged from different
normalization approaches. In order to assess imaging-genomic associations, considering that the
distributions of radiomic and genomic features were not normal, we carried out Spearman’s correlation
analysis between the statistically significant radiomic features and miRNAs differentially expressed in
breast cancer.

Regarding the correlation, we chose radiomic features from two normalization methods: i) the
upper quartile (UQ) normalized method, since the UQ method was used to normalize miRNA-seq data,
and ii) the whitening method (WHT), because it provided statistically significant radiomic features for
all receptors’ status.

The samples were stratified into ER+/ER–, PR+/PR–, and HER+/HER2– and TN status. Greater
attention was paid in investigating imaging-genomic associations for ER-negative, PR-negative,
HER2-positive, and TN cases, which are more relevant to the clinical practise.
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3.3.1. Correlation Analysis per Receptor Status: ER+ vs ER–

Spearman’s correlation analysis between UQ normalized radiomic features and miRNAs, for ER
negative receptor status, highlighted a statistically significant negative correlation between the shape
feature G3 and hsa-mir-526b (p-value adjusted < 0.05, Table S4), representing the ratio surface area to
volume based on 3D reconstruction of lesion (Figure 4A). Other correlations included the size feature
S3 with hsa-mir-653 and hsa-mir-206, characterizing lesion surface area, and the enhancement texture
feature T5, indicating image homogeneity, associated with hsa-mir-9.2 (Figure 4A), although these
correlations were not statistically significant (Table S4).

Figure 4. Spearman correlation between miRNAs expression and MRI radiomic features normalized
by Upper Quartile and Whitening methods for molecular receptor status. (A) Correlation between
ER negative breast cancer miRNAs expression and MRI radiomic features normalized by Upper
Quartile (UQ) method. (B) Correlation between ER negative breast cancer miRNAs expression and
MRI radiomic features normalized by Whitening (WHT) method. (C) Correlation between PR negative
breast cancer miRNAs expression and MRI radiomic features normalized by Upper Quartile (UQ)
method. (D) Correlation between PR negative breast cancer miRNAs expression and MRI radiomic
features normalized by Whitening (WHT) method. (E) Correlation between HER2 positive breast cancer
miRNAs expression and MRI radiomic features normalized by whitening methods. (F) Correlation
between TN negative breast cancer miRNAs expression and MRI radiomic features normalized by
Upper Quartile (UQ) method. (G) Correlation between TN negative breast cancer miRNAs expression
and MRI radiomic features normalized by Whitening (WHT) method.

In contrast, when we performed Spearman’s correlations for ER negative receptor status, using
WHT normalized radiomic features, the shape feature G3 resulted associated with hsa-mir-9.2
(p adjusted < 0.01) in a statistically significant manner (Figure 4B, Table S4).
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3.3.2. Correlation Analysis per Receptor Status: PR+ vs PR–

For PR negative receptor status, UQ normalized radiomic features T5 (angular second moment,
energy) and T6 (entropy) inversely correlated with hsa-mir-9.2 (p-value adjusted < 0.05) (Figure 4C,
Table S4). These enhancement texture features indicate image homogeneity and randomness of the
grey levels.

Similarly, for PR negative status, WHT normalized radiomic features (T5 and T2) showed to be
correlated (p-value adjusted < 0.05) with different miRNAs (hsa-mir-135a.2, hsa-mir-184, hsa-mir-206)
(Figure 4D, Table S4).

3.3.3. Correlation Analysis per Receptor Status: HER2+ vs HER2–

For HER2 positive receptor status, we only performed a correlation analysis using WHT
normalized radiomic features, as it was the only normalization method that identified statistically
significant radiomic features. In this case, the morphological feature M3 correlated with hsa-mir-486.2,
characterizing lesion enhancement structure from the central to a radial pattern, although this
association was not statistically significant (Figure 4E, Table S4).

3.3.4. Correlation Analysis per Receptor Status: TN vs Others

We found interesting findings for TN receptor status, comparing UQ and WHT normalized
radiomic features.

Correlation analysis of UQ normalized radiomic features highlighted that G2 and S3 were inversely
correlated with hsa-mir-653 and hsa-mir-206, respectively (Figure 4F), whereas we found a positive
correlation between the enhancement texture feature E2 and hsa-mir-9.2, indicating enhancement
variance kinetics. However, none of these correlations were statistically significant (Table S4).

Conversely, when we used WHT normalized radiomic features, we found several statistically
significant correlations. Indeed, negative correlations were found between the shape feature G2
measuring irregularity of the lesion with hsa-mir-526b (p adjusted < 0.01), hsa-mir-486-1 and
hsa-mir-486-2 (both, p-adjusted n.s.) (Figure 4G, Table S4).We found positive correlations with the size
feature S2 indicating effective diameter of a sphere with the same volume of the lesion with hsa-mir-206
(p-value adjusted < 0.01), hsa-mir-486-1 (p-value adjusted n.s.) and hsa-mir-486-2 (p-adjusted < 0.05)
and negative correlation with hsa-mir-653 (p-adjusted n.s.) (Figure 4G, Table S4). In addition, we
found positive correlations between the enhancement variance kinetics E2, enhancement texture T6
and T11 features with hsa-mir-9.2. Among these associations, only T6 was statically significant (p-value
adjusted < 0.05) (Figure 4G, Table S4).

3.4. Machine Learning Per Molecular Classification

Regarding the feature selection process, all possible combinations of relevant and non-redundant
radiomic features were investigated for each normalization methods employed in the study. Each
machine learning method was trained and validated with all combinations of radiomic features using
folder 1. The best feature combination was chosen as the one achieving the best AUC during training.
The classifiers were, then, tested on folder 2.

3.4.1. Receptor Status: ER– vs ER+

Figure 5 shows the best performance of the three machine learning classifiers (SVM, RF, and NB)
across all normalization methods to automatically detect ER receptor status. For each normalization
approach the radiomic features chosen as the one achieving the best performance are reported along
with the respective performance in Tables S5–S7.

Figure 6A shows the best classifiers for each of the machine learning methods according to the
criteria defined in Section 2.3.3. The classifier achieving the best performances to detect ER– status
is Random Forest using only two radiomic features (T11 and S2) normalized via whitening method.
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Figure 6B shows the ROC curves for the best classifiers to automatically detect ER receptor status. Box
plots of radiomic features chosen by the machine learning methods to automatically detect ER status
are shown in Figure S5.

Figure 5. Classifiers performance on testing dataset to identify ER receptor status via radiomic
features across normalization methods (NO: non-normalized features; SCL: Scaling normalization
method; ZSC: Z-score normalization method; RZSC: Robust Z-score normalization method; LOG
transformation; UPQRT: Upper Quartile normalization methods; QNT: Quantile normalization method;
WHT: Whitening normalization method). A) Support Vector Machine (SVM) Performance on Testing
dataset ER+ vs ER–. B) Random Forest (RF) Performance on Testing dataset ER+ vs ER–. C) Naïve
Bayesian (NB) Performance on Testing dataset ER+ vs ER–.

Figure 6. Classifiers’ performance to detect ER receptor status. (A) Comparison table among classifiers:
ER+ vs ER–. (B) ROC curves for the best classifiers to automatically detect ER receptor status. a) Best
classifier for Support Vector Machine Method. The normalization methods that achieved the best
performance are Scaling, Z-score, Robust Z-score, Upper Quartile normalization methods. They
achieved the same performance; therefore, one ROC curve with non-normalized features is reported.
b) Best classifier for Random Forest Method. The normalization method that achieved the best
performance is the whitening method. c) Best classifier for Naïve Bayesian Method. The normalization
method that achieved the best performance is scaling method.
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3.4.2. Receptor Status: PR– vs PR+

Figure 7 shows the best performance of the three machine learning classifiers (SVM, RF, and NB)
across all normalization methods to automatically detect PR receptor status. For each normalization
approach the radiomic features chosen as the one achieving the best performance are reported along
with the respective performance in Tables S8–S10.

Figure 7. Classifiers performance on testing dataset to identify PR receptor status via radiomic
features across normalization methods (NO: non-normalized features; SCL: Scaling normalization
method; ZSC: Z-score normalization method; RZSC: Robust Z-score normalization method; LOG
transformation; UPQRT: Upper Quartile normalization methods; QNT: Quantile normalization method;
WHT: Whitening normalization method). A) Support Vector Machine (SVM) Performance on Testing
dataset PR+ vs PR–. B) Random Forest (RF) Performance on Testing dataset PR+ vs PR–. C) Naïve
Bayesian (NB) Performance on Testing dataset PR+ vs PR–.

Figure 8A shows the best classifiers for each of the machine learning methods according to the
criteria defined in Section 2.3.3. The classifier achieving the best performances to detect PR negative
status is Naïve Bayesian model using only two radiomic features (E4 and T5) normalized via quantile
method. Figure 8B shows the ROC curves for the best classifiers to automatically detect PR receptor
status. Box plots of radiomic features chosen by the machine learning methods to automatically detect
PR status are shown in Figure S6.

3.4.3. Receptor Status: HER2– vs HER2+

Figure 9A shows the best classifiers for each of the machine learning methods according to the
criteria defined in Section 2.3.3. The classifier achieving the best performances to detect HER2 receptor
status is Random Forest model using only two radiomic features (T8 and K6) normalized via whitening
normalization method. Figure 9B shows the ROC curves for the best classifiers to automatically detect
HER2 receptor status. Box plots of radiomic features chosen by the machine learning methods to
automatically detect HER2 status are shown in Figure S7.

3.4.4. Receptor Status: TN vs Others

Figure 10 shows the best performance of the three machine learning classifiers (SVM, RF, and NB)
across all normalization methods to automatically detect TN cases. For each normalization approach
the radiomic features chosen as the one achieving the best performance are reported along with the
respective performance in Tables S11–S13.
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Figure 8. Classifiers’ performance to detect PR receptor status. (A) Comparison table among classifiers:
PR+ vs PR–. (B) ROC curves for the best classifiers to automatically detect PR receptor status.
a) Best classifier for Support Vector Machine Method. The normalization methods that achieved
the best performance is the quantile normalization method. b) Best classifier for Random Forest
Method. The normalization method that achieved the best performance is the quantile method. c) Best
classifier for Naïve Bayesian Method. The normalization method that achieved the best performance is
quantile method.

Figure 9. Classifiers’ performance to detect HER2 receptor status. (A) Comparison table among
classifiers: HER2+ vs HER2–. (B) ROC curves for the best classifiers to automatically detect
HER2 receptor status. Radiomic Feature normalized by whitening methods were considered for
the classification task. a) Best classifier for Support Vector Machine Method. b) Best classifier for
Random Forest Method. c) Best classifier for Naïve Bayesian method.

Figure 11A shows the best classifiers for each of the machine learning methods according to the
criteria defined in Section 2.3.3. The classifier achieving the best performances to detect TN cases
is Random Forest model using only two radiomic features (T11 and G2) normalized via whitening
method. Figure 11B shows the ROC curves for the best classifiers to automatically detect TN cases.
Box plots of radiomic features chosen by the machine learning methods to automatically detect TN
cases are shown in Figure S8.
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Figure 10. Classifiers performance on testing dataset to identify TN cases via radiomic features across
normalization methods (NO: non-normalized features; SCL: Scaling normalization method; ZSC: Z-score
normalization method; RZSC: Robust Z-score normalization method; LOG transformation; UPQRT:
Upper Quartile normalization methods; QNT: Quantile normalization method; WHT: Whitening
normalization method). A) Support Vector Machine (SVM) Performance on Testing dataset TN vs
Others. B) Random Forest (RF) Performance on Testing dataset TN vs Others. C) Naïve Bayesian (NB)
Performance on Testing dataset TN vs Others.

Figure 11. Classifiers’ performance to detect TN receptor status. (A) Comparison table among
classifiers: TN vs Others. (B) ROC curves for the best classifiers to automatically detect TN receptor
status. a) Best classifier for Support Vector Machine Method. The normalization methods that achieved
the best performance is the quantile normalization method. b) Best classifier for Random Forest
Method. The normalization method that achieved the best performance is the quantile method. c) Best
classifier for Naïve Bayesian Method. The normalization method that achieved the best performance is
quantile method.
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4. Discussion

The results from this study demonstrate that quantitative radiomic analysis shows potential as a
means for high-throughput image-based phenotyping to automatically detect breast cancer receptor
status via machine learning methods. Moreover, this study investigates the effect of normalization
methods on radiomic features to automatically detect receptor status of breast cancer patients. Altogether
our results suggest that quantitative radiomic analysis is influenced by normalization method choice.

The results from the correlation analysis along with visual inspection by Bland–Altman analysis,
showed that all radiomic features are perfectly correlated with non-normalized radiomic features using
scaling, z-score, robust z-score, and upper quartile normalization methods. Therefore, these methods
help reducing bias and do not alter the information carried by the “row” radiomic features. These
normalization methods, thus, result less aggressive than log-transformation, quantile, and whitening
methods. In fact, four, sixteen and thirty out of 36 radiomic features showed a poorly correlation value
with non-normalized radiomic features for log-transformation, quantile, and whitening normalization
methods respectively. These results were expected. Log-transformation should be carefully applied
to radiomic data as does not always decrease the skewness of the distribution but can make it more
skewed than the raw data. Another common use of the log-transformation is to reduce the variability
of data, especially in data sets including outliers, but it can often increase the variability of data.
Moreover, log-transformation can only be used for positive outcomes, thus, for negative values it is
common to add a small positive constant, a, to all observations before applying this transformation.
Although this practice can appear quite meaningless, it can have a noticeable effect on the level of
statistical significance [67]. Therefore, log-transformation should be carefully used in radiomic studies.

Quantile normalization method transforms original data to remove undesirable technical variation.
Technical variation could cause apparent differences between samples. This kind of normalization is
achieved by forcing the observed distributions to be the same and the average distribution, obtained by
taking the average of each quantile across samples, is used as the reference. This method has worked
well in practice, but important information could be wiped out and features that are not statically
different across samples can be artificially induced [51]. Therefore, although it could improve the
predictive power of the features, it should be used carefully.

Whitening normalization using PCA can make a more substantial normalization of the features to
give it zero mean and unit covariance, so that transformed features become decorrelated [68]. One
weakness of this transformation is that it can greatly exaggerate the noise in the data, since it stretches
all dimensions (including noise) to be of equal size in the input. However, this method is often used as
pre-processing step for machine learning models as it improves the overall performance.

Consequently, “aggressive” normalization methods should be carefully assessed based on the
nature of the data and the main goal of the analysis.

Regarding the statistical analysis per receptor status, the results are in agreement with the existing
literature [69].

Our results indicate that ER-negative cases may have larger volume, diameter and lesion area
whereas less homogeneity and brightness than ER-positive cases. Similar observations were also
reported by Chen et al. [70] in a correlation study between ER status and breast MRI radiomics and Li
et al. [7] that showed an higher effective diameter, irregularity and entropy in ER-negative cases.

Different results were observed using quantile and whitening transformation methods. In fact,
less features showed to be significantly different between positive and negative ER cases. One features
(S1) and three features (T5, S1, S3) were not statistically significant using whitening and quantile
transformation methods compared to the other investigated normalization methods. Moreover, these
phenotypes captured on imaging are in agreement with prior literature showing that ER– tumors have
higher microvessel density [71], higher levels of vascular endothelial growth factor [72], and higher
proliferative activity [72].

Our results indicate that PR-negative cases may have lower enhancement-variance rate and
homogeneity while higher entropy. PR-negative cases are also larger, more irregular in shape, more
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heterogeneous, and have a faster contrast uptake than PR-positive cases as also demonstrated by
Li et al. [7]. These observations confirm the existing evidence that PR cancers tend to have high
growth factor signaling [73]. Different results were observed using whitening-transformation method.
In fact, less features showed to be significantly different between positive and negative PR cases.
Three radiomic features showed significant changes between PR cases, while T5 was also captured as
significant feature (p-value < 0.05) by other normalization methods, T2 and S2 were not statistically
significant using other transformation methods.

As far as HER2 growth factor is concerned, none of 36 radiomic features showed significant
changes between positive and negative HER2 cases except for whitening-transformation. Indeed,
features normalized by whitening method showed an increased value in enhancement texture, structure
and voxel for HER2 positive case.

TN cases showed to be larger, more irregular in shape, heterogeneous, and have a faster contrast
uptake rate than all the other cases. Similar results were achieved by Agner et al. [28] showing more
lesion heterogeneity in TN breast cancers than non-TN cancers. Li et al. [7] reported that TN cases
are larger in size due to the over expression of oncogenes that favor cell proliferation defined by the
absence of ER, PR, and HER2 receptors. Youk et al. [74] showed that larger tumor size was significantly
associated with TN breast cancer. Using whitening transformation, different radiomic features showed
statistical changes between cases but maintained the overall trends.

Overall, imaging phenotypes like enhancement texture, size features convey pathophysiologic
characteristics like proliferation and angiogenesis provide clues to more accurate prognosis and optimal
treatment. It is interesting to note that enhancement texture (especially heterogeneity) emerged as
an important discriminatory indicator. In our study, a decrease in homogeneity was observed in
ER–, PR–, and TN cancers relative to ER+, PR+, and non-TN cancers, in agreement with the exiting
literature. Enhancement texture homogeneity was also found to be positively associated with tumor
stage, suggesting that larger, heterogeneous tumors are potentially linked to more aggressive cancers [7]
with higher probability of recurrence [41].

Moreover, we questioned whether radiomic features may be associated with aberrantly expressed
breast cancer miRNAs. Thus, we evaluated the correlation degree using two different radiomic features
normalization methods. In accordance with the exiting literature, breast miRNAs expression resulted
associated especially to MR radiomic features such as shape and enhancement texture features [22].
However, as expected, we showed that various radiomic features normalization approaches capture
different imaging-genomic associations. For example, for ER receptor status the upper quartile
normalized G3 feature correlated with hsa-mir-526b whereas whitening normalized G3 feature correlated
with hsa-mir-9.2. For this reason, once chosen the appropriate radiomic framework of analysis,
conspicuous testing of radiomic results on external and independent image datasets are encouraged.

Using machine learning algorithms, enhancement texture features were selected as the most
predictive feature for tumor receptor status. Hence, radiomic features have a high predictive power to
detect clinical variables related to the genomic status of a tumor, such as ER status and PR status. The
machine learning method that better performed to automatically detect ER, HER2, and TN cases is the
Random Forest with an AUC of 86%, 91%, and 91% respectively. Naïve Bayesian outperformed the
other methods to detect PR cases with 93% AUC.

Compared to the existing literature, the results achieved in this study via machine learning
methods outperformed other studies.

Xie et al. [32] achieved an AUC of 91% via linear SVM using several whole-tumor texture features
extracted from DCE and DWI-related original images, while we achieved the same AUC values using
only two DCE imaging feature, reducing considerably the computational complexity of the Random
Forest model. Agner et al. [28] used the morphologic and texture features extracted from the whole
tumor on the early postcontrast images in conjunction with an SVM classifier, achieving a lower
AUC (of 74%) to detect TN cases. Li at al. [7] also achieved a lower AUC value using quantitative
imaging phenotypes of size, shape, and enhancement texture via linear discriminant analysis to predict
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clinical receptor status, namely ER+ vs ER– (89% AUC), PR+ vs PR– (69% AUC), HER2+ vs HER2–
(65%AUC),and TN cases (67% AUC). Yoon et al. [33] used a deep learning approach utilizing imaging
data from TCIA to generate prediction of clinical outcomes receptor status. They achieved lower
performance to predict ER (82% AUC), PR (75% AUC), HER2 (72% AUC), but they accomplished a
slightly higher AUC values using the combination of radiomics and genomics data.

Overall, in this study using robust machine learning methods and employing few radiomic
feature to reduce the computational complexity of the ML models, we achieved better AUC values
to discriminate clinical receptor status, paving the way to non-invasive disease monitoring using
imaging features as potential surrogate markers of underlying molecular activity that may aid in
clinical diagnosis and treatment planning.

Most of the radiomic features chosen by the ML methods were normalized using whitening
transformation, whereas to detect PR cases the radiomic features were normalized by quantile
transformation. These results were expected as quantile and whitening transformation are considered
among the best normalizing transformation when compared to other alternatives in machine learning
models [52,75]. Both transformation methods reduce the leverage of potentially influential points
among candidate predictors and remove redundancy among them. In fact, normalization of the
covariates mitigates the leverage and potential influence of these covariates to an extent, which in
some cases, will allow for more robust model selection.

However, this study presents some limitations. The MR images used in this study were acquired
by different institutions more than 10 years ago. These may have had different acquisition protocols,
different weight-based dosing regimen for contrast agents, and different time resolution of post-contrast
sequences, and therefore, these images may not reflect current MRI technology, which has advanced
considerably during the past decade. Consequently, our results can only be generalized to this
population. However, the bias was limited by performing several normalization methods on the
extracted radiomic features. Another limitation of our study was that the patient sample was relatively
small and unbalanced, but by performing a cross validation for each molecular classification assessment
(e.g., between ER+ and ER– cases) and applying balancing methods (SMOTE) to the developed model,
the overall bias was reduced. In addition, our study lacks further validation on internal cohort, for
which patient recruitment is ongoing.

Therefore, after this pilot study, which helped us establishing a robust framework of analysis,
upcoming work will include studies on a larger and more recent clinically annotated data set to
verify and validate the results from this preliminary study. We will further assess the role of the MRI
phenotypes in combination with genomic and clinical information to improve the prediction power of
the machine learning-based models. Furthermore, molecular breast cancer intrinsic subtypes will be
also investigated.

5. Conclusions

In this study, our results demonstrate that there are statistically significant associations between
radiomic tumor features and breast cancer molecular receptor status. Breast tumor characterization,
including the ER, PR, and HER2 molecular receptor status, represents a primary goal to direct treatment
options and targeted chemotherapies. Thus, in order to achieve a more accurate and early diagnosis is
relevant to identify non-invasive diagnostic imaging biomarker associated to the molecular receptor
status. This study investigated several statistical approaches to identify the relationship between
medical imaging quantitative descriptors of clinical phenotypes and molecular tumor characteristics.
Moreover, the prediction power of each radiomic feature normalization method was assessed by three
advanced machine learning algorithms. The results from this study offer a better understanding into
the underlying tumor biology including tumor enhancement texture. Identifying receptor status via
imaging phenotypes may aid in clinical diagnosis and treatment planning. At the same time, we aware
researchers to implement in radiomic analysis framework different radiomic feature normalization
approaches and standards for post-acquisition data processing, in order to ensure more robust findings.
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Another important advantage of our approach is that opens the door to the identification of non-invasive
in vivo imaging surrogate markers that could reflect the underlying tumor biology.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-6694/12/2/518/s1,
Figure S1: Relationship between breast cancer miRNAs expression and ER receptor status; Figure S2: Relationship
between breast cancer miRNAs expression and PR receptor status; Figure S3: Relationship between breast
cancer miRNAs expression and HER2 receptor status; Figure S4: Relationship between breast cancer miRNAs
expression and TN cases; Figure S5. Box plots of radiomic features chosen by the machine learning methods
to automatically detect ER status; Figure S6: Box plots of radiomic features chosen by the machine learning
methods to automatically detect PR status; Figure S7: Box plots of radiomic features chosen by the machine
learning methods to automatically detect HER2 receptor; Figure S8: Box plots of radiomic features chosen by
the machine learning methods to automatically detect TN cases. Table S1: Additional Clinical Parameters; Table
S2: Radiomic Features; Table S3: Correlation Analysis on the Whole Dataset between Non-Normalized and
Normalized Radiomic Features; Table S4: Imaging-genomic associations; Table S5: Support Vector Machine
Performance on Testing dataset ER+ vs ER–; Table S6: Random Forest Performance on Testing dataset ER+ vs
ER–; Table S7: Naïve Bayesian Performance on Testing dataset ER+ vs ER–; Table S8: Support Vector Machine
Performance on Testing dataset PR+ vs PR–; Table S9: Random Forest Performance on Testing dataset PR+ vs
PR–: Table S10: Naïve Bayesian Performance on Testing dataset PR+ vs PR–; Table S11: Support Vector Machine
Performance on Testing dataset TN vs Others; Table S12: Random Forest Performance on Testing dataset TN vs
Others; Table S13: Naïve Bayesian Performance on Testing dataset TN vs Others.

Author Contributions: R.C. and K.P. wrote the manuscript, designed the analysis framework for radiomics and
genomics, contributing equally to this work. M.F. contributed to conception and design and supported data
analysis. E.N. interpreted data and validated the results. M.S. revised the manuscript critically and approved the
version to be published. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Siegel, R.; Ma, J.; Zou, Z.; Jemal, A. Cancer statistics, 2014. CA Cancer J. Clin. 2014, 64, 9–29. [CrossRef]
[PubMed]

2. Fiordelisi, M.; Auletta, L.; Meomartino, L.; Basso, L.; Fatone, G.; Salvatore, M.; Mancini, M.; Greco, A.
Preclinical Molecular Imaging for Precision Medicine in Breast Cancer Mouse Models. Contrast Media Mol.
Imaging 2019, 2019, 8946729. [CrossRef] [PubMed]

3. Carey, L.A.; Perou, C.M.; Livasy, C.A.; Dressler, L.G.; Cowan, D.; Conway, K.; Karaca, G.; Troester, M.A.;
Tse, C.K.; Edmiston, S. Race, breast cancer subtypes, and survival in the Carolina Breast Cancer Study. JAMA
2006, 295, 2492–2502. [CrossRef] [PubMed]

4. Voduc, K.D.; Cheang, M.C.; Tyldesley, S.; Gelmon, K.; Nielsen, T.O.; Kennecke, H. Breast cancer subtypes
and the risk of local and regional relapse. J. Clin. Oncol. 2010, 28, 1684–1691. [CrossRef] [PubMed]

5. Metzger-Filho, O.; Sun, Z.; Viale, G.; Price, K.N.; Crivellari, D.; Snyder, R.D.; Gelber, R.D.; Castiglione-
Gertsch, M.; Coates, A.S.; Goldhirsch, A. Patterns of recurrence and outcome according to breast cancer
subtypes in lymph node–negative disease: Results from International Breast Cancer Study Group Trials VIII
and IX. J. Clin. Oncol. 2013, 31, 3083. [CrossRef]

6. Arvold, N.D.; Taghian, A.G.; Niemierko, A.; Raad, R.F.A.; Sreedhara, M.; Nguyen, P.L.; Bellon, J.R.;
Wong, J.S.; Smith, B.L.; Harris, J.R. Age, breast cancer subtype approximation, and local recurrence after
breast-conserving therapy. J. Clin. Oncol. 2011, 29, 3885. [CrossRef]

7. Li, H.; Zhu, Y.; Burnside, E.S.; Huang, E.; Drukker, K.; Hoadley, K.A.; Fan, C.; Conzen, S.D.; Zuley, M.;
Net, J.M. Quantitative MRI radiomics in the prediction of molecular classifications of breast cancer subtypes
in the TCGA/TCIA data set. NPJ Breast Cancer 2016, 2, 16012. [CrossRef]

8. Goldhirsch, A.; Wood, W.C.; Coates, A.S.; Gelber, R.D.; Thürlimann, B.; Senn, H.-J.; Members, P. Strategies
for subtypes—dealing with the diversity of breast cancer: Highlights of the St Gallen International Expert
Consensus on the Primary Therapy of Early Breast Cancer 2011. Ann. Oncol. 2011, 22, 1736–1747. [CrossRef]

9. Gnant, M.; Harbeck, N.; Thomssen, C. St. Gallen/Vienna 2017: A brief summary of the consensus discussion
about escalation and de-escalation of primary breast cancer treatment. Breast Care 2017, 12, 101–106. [CrossRef]

10. Aerts, H.J. The potential of radiomic-based phenotyping in precision medicine: A review. JAMA Oncol. 2016,
2, 1636–1642. [CrossRef]

86



Cancers 2020, 12, 518

11. Wu, J.; Tha, K.K.; Xing, L.; Li, R. Radiomics and radiogenomics for precision radiotherapy. In J. Radiat. Res.;
2018; Volume 59, (Suppl_1), pp. i25–i31.

12. Gillies, R.J.; Kinahan, P.E.; Hricak, H. Radiomics: Images are more than pictures, they are data. Radiology
2015, 278, 563–577. [CrossRef] [PubMed]

13. Wu, J.; Li, B.; Sun, X.; Cao, G.; Rubin, D.L.; Napel, S.; Ikeda, D.M.; Kurian, A.W.; Li, R. Heterogeneous
enhancement patterns of tumor-adjacent parenchyma at MR imaging are associated with dysregulated
signaling pathways and poor survival in breast cancer. Radiology 2017, 285, 401–413. [CrossRef] [PubMed]

14. Mazurowski, M.A. Radiogenomics: What it is and why it is important. J. Am. Coll. Radiol. 2015, 12, 862–866.
[CrossRef] [PubMed]

15. Network, C.G.A. Comprehensive molecular portraits of human breast tumours. Nature 2012, 490, 61.
[CrossRef] [PubMed]

16. Clark, K.; Vendt, B.; Smith, K.; Freymann, J.; Kirby, J.; Koppel, P.; Moore, S.; Phillips, S.; Maffitt, D.; Pringle, M.
The Cancer Imaging Archive (TCIA): Maintaining and operating a public information repository. J. Digit.
Imag. 2013, 26, 1045–1057. [CrossRef]

17. Zanfardino, M.; Pane, K.; Mirabelli, P.; Salvatore, M.; Franzese, M. TCGA-TCIA Impact on Radiogenomics
Cancer Research: A Systematic Review. Intl. J. Mol. Sci. 2019, 20, 6033. [CrossRef]

18. Zanfardino, M.; Franzese, M.; Pane, K.; Cavaliere, C.; Monti, S.; Esposito, G.; Salvatore, M.; Aiello, M.
Bringing radiomics into a multi-omics framework for a comprehensive genotype–phenotype characterization
of oncological diseases. J. Translat. Med. 2019, 17, 337. [CrossRef]

19. Schiano, C.; Franzese, M.; Pane, K.; Garbino, N.; Soricelli, A.; Salvatore, M.; de Nigris, F.; Napoli, C. Hybrid
18F-FDG-PET/MRI Measurement of Standardized Uptake Value Coupled with Yin Yang 1 Signature in
Metastatic Breast Cancer. A Preliminary Study. Cancers 2019, 11, 1444. [CrossRef]

20. Bhooshan, N.; Giger, M.L.; Jansen, S.A.; Li, H.; Lan, L.; Newstead, G.M. Cancerous breast lesions on
dynamic contrast-enhanced MR images: Computerized characterization for image-based prognostic markers.
Radiology 2010, 254, 680–690. [CrossRef]

21. Guo, W.; Li, H.; Zhu, Y.; Lan, L.; Yang, S.; Drukker, K.; Morris, E.A.; Burnside, E.S.; Whitman, G.J.; Giger, M.L.
Prediction of clinical phenotypes in invasive breast carcinomas from the integration of radiomics and
genomics data. J. Med. Imag. 2015, 2, 041007. [CrossRef]

22. Zhu, Y.; Li, H.; Guo, W.; Drukker, K.; Lan, L.; Giger, M.L.; Ji, Y. Deciphering genomic underpinnings
of quantitative MRI-based radiomic phenotypes of invasive breast carcinoma. Sci. Rep. 2015, 5, 17787.
[CrossRef] [PubMed]

23. Giger, M.L.; Karssemeijer, N.; Schnabel, J.A. Breast image analysis for risk assessment, detection, diagnosis,
and treatment of cancer. Annu. Rev. Biomed. Eng. 2013, 15, 327–357. [CrossRef] [PubMed]

24. Bhooshan, N.; Giger, M.; Edwards, D.; Yuan, Y.; Jansen, S.; Li, H.; Lan, L.; Sattar, H.; Newstead, G.
Computerized three-class classification of MRI-based prognostic markers for breast cancer. Phys. Med. Biol.
2011, 56, 5995.

25. Grimm, L.J.; Zhang, J.; Mazurowski, M.A. Computational approach to radiogenomics of breast cancer:
Luminal A and luminal B molecular subtypes are associated with imaging features on routine breast MRI
extracted using computer vision algorithms. J. Magnet. Resonance Imag. 2015, 42, 902–907. [CrossRef]

26. Wu, J.; Cui, Y.; Sun, X.; Cao, G.; Li, B.; Ikeda, D.M.; Kurian, A.W.; Li, R. Unsupervised clustering of
quantitative image phenotypes reveals breast cancer subtypes with distinct prognoses and molecular
pathways. Clin. Cancer Res. 2017, 23, 3334–3342. [CrossRef]

27. Burnside, E.S.; Drukker, K.; Li, H.; Bonaccio, E.; Zuley, M.; Ganott, M.; Net, J.M.; Sutton, E.J.; Brandt, K.R.;
Whitman, G.J. Using computer-extracted image phenotypes from tumors on breast magnetic resonance
imaging to predict breast cancer pathologic stage. Cancer 2016, 122, 748–757. [CrossRef]

28. Agner, S.C.; Rosen, M.A.; Englander, S.; Tomaszewski, J.E.; Feldman, M.D.; Zhang, P.; Mies, C.; Schnall, M.D.;
Madabhushi, A. Computerized image analysis for identifying triple-negative breast cancers and differentiating
them from other molecular subtypes of breast cancer on dynamic contrast-enhanced MR images: A feasibility
study. Radiology 2014, 272, 91–99. [CrossRef]

29. Yamaguchi, K.; Abe, H.; Newstead, G.M.; Egashira, R.; Nakazono, T.; Imaizumi, T.; Irie, H. Intratumoral
heterogeneity of the distribution of kinetic parameters in breast cancer: Comparison based on the molecular
subtypes of invasive breast cancer. Breast Cancer 2015, 22, 496–502. [CrossRef]

87



Cancers 2020, 12, 518

30. Fiordelisi, M.F.; Cavaliere, C.; Auletta, L.; Basso, L.; Salvatore, M. Magnetic Resonance Imaging for
Translational Research in Oncology. J. Clin. Med. 2019, 8, 1883. [CrossRef]

31. Blaschke, E.; Abe, H. MRI phenotype of breast cancer: Kinetic assessment for molecular subtypes. J. Magnet.
Resonance Imag. 2015, 42, 920–924. [CrossRef]

32. Xie, T.; Wang, Z.; Zhao, Q.; Bai, Q.; Zhou, X.; Gu, Y.; Peng, W.; Wang, H. Machine Learning-based Analysis of
MR Multiparametric Radiomics for the Subtype Classification of Breast Cancer. Fron. Oncol. 2019, 9, 505.
[CrossRef] [PubMed]

33. Yoon, H.-J.; Ramanathan, A.; Alamudun, F.; Tourassi, G. Deep radiogenomics for predicting clinical
phenotypes in invasive breast cancer. In In Proceedings of the 14th International Workshop on Breast Imaging
(IWBI 2018), Atlanta, GA, USA, 8–11 July 2018; International Society for Optics and Photonics: Bellingham,
WA, USA, 2018; p. 107181H.

34. Parmar, C.; Barry, J.D.; Hosny, A.; Quackenbush, J.; Aerts, H. Data Analysis Strategies in Medical Imaging.
Clin. Cancer Res. 2018, 24, 3492–3499. [CrossRef] [PubMed]

35. Kotsiantis, S.; Kanellopoulos, D.; Pintelas, P. Data preprocessing for supervised leaning. Intl. J. Comput. Sci.
2006, 1, 111–117.

36. Rizzo, S.; Botta, F.; Raimondi, S.; Origgi, D.; Fanciullo, C.; Morganti, A.G.; Bellomi, M. Radiomics: The facts
and the challenges of image analysis. Eur. Radiol. Exp. 2018, 2, 1–8. [CrossRef]

37. Madabhushi, A.; Udupa, J.K. New methods of MR image intensity standardization via generalized scale.
Med. Phys. 2006, 33, 3426–3434. [CrossRef]

38. Nyúl, L.G.; Udupa, J.K. On standardizing the MR image intensity scale. Magnet. Resonance Med. 1999, 42,
1072–1081.

39. Nyúl, L.G.; Udupa, J.K.; Zhang, X. New variants of a method of MRI scale standardization. IEEE Trans. Med.
Imag. 2000, 19, 143–150. [CrossRef]

40. Ge, Y.; Udupa, J.K.; Nyul, L.G.; Wei, L.; Grossman, R.I. Numerical tissue characterization in MS via
standardization of the MR image intensity scale. J. Magnet. Resonance Imag. 2000, 12, 715–721. [CrossRef]

41. Li, H.; Zhu, Y.; Burnside, E.S.; Drukker, K.; Hoadley, K.A.; Fan, C.; Conzen, S.D.; Whitman, G.J.; Sutton, E.J.;
Net, J.M. MR imaging radiomics signatures for predicting the risk of breast cancer recurrence as given by
research versions of MammaPrint, Oncotype DX, and PAM50 gene assays. Radiology 2016, 281, 382–391.
[CrossRef]

42. R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing:
Vienna, Austria, 2012. Available online: http://www.R-project.org (accessed on 2 January 2020).

43. Colaprico, A.; Silva, T.C.; Olsen, C.; Garofano, L.; Cava, C.; Garolini, D.; Sabedot, T.S.; Malta, T.M.;
Pagnotta, S.M.; Castiglioni, I. TCGAbiolinks: An R/Bioconductor package for integrative analysis of TCGA
data. Nucl. Acids Res. 2015, 44, e71. [CrossRef]

44. Incoronato, M.; Grimaldi, A.M.; Mirabelli, P.; Cavaliere, C.; Parente, C.A.; Franzese, M.; Staibano, S.; Ilardi, G.;
Russo, D.; Soricelli, A. Circulating miRNAs in Untreated Breast Cancer: An Exploratory Multimodality
Morpho-Functional Study. Cancers 2019, 11, 876. [CrossRef] [PubMed]

45. Shapiro, S.S.; Wilk, M.B. An analysis of variance test for normality (complete samples). Biometrika, 1965; 52,
3/4, 591–611.

46. Abdi, H. Z-scores. Encyclopedia of Measurement and Statistics 2007, 3, 1055–1058.
47. Huynh, H.; Meyer, P. Use of robust z in detecting unstable items in item response theory models. Pract.

Assess. Res. Eval. 2010, 15, 1–8.
48. Feng, C.; Wang, H.; Lu, N.; Tu, X.M. Log transformation: Application and interpretation in biomedical

research. Stat. Med. 2013, 32, 230–239. [CrossRef] [PubMed]
49. Bullard, J.H.; Purdom, E.; Hansen, K.D.; Dudoit, S. Evaluation of statistical methods for normalization and

differential expression in mRNA-Seq experiments. BMC Bioinf. 2010, 11, 94. [CrossRef]
50. Bolstad, B.M.; Irizarry, R.A.; Åstrand, M.; Speed, T.P. A comparison of normalization methods for high

density oligonucleotide array data based on variance and bias. Bioinformatics 2003, 19, 185–193. [CrossRef]
51. Hicks, S.C.; Irizarry, R.A. When to use quantile normalization? BioRxiv 2014, 012203.
52. Kessy, A.; Lewin, A.; Strimmer, K. Optimal whitening and decorrelation. Am. Statist. 2018, 72, 309–314.

[CrossRef]
53. Bland, J.M.; Altman, D. Statistical methods for assessing agreement between two methods of clinical

measurement. Lancet 1986, 327, 307–310. [CrossRef]

88



Cancers 2020, 12, 518

54. Castaldo, R.; Melillo, P.; Bracale, U.; Caserta, M.; Triassi, M.; Pecchia, L. Acute mental stress assessment via
short term HRV analysis in healthy adults: A systematic review with meta-analysis. Biomed. Signal Process.
Control 2015, 18, 370–377. [CrossRef]

55. Castaldo, R.; Melillo, P.; Izzo, R.; Luca, N.D.; Pecchia, L. Fall Prediction in Hypertensive Patients via
Short-Term HRV Analysis. IEEE J. Biomed. Health Inf. 2017, 21, 399–406. [CrossRef] [PubMed]

56. Castaldo, R.; Montesinos, L.; Melillo, P.; James, C.; Pecchia, L. Ultra-short term HRV features as surrogates of
short term HRV: A case study on mental stress detection in real life. BMC Med. Inform. Decis. Making 2019,
19, 12. [CrossRef] [PubMed]

57. Robinson, M.D.; Smyth, G.K. Moderated statistical tests for assessing differences in tag abundance.
Bioinformatics 2007, 23, 2881–2887. [CrossRef] [PubMed]

58. Foster, K.R.; Koprowski, R.; Skufca, J.D. Machine learning, medical diagnosis, and biomedical engineering
research-commentary. BioMed. Eng. OnLine 2014, 13, 10.1186. [CrossRef]

59. Chawla, N.V.; Bowyer, K.W.; Hall, L.O.; Kegelmeyer, W.P. SMOTE: Synthetic minority over-sampling
technique. J. Artif. Intell. Res. 2002, 16, 321–357. [CrossRef]

60. Provost, F. Machine learning from imbalanced data sets 101. In Proceedings of the AAAI’2000 Workshop on
Imbalanced Data Sets; AAAI Press: Menlo Park, CA, USA, 2000; pp. 1–3.

61. Vapnik, V.N. Statistical Learning Theory; Wiley: New York, NY, USA, 1998; p. 736.
62. Quinlan, J.R. C4.5: Programs For Machine Learning; Morgan Kaufmann Publishers: San Mateo, CA, USA, 1993.
63. Nguyen, C.; Wang, Y.; Nguyen, H.N. Random forest classifier combined with feature selection for breast

cancer diagnosis and prognostic. J. Biomed. Sci. Eng. 2013, 6, 551. [CrossRef]
64. Kononenko, I. Semi-Naive Bayesian Classifier; European Working Session on Learning; Springer: Dordrecht,

The Netherlands, 1991; pp. 206–219.
65. Kohl, M. Performance measures in binary classification. Intl. J. Stat. Med. Res. 2012, 1, 79–81. [CrossRef]
66. Loh, H.-Y.; Norman, B.P.; Lai, K.-S.; Rahman, N.M.A.N.A.; Alitheen, N.B.M.; Osman, M.A. The Regulatory

Role of MicroRNAs in Breast Cancer. Intl. J. Mol. Sci. 2019, 20, 4940. [CrossRef]
67. Changyong, F.; Hongyue, W.; Naiji, L.; Tian, C.; Hua, H.; Ying, L. Log-transformation and its implications for

data analysis. Shanghai Arch. Psychiat. 2014, 26, 105.
68. Haga, A.; Takahashi, W.; Aoki, S.; Nawa, K.; Yamashita, H.; Abe, O.; Nakagawa, K. Standardization of

imaging features for radiomics analysis. J. Med. Invest. 2019, 66, 35–37. [CrossRef]
69. Panayides, A.S.; Pattichis, M.S.; Leandrou, S.; Pitris, C.; Constantinidou, A.; Pattichis, C.S. Radiogenomics for

precision medicine with a big data analytics perspective. IEEE J. Biomed. Health Inform. 2018, 23, 2063–2079.
[CrossRef] [PubMed]

70. Chen, J.H.; Baek, H.M.; Nalcioglu, O.; Su, M.Y. Estrogen receptor and breast MR imaging features:
A correlation study. J. Magnet. Resonance Imag. 2008, 27, 825–833. [CrossRef]

71. Koukourakis, M.I.; Manolas, C.; Minopoulos, G.; Giatromanolaki, A.; Sivridis, E. Angiogenesis relates to
estrogen receptor negativity, c-erbB-2 overexpression and early relapse in node-negative ductal carcinoma of
the breast. Intl. J. Surg. Pathol. 2003, 11, 29–34. [CrossRef]

72. Fuckar, D.; Dekanic, A.; Stifter, S.; Mustac, E.; Krstulja, M.; Dobrila, F.; Jonjic, N. VEGF expression is associated
with negative estrogen receptor status in patients with breast cancer. Intl. J. Surg. Pathol. 2006, 14, 49–55.
[CrossRef] [PubMed]

73. Arpino, G.; Weiss, H.; Lee, A.V.; Schiff, R.; De Placido, S.; Osborne, C.K.; Elledge, R.M. Estrogen
receptor–positive, progesterone receptor–negative breast cancer: Association with growth factor receptor
expression and tamoxifen resistance. J. Nat. Cancer Inst. 2005, 97, 1254–1261. [CrossRef] [PubMed]

74. Youk, J.H.; Son, E.J.; Chung, J.; Kim, J.-A.; Kim, E.-k. Triple-negative invasive breast cancer on dynamic
contrast-enhanced and diffusion-weighted MR imaging: Comparison with other breast cancer subtypes.
Eur. Radiol. 2012, 22, 1724–1734. [CrossRef]

75. Peterson, R.A.; Cavanaugh, J.E. Ordered quantile normalization: A semiparametric transformation built for
the cross-validation era. J. Appl. Stat. 2019, 1–16. [CrossRef]

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

89





cancers

Article

Usefulness of Hybrid PET/MRI in Clinical Evaluation
of Head and Neck Cancer Patients

Natalia Samolyk-Kogaczewska 1, Ewa Sierko 1,2,*, Dorota Dziemianczyk-Pakiela 3,

Klaudia Beata Nowaszewska 4, Malgorzata Lukasik 5 and Joanna Reszec 5

1 Department of Radiotherapy, Comprehensive Cancer Center, 15-027 Bialystok, Poland;
natalia.samolyk@gmail.com

2 Department of Oncology, Medical University of Bialystok, 15-027 Bialystok, Poland
3 Department of Otolaryngology and Maxillofacial Surgery, Jedrzej Sniadecki Memorial Regional Hospital,

15-950 Bialystok, Poland; dyrka2@wp.pl
4 Department of Maxillofacial and Plastic Surgery, Medical University of Bialystok, 15-276 Bialystok, Poland;

beata.nowaszewska@wp.pl
5 Department of Medical Pathology, Medical University of Bialystok, 15-089 Bialystok, Poland;

mblukasik@gmail.com (M.L.); joannareszec@gmail.com (J.R.)
* Correspondence: ewa.sierko@iq.pl; Tel.: +48-85-6646827

Received: 31 December 2019; Accepted: 17 February 2020; Published: 22 February 2020

Abstract: (1) Background: The novel hybrid of positron emission tomography/magnetic resonance
(PET/MR) examination has been introduced to clinical practice. The aim of our study was to evaluate
PET/MR usefulness in preoperative staging of head and neck cancer (HNC) patients (pts); (2) Methods:
Thirty eight pts underwent both computed tomography (CT) and PET/MR examination, of whom
21 pts underwent surgical treatment as first-line therapy and were further included in the present
study. Postsurgical tissue material was subjected to routine histopathological (HP) examination with
additional evaluation of p16, human papillomavirus (HPV), Epstein-Barr virus (EBV) and Ki67 status.
Agreement of clinical and pathological T staging, sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV) of CT and PET/MR in metastatic lymph nodes detection
were defined. The verification of dependences between standardized uptake value (SUV value),
tumor geometrical parameters, number of metastatic lymph nodes in PET/MR and CT, biochemical
parameters, Ki67 index, p16, HPV and EBV status was made with statistical analysis of obtained
results; (3) Results: PET/MR is characterized by better agreement in T staging, higher specificity,
sensitivity, PPV and NPV of lymph nodes evaluation than CT imaging. Significant correlations
were observed between SUVmax and maximal tumor diameter from PET/MR, between SUVmean
and CT tumor volume, PET/MR tumor volume, maximal tumor diameter assessed in PET/MR.
Other correlations were weak and insignificant; (4) Conclusions: Hybrid PET/MR imaging is useful
in preoperative staging of HNC. Further studies are needed.

Keywords: PET/MRI; head and neck cancer; HPV; EBV; p16

1. Introduction

Head and neck cancers (HNC) are the sixth most common cancers worldwide. The vast majority
(more than 90%) are squamous cell carcinomas, so that the term HNC is often used to describe all
carcinomas arising from the epithelium lining the sinonasal tract, oral cavity, pharynx and larynx and
showing microscopic evidence of squamous differentiation. Approximately two-thirds of patients with
HNC present with locally advanced disease at the primary site and/or spread to regional lymph nodes.
The 5-year survival rate of HNC patients ranges between 40% and 70%, depending on the primary site
and stage [1,2]. Positron emission tomography (PET) with fluorine-18 labelled fluorodeoxyglucose
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(18F-FDG) as a radiotracer is an established procedure in head and neck squamous cell carcinoma
(HNSCC) diagnosis [2]. It is vitally important to the characterization of local, regional and distant
disease [3]. PET supports the initial staging of difficult cases, where other imaging methods produce
equivocal results. It is useful in the detection of occult primary tumors and synchronous primary
cancers. Furthermore, PET aids in assessing tumor response to therapy and helps in detecting cancer
recurrence and metastasis during the follow-up period [3–5].

Contrary to anatomical imaging, 18F-FDG-PET takes into account biological differences in
metabolism and the radiopharmacological uptake between the tumor and the surrounding normal
tissue [6]. PET images are characterized by high contrast but low spatial resolution, which creates
a need for combining PET with morphological imaging methods such as cone beam computed
tomography (CBCT). A novel hybrid imaging technology, Positron Emission Tomography-Magnetic
Resonance Imaging (PET/MRI), has been introduced to clinical practice [7]. The integrated PET/MRI
technique combines the benefits of both methods such as superior soft tissue contrast, multiplanar
image acquisition and functional imaging capability [8].

A suspicion of head and neck cancer (HNC) is predominantly based on the identification of a
primary tumor or the presence of palpable metastatic lymph nodes in the head and neck region during
a clinical examination [9]. Accurate, pre-treatment staging is crucial in newly diagnosed HNSCC
patients since it enables clinicians to determine patient prognosis and develop an optimal treatment
strategy [5]. Precision imaging methods play an integral role in this process [4]. Furthermore, proper
imaging is vital to the accurate delineation of target volumes in radiotherapy (RT) planning, particularly
when highly conformal RT techniques such as intensity modulated radiotherapy (IMRT) or volumetric
arc therapy (VMAT) are utilized [9]. Initial reports have revealed that hybrid 18F-FDG PET/MRI offers
higher sensitivity and specificity in the detection of HNC when compared to PET, CT and MRI used
separately [10,11]. Moreover, PET/MRI has a higher correlation coefficient with pathological tumor
size in comparison to contrast-enhanced CT (CECT), MR and PET/CT [10]. PET/MRI outperformed
PET/CT by providing greater tumor conspicuity and higher sensitivity in determining the perineural
spread in primary HNSCC. One study has demonstrated PET/MRI sensitivity to be 85% and specificity
92% in the detection of metastatic lymph nodes [3].

In HNSCC patient population, a group of younger, healthier individuals with limited or no
tobacco exposure can be distinguished [12]. Prognosis in such cases is excellent as these patients are
highly responsive to treatment [13]. Human papillomavirus (HPV)-related oropharyngeal cancers
(OPC) are a frequent finding in this group of patients. Presence of HPV is an important prognostic
factor, which is reflected in the 8th edition of the American Joint Committee on Cancer (AJCC) TNM
(Tumor Nodes Metastases classification) staging system [13,14]. There is a limited number of studies
on the relationship between PET imaging and HPV status in HNSCC [3,15–17]. Furthermore, very few
studies concern the utility of PET/MRI in the characterization of HPV-related HNC [8,18]. According to
our knowledge, there are no literature reports documenting the correlation between Epstein-Barr virus
(EBV) status and PET/MRI features. Therefore, the aim of our study was to evaluate the correlation
between PET/MR and CT parameters, biochemical parameters, Ki67 index, p16, HPV and EBV status
as well as usefulness of PET/MRI in the preoperative staging of HNC patients.

2. Results

This section may be divided by subheadings. It should provide a concise and precise description of
the experimental results, their interpretation as well as the experimental conclusions that can be drawn.

2.1. Accuracy of T staging

Agreement between T stages determined with CT, PET/MRI and histopathological (HP)
examination, which is the clinical gold-standard technique used for cancer diagnosis, was evaluated.
The T stage determined with CT was compatible with the HP stage in 56% of cases. T overstaging
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was observed in 11% of cases, downstaging in 33% of patients. PET/MRI results corresponded to HP
staging in 67% of cases, were overstaged in 11%, downstaged in 22%.

2.2. Specificity, Sensitivity, Positive Predictive Value (PPV) and Negative Predictive Value (NPV) of Lymph
Node Evaluation in CT and PET/MRI

The total number of detected lymph nodes in the HP examination of postoperative tissue material
was 475, out of which 31 were metastatic. Twenty seven lymph nodes were described as malignant in
CT scans and 24 in PET/MRI scans. Based on the CT and PET/MRI scans, lymph nodes of the neck
were assigned into appropriate levels [19]. Results of the HP were referenced values. In regard to
lymph node detection, PET/MRI sensitivity was 55%, specificity—98%, PPV—71%, NPV—97% and
test reliability was 95%. Computed tomography sensitivity was 47%, specificity—97%, PPV—53%,
NPV—96% and test reliability—94%.

2.3. Correlations between Clinical, Morphological and Metabolic Parameters

2.3.1. SUV Values in Relation to Tumor Geometrical Parameters, Biochemical Parameters and
Ki67 Index

A high, statistically significant correlation between standardized uptake value (SUV)max and
maximal tumor diameter determined with PET/MRI (r = 0.457, p = 0.036) (Figure 1) was revealed in
comparison to the measurements obtained from CT images (r = 0.025, p = 0.913). On the other hand,
poor and statistically insignificant correlations were observed between SUVmax values and tumor
volume determined with PET/MRI (r = 0.309, p = 0.172), tumor volume determined with CT (r = 0.289,
p = 0.203), Ki67 index (r = 0.04, p = 0.862), CRP concentration (r = 0.069, p = 0.764) and glucose levels
(r = 0.308, p = 0.173).

A significant relationship was observed between SUVmean and CT tumor volume (r = 0.563, p =
0.007), PET/MRI tumor volume (r = 0.607, p = 0.003) and maximal tumor diameter determined with
PET/MRI (r = 0.788, p = 0.00002) (Figure 1). Contrary to the aforementioned findings, correlations
between SUVmean and maximal tumor diameter in CT (r = 0.165, p = 0.474), Ki67 index (r = 0.08, p =
0.728), CRP concentration (r = 0.138, p = 0.549) and glucose levels (r = 0.253, p = 0.268) were weak
and insignificant.

2.3.2. Presence of p16, HPV and EBV in Relation to SUV Values, Tumor Geometrical Parameters

The average value of SUVmax in p16-positive patients was lower than in p16-negative patients.
Despite substantial discrepancies in the obtained results, the difference between the p16-positive and
the p16-negative groups was insignificant (p = 0.37). Maximal SUV was not significantly correlated
with HPV and EBV status, and neither was maximal tumor diameter determined with CT or PET/MRI
correlated with the presence of p16, HPV, EBV.

The average values of SUVmean in p16-, HPV- and EBV-positive patients were close to the values
in p16-, HPV- and EBV-negative groups.

2.3.3. Number of Metastatic Lymph Nodes in Relation to SUV Values, Tumor Geometrical Parameters,
Ki67 Index and Presence of p16, HPV, EBV

The correlation between CT-based tumor volume and the number of metastatic lymph nodes
determined with CT was statistically significant (p = 0.006). The highest tumor volumes were found in
the group of patients with 1 metastatic lymph node and the lowest in those without metastatic lymph
nodes (p = 0.01). The number of metastatic lymph nodes determined with CT or PET/MRI and SUV
values, PET/MRI-based tumor volume, maximal tumor diameter based on CT or PET/MR imaging,
Ki67 index were insignificant.

No significant correlations were observed between the presence of p16 (p = 0.431, df = 2, Chi2 =
1.68), HPV (p = 0.623 df = 2, Chi2 = 0.946), EBV (p = 0.714 df = 2, Chi2 = 0.674) and the number of
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metastatic lymph nodes detected with CT, as well as between the positive status of p16 (p = 0.24 df = 2,
Chi2 = 2.854), HPV (p = 0.139 df = 2, Chi2 = 3.94), EBV (p = 0.414 df = 2, Chi2 = 1.763) and the number
of metastatic lymph nodes detected with PET/MRI.

 
(a) 

 
(c) 

(b) 

  (d) 

Figure 1. Statistically significant correlation between standardized uptake value (SUV) values and maximal
tumor diameter (a,b) and tumor volume (c,d) obtained from positron emission tomography/magnetic
resonance (PET/MR) or computed tomography (CT). Abbreviations: SUVmax—maximal standardized
uptake value, SUVmean—mean standardized uptake value, r—correlation coefficient from Spearman’s
correlation test, p—statistical significance value.

3. Discussion

Hybrid PET/MRI imaging can play an important role in the initial staging of HNC patients. In our
study, we compared the efficacy of PET/MRI with the routinely used CT scanning and HP examination,
which is the clinical gold-standard technique used for cancer diagnosis, in primary tumor staging (T
features) according to the AJCC TNM classification. Our results demonstrated that T staging based on
PET/MRI images was compatible with HP outcomes in a higher number of patients (67%) in comparison
with T staging based on CT images alone (56%). Similar results were obtained by other authors - T
staging performed with PET/MRI was accurate in 75% of HNC cases compared to 59% with PET/CT
and 50% with MRI alone [20]. Chan et al. demonstrated that greater accuracy in defining the extent of
primary nasopharyngeal tumors was achieved with PET/MRI in comparison to PET/CT [21]. PET/MRI
imaging offers more precision in depicting perineural infiltration, intracranial or inferior orbital fissure
involvement. It should be mentioned that our study did not include nasopharyngeal cancer (NPC)
patients. Other authors have demonstrated similar results: fused PET and MR imaging delivered
more accurate T staging of HNC patients (74%) compared with PET/CT (63%) [22]. Tsujikawa et al.
demonstrated that FDG PET/MRI with its greater soft tissue contrast, multiplanar image acquisition
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and functional imaging capability is useful in the evaluation of stages of oral cavity cancers and the
assessment of oropharyngeal cancer patients based on the new AJCC TNM staging system [8].

Regional metastasis to the lymph nodes is one of the most important predictors of poor prognosis
in HNC [23]. Based on the results of CT and PET/MRI scans, we calculated the sensitivity, specificity,
PPV and NPV of both diagnostic tests. Positive predictive value expresses the probability that a
positive diagnostic test result is reliable. Similarly, NPV determines the probability that a negative test
result is reliable [24]. Our study revealed relatively low sensitivity of PET/MRI in metastatic lymph
node detection. This could be associated with the fact that detecting small nodes with micrometastases
remains a challenge for currently available diagnostic modalities, including PET/MRI [2]. Metastases
can be present in unenlarged lymph nodes and not all enlarged nodes are malignant [25]. Another
explanation for such results may be limited radiological expertise in interpreting PET/MRI images as
this is a novel hybrid imaging technique. Our study has found that specificity, NPV and test reliability
of PET/MR is marginally better than in CT results. On the other hand, PET/MR has 8% higher sensitivity
and 18% higher PPV compared with CT. In a different study, the sensitivity, specificity and accuracy of
PET/MRI-based evaluation of regional node status achieved a 99% rate each [21]. Based on lymph
node levels, Schaarschmidt et al. demonstrated sensitivity, specificity, NPV and PPV of 81%, 99%,
98% and 89%, respectively, for PET/MRI [20]. On the other hand, Platzek et al. found that PET/MRI
is capable of detecting 64% more metastatic lymph nodes, partly due to the fact that PET/MRI scans
were performed following PET/CT scans without the additional FDG injection and the time interval
between the FDG injection and PET/MR was longer, which contributed to an increase in FDG uptake
by the lymph nodes [26]. Another study has highlighted a better diagnostic value of PET/MRI staging
in primary tumors compared with cervical node classification in head and neck malignancies with
94% of primary tumors and 82% of regional nodes correctly classified in comparison to histopathology
results [27].

Positron emission tomography with FDG as a radiotracer reflects the metabolic activity of tumor
tissue which is expressed in SUV values [28]. Our study revealed a stronger correlation between
SUVmean and tumor geometry, such as volume and maximal diameter, than between SUVmax and
tumor geometry. PET complements anatomical imaging modalities, particularly in tumor volume
determination. Therefore, our study demonstrated stronger correlations between SUV values and
PET/MRI than between those values and CT [29]. Tumor volume and SUV values are considered
prognostic factors—increased values of both are associated with a higher risk of death [30,31].
Biologically, larger tumors have higher metabolic activity and therefore, higher SUV values indicate a
worse prognosis [32]. PET/MRI has an advantage over CT as it enables the measurements of tumor
volume and SUV values to be obtained during one examination.

Poor and statistically insignificant correlations were found between SUVmax, SUVmean and KI67,
CRP, glycemic parameters in our study. The authors of a meta-analysis concerning correlations between
FDG uptake and Ki67 reported significant heterogeneity in HNC cases [33]. Furthermore, pretreatment
SUVmax was significantly higher in patients with enhanced Ki67 expression in comparison to those
with low Ki67 expression, but the study concerned diffuse large B-cell lymphoma [34]. Surov et al.
reported that SUVmax was moderately correlated with Ki67 expression and therefore cannot be used
as a surrogate marker for tumor proliferation [35]. A Chinese study on a group of lymphoma patients
showed that post-treatment SUVmax values were significantly correlated with post-treatment CRP
values [36]. By contrast, a previously mentioned study demonstrated that baseline SUVmax was
weakly correlated with CRP (r = 0.215, p = 0.011) [34].

A recent meta-analysis investigating the effect of blood glucose levels on SUV values assessed
with FDG-PET scans revealed positive correlations between glucose levels and SUVmax and SUVmean
values in normal tissue such as brain, muscle, liver, but no significant correlations were found
between blood glucose levels and SUVmax or SUVmean values in primary malignant tumors [37]. No
evidence of a linear relationship between glycaemia and SUV has been reported by other authors [38].
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However, it should be emphasized that high plasma glucose levels decrease FDG uptake, which might
affect SUV values [39].

In the present study, differences between SUVmax or SUVmean and HPV or p16 presence were
insignificant. Comparable results have been obtained in other studies, where no differences in SUVmax
values between p16- and HPV-positive, and p16- and HPV-negative patients were reported [40–42].
By contrast, Schouten et al. demonstrated that SUVmax in HPV-positive tumors was significantly
lower than in HPV-negative tumors [43]. This finding is in agreement with a study by Surov et al.
which revealed that p16-negative tumors showed significantly higher SUVmax and SUVmean values
in comparison to p16-positive carcinomas [44].

In our study, no correlation between SUV values and EBV infection status was observed. Literature
data confirms our results [45,46].

Similarly, in the present study p16, HPV, EBV did not have a significant impact on the results
of CT- or PET/MRI-determined tumor volume and maximal tumor diameter. However, according to
the literature, in HNC patients, p16/HPV-positive tumors are usually smaller than p16/HPV-negative
tumors [44,47]. Some studies have demonstrated that EBV status and primary tumor volume can be
utilized in the prognostic stratification of NPC patients [48,49]. On the other hand, data confirming
correlations between primary tumor volume and EBV-positivity is limited [50,51].

Maximal tumor diameter is an important primary tumor feature which is reflected in the TNM
classification of HNC (e.g., T1 denotes a tumor size 2 cm or less in its largest dimension) [13]. There are
a few studies demonstrating the prognostic value of maximal tumor diameter in OPC [52] and NPC [53],
but there are no published papers concerning the influence of p16-, HPV- or EBV-positivity on maximal
tumor diameter determined with CT or PET/MRI.

According to our knowledge, there are no literature reports examining the relationship between
PET/MRI-based tumor volume and the number of metastatic lymph nodes in HNC patients. Our study
did not find any correlations between tumor features obtained from PET/MRI scans and the number of
metastatic lymph nodes. By contrast, correlations between tumor volume and the number of metastatic
lymph nodes based on CT images were significant. The lowest tumor volumes determined with CT
correlated with no metastases in the lymph nodes. This is normally the case in early stage HNC
patients. We therefore expected to find significant correlations between the highest tumor volumes
determined with CT and multiple metastatic lymph nodes. However, the highest CT-based tumor
volumes were observed in patients with 1 metastatic lymph node. This can be explained by the highly
inflammatory nature of HNSSC, particularly at advanced stages of the disease [54]. Large tumors
investigated in the present study probably consisted not only of neoplastic tissue but also contained
peritumoral inflammatory infiltrate. On the other hand, HNC has a high propensity to metastasize
through the lymphatic pathway [55]. This could explain the occurrence of multiple metastases in
the lymph nodes independently of tumor volumes presented in our study. Research concerning
lung adenocarcinoma has demonstrated positive correlations between tumor size and the number of
metastatic lymph nodes [56]. By contrast, Miller et al. reported that tumor volume in cervical cancer
patients did not correlate with the presence of lymph node metastases [57].

In the present study, the correlation between the number of metastatic lymph nodes determined
with PET/MRI and primary tumor SUV values was insignificant. Only few papers have explored this
issue but the results obtained were contradictory. Some authors report that in lung cancer patients
no statistically significant differences in SUVmax and SUVmean values between individuals with
occult lymph nodes and those without have been found [58]. A different study has demonstrated that
SUVmax and SUVmean are significantly associated with lymph node involvement in oesophageal
cancer patients [59].

Correlations between the presence of HPV, p16 and EBV, and the number of metastatic lymph
nodes determined with PET/MRI were insignificant in our study. Other authors have obtained similar
results—HPV-positive patients were heterogenous in terms of nodal stages [60]. By contrast, in TROG
02.02 phase III trial, p16-positive patients were included in a more advanced nodal category in
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comparison with the p16-negative group [47]. The vast majority of NPC is linked to Epstein-Barr virus
infection [61,62]. A lack of relationship between EBV status and the number of lymph nodes detected
with PET/MRI is most probably associated with the inclusion of oropharyngeal and oral cavity cancer
patients in our study.

Based on our results, further studies should include a larger number of HNC pts.

4. Materials and Methods

Thirty eight HNSCC patients underwent both CT and PET/MRI examinations. (Figure 2) Based
on the CT and PET/MRI results, 21 patients underwent surgical treatment as first-line therapy
and this group was subsequently included in the present study. The remaining patients received
radiochemotherapy or palliative RT. Study inclusion criteria were as follows: age over 18 years old,
informed consent for study participation, no unmanaged systemic diseases, no hypersensitivity or
previous allergic reaction to intravenous iodine contrast or FDG, glucose blood level below 160mg/dL,
no metal elements in the body (cardiac pacemakers, metal surgical stitches or clips, intrauterine
contraceptive devices, metal shavings in the eyeball, cochlear implants, etc.). Clinical characteristics
of the group are presented in Table 1. All pts had squamous cell carcinoma and in about 87% of
cases histology grade score (G) was G2. The median age of study participants was 60 years (range of
36–74 years). Twelve of them were female, nine were male. Hypertension and diabetes were the most
common comorbidities. In terms of laboratory parameters (Complete Blood Count, renal and liver
function parameters, electrolyte blood concentration, thyroid hormones level), the group of patients
was homogenous. Discrepancies were observed in C reactive protein (CRP) levels in the blood and its
values ranged from 0.3 mg/mL to 120.5 mg/mL.

Prior to surgical treatment, contrast-enhanced (Ultravist 300, 1 mL/kg) CT was routinely performed
in all study participants on the 64-detector row CT scanner (Aquilion CX, Canon Medical Systems
Corporation, Otawara, Japan). Axial images were obtained with 3 mm slice thickness from the top
of the cranium to manubrium sterni. The parameters included a 120 kV tube voltage, tube current
200 mA, 0.5 s rotation time, matrix size, 512 × 512 and a field of view of 250 mm. CT scans were
interpreted by a radiologist experienced in the interpretation of head and neck region CT images.

All study participants also underwent PET/MRI scans on the 3 Tesla Siemens Biograph mMR
scanner (Siemens Healthcare GmbH, Erlangen, Germany) after an average of 9 days (range 1 to 20 days)
from the CT scans. The examination consisted of whole-body, low resolution MRI imaging, followed
by a PET scan and a diagnostic MRI scan (T1- and T2-weighted sequences and contrast-enhanced
sequences) of the head and neck region. MRI attenuation images were acquired using the Dixon
approach with a coronal 2-point 3D T1-weighted volumetric interpolated breath hold examination
(VIBE) (3.12 mm slice thickness, 20% interslice gap, integrated parallel acquisition technique factor 2,
acquisition time 19s, 192 × 121 matrix, 500mm × 328 mm field of view (FOV), repetition time 3.6ms,
echo time 1.23 and 2.46ms, scanning time 4 minutes 10 seconds). PET/MRI scans were obtained
simultaneously with the patient remaining in the same position without specific head and neck
immobilization (Orfit mask). All patients fasted for at least 6 hours prior to the test. Diagnostic
scans were performed 1 hour after the intravenous administration of 18F-FDG (4 MBq/kg, range of
203–417 MBq 18F-FDG per patient). PET/MRI images were evaluated by both a radiologist and nuclear
medicine specialist. Maximal and mean SUV of the primary volume were measured. Mean SUV was
defined as the average SUV value in the voxel that showed ≥ 40% of SUVmax [63].
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Figure 2. Contrast enhancement computed tomography (CT) (a,d,g), T1-weighted volumetric
interpolated breath hold examination (VIBE) magnetic resonance (MR) (b,e,h) and positron emission
tomography/MR (PET/MR) (c,f,i) imaging of head and neck cancer patients. (a,b,c)—patient with
squamous cell carcinoma of the buccal mucosa in clinical stage T3N2b; (d,e,f)—patient with squamous
cell carcinoma of the floor of the mouth in clinical stage T1N0; (g,h,i)—patient with squamous cell
carcinoma of the oral tongue in clinical stage T2N0.
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Surgical treatment was performed an average of 19 days (range of 9 to 28 days) after the CT scans
and an average of 13 days (range of 2 to 27 days) after the PET/MRI scans.

Tissue material obtained during surgery was subjected to routine histopathological examination
(HP). Additionally, the HP protocol included the immunohistochemical evaluation of p16 protein
expression as a surrogate marker for HPV infection, the latent membrane protein 1 (LMP1) expression
as a surrogate marker for EVB as well as the detection of Ki67 protein indicating the proliferation
rate of cancer cells. The immunohistochemical evaluation of p16 protein expression was conducted
using a method described elsewhere [64,65]. Slides were considered positive for p16 protein if the
specimen showed continuous staining of at least 50% of tumor cells. For the immunohistochemical
detection (Dako, Poland) of EBV presence, antibodies against LMP1—monoclonal mouse anti-LMP
protein (clone CS.1-4, Dako, Poland) were used. The expression of Ki67 protein was evaluated with an
immunohistochemical method described in the literature [66]. Nuclear accumulation of Ki67 protein in
neoplastic cells was assessed semiquantitatively and defined as a percentage of reaction-positive cells.

The presence of HPV genetic material was examined using the PCR method. A positive result
(HPV presence in the analyzed material) was determined when at least one of the bands associated
with a different HPV subtype was present on the strip along with the developing control line and the
positive control. A negative result (no HPV presence) was determined when no bands associated with
HPV were developed while the developing control line and the positive control band were both present.

Clinical and pathological stages of the disease were determined according to the 8th ed. of AJCC
TNM classification [8]. Based on imaging tests, only round-shaped lymph nodes or nodes exceeding
10mm in the smallest transverse dimension with contrast enhancement on CT or MRI and/or increased
18F-FDG uptake in PET scans were taken into consideration. The results obtained from CECT, PET/MRI
and HP were compared. HP results were referenced.

Agreement between CT- and PET/MRI-based T staging, sensitivity, specificity, PPV, NPV in
metastatic lymph node detection were defined. Sensitivity was the proportion of patients with positive
diagnostic test results (CT or PET/MRI scanning) who were correctly diagnosed in relation to referenced
HP results. Specificity was the proportion of patients with negative imaging test results who were
correctly diagnosed [67]. Positive predictive value is a proportion of true positive results among all
positive findings (true positives and false positives). Similarly, negative predictive value is a proportion
of true negative results among all negative results (true negatives and false negatives) [22].

Dependences between SUVmax and SUVmean values, the size and maximal diameter of the
primary tumor, the number of metastatic lymph nodes detected with PET/MRI, HPV and EBV status,
Ki67 index, glucose level and CRP concentration status were verified in the statistical analysis of
the obtained results (Table 2). Considering the number of lymph nodes, study participants were
divided into 3 groups: those without metastatic lymph nodes, those with 1 metastatic lymph node
and those with 2 or more metastatic lymph nodes. The division was based on the 8th ed. of AJCC
TNM classification of HNC, where N0 means no lymph node metastasis, N1–metastasis in single small
lymph node and N2–among others, metastasis in multiple lymph nodes.
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Statistical analysis was performed using Microsoft Excel (version 2019, Microsoft Corporation,
Washington, DC, USA) and Statistica 10 (Statsoft Inc., Tulsa, OK, USA). The level of statistical significance
was established at p < 0.05. The Spearman’s correlation test was used to analyze correlations between
SUVmax/SUVmean values and maximal tumor diameter determined with CT or PET/MRI, CT or
PET/MRI tumor volume, Ki67 index, CRP concentration, glucose level. The correlations between
SUVmax, SUVmean, maximal tumor diameter determined with CT or PET/MRI and p16, HPV, EBV
presence were analyzed using the t test. Correlation analysis between CT or PET/MRI tumor volume,
Ki67 index, CRP concentration and p16, HPV, EBV status was performed with the Mann–Whitney U
test. Correlations between the number of metastatic lymph nodes determined with CT or PET/MRI
and features such as SUV values, maximal tumor diameter and tumor volume determined with CT or
PET/MRI, KI67 index were established with the Kruskal–Wallis test. The Ch2 test was used to analyze
the relationship between the number of metastatic lymph nodes determined with CT or PET/MRI and
the positivity of p16, HPV and EBV.

5. Conclusions

Hybrid PET/MRI imaging is useful in the preoperative staging of HNC patients. Compared
with CT scanning, the outcomes obtained using this imaging modality are more consistent with
histopathology results, the gold-standard technique in cancer diagnosis, in regard to T staging. This
novel imaging tool also offers higher specificity, sensitivity, PPV and NPV of lymph node evaluation in
comparison with CT scanning. Statistically important correlations between SUVmax and maximal
tumor diameter as well as between SUV mean and tumor volume and maximal tumor diameter
evaluated with PET/MRI were revealed in the present study, which suggests that these parameters
may be useful in clinical practice. The presence of p16, HPV, EBV did not correlate with SUV values,
geometrical parameters of the tumor or the number of metastatic lymph nodes. Further studies on a
larger group of patients are required.
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64. Śnietura, M.; Jaworska, M.; Pigłowski, W.; Goraj-Zając, A.; Woźniak, G.; Lange, D. High-risk HPV DNA
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Abstract: Circulating tumor cells (CTC) count and characterization have been associated with poor
prognosis in recent studies. Our aim was to examine CTC count and its association with metabolic
parameters and clinical outcomes in non-small cell lung carcinoma (NSCLC) patients treated with
immune checkpoint inhibitors (ICI). For this prospective study, data from 35 patients (23 males,
12 females) were collected and analyzed. All patients underwent an 18F-fluorodeoxyglucose positron
emission tomography/computed tomography (18F-FDG-PET/CT) scan and CTC detection through
Isolation by Size of Tumor/Trophoblastic Cells (ISET) from peripheral blood samples obtained at
baseline and 8 weeks after ICI initiation. Association of CTC count with clinical and metabolic
characteristics was studied. Progression-free survival (PFS) and overall survival (OS) were analyzed
using the Kaplan–Meier method and the log-rank test. Median follow-up was 13.2 months (range of
4.9–21.6). CTC were identified in 16 out of 35 patients (45.7%) at baseline and 10 out of 24 patients at
8 weeks (41.7%). Mean CTC numbers before and after 8 weeks were 15 ± 28 and 11 ± 19, respectively.
Prior to ICI, the mean CTC number was significantly higher in treatment-naïve patients (34 ± 39 vs.
9 ± 21, p = 0.004). CTC count variation (ΔCTC) was significantly associated with tumor metabolic
response set by European Organization for Research and Treatment of Cancer (EORTC) criteria
(p = 0.033). At the first restaging, patients with a high tumor burden, that is, metabolic tumor volume
(MTV) and total lesion glycolysis (TLG), had a higher CTC count (p = 0.009). The combination of mean
CTC and median MTV at 8 weeks was associated with PFS (p < 0.001) and OS (p = 0.024). Multivariate
analysis identified CTC count at 8 weeks as an independent predictor for PFS and OS, whereas ΔMTV
and maximum standardized uptake value variation (ΔSUVmax) was predictive for PFS and OS,
respectively. Our study confirmed that CTC number is modulated by previous treatments and
correlates with metabolic response during ICI. Moreover, elevated CTC count, along with metabolic
parameters, were found to be prognostic factors for PFS and OS.

Keywords: non-small-cell lung cancer; circulating tumor cells; PET/CT; immunotherapy; response
to treatment

1. Introduction

The introduction of antibodies against programmed cell death protein-1 (PD-1) and its ligand
(PD-L1), a crucial axis involved in the immune surveillance, has prompted encouraging results in the
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treatment of advanced non-small cell lung carcinoma (NSCLC), although only a minority of patients
show clinical response [1]. As a consequence, there is a compelling need to understand the molecular
basis of cancer growth and identify potential biomarkers of response, in order to better select patients
who will benefit from such new agents.

In the last years, circulating tumor cells’ (CTC) count and characterization have become of great
interest in the scientific community [2,3]. Some studies have demonstrated that CTC enumeration
is related to poor prognosis in different metastatic malignancies, including lung, breast, colorectal,
prostate, and gastric cancer. Furthermore, molecular characterization of CTC might expand our
knowledge on tumor heterogeneity, especially in patients for whom tissue biopsies are difficult to
perform [4–8].

Molecular imaging, using 18F-fluorodeoxyglucose (18F-FDG) with positron emission
tomography/computed tomography (PET/CT), is widely applied in oncology as a useful marker of tumor
biology. Indeed, by differentiating higher versus less-active metabolic tumor tissues, semi-quantitative
metabolic parameters can offer the possibility for non-invasive, in vivo tumor characterization and
for correct evaluation of tumor response [9–11]. However, available studies analyzing the association
between 18F-FDG PET/CT and CTC in NSCLC are limited to chemotherapy-naïve patients or those
treated with “traditional” antitumor drugs [12–15].

On the basis of these premises, our aim was to examine CTC count in NSCLC patients treated
with immune checkpoint inhibitors (ICI) and determine its relationship with metabolic parameters by
18F-FDG PET/CT and clinical outcomes.

2. Results

2.1. Patients’ Characteristics

A total of 20 patients (57.1%) received nivolumab, 12 (34.3%) pembrolizumab, 2 patients (5.7%) had
a combination of nivolumab and ipilimumab, and only 1 (2.9%) patient was treated with atezolizumab.
The median number of immunotherapy cycles was 8 (range of 1–47). Median follow-up was 13.2 months
(range of 4.9–21.6 months).

2.2. CTC and Clinic-Pathologic Features

CTC were identified (CTC ≥ 1) in 16 out of 35 patients (45.7%) at baseline prior to ICI therapy,
and the CTC count ranged between 0 and 130 (mean ± standard deviation (SD), 15 ± 28). The minimum
number of CTC detected was 5, in particular 8 patients had a CTC count between 5 and 20, whereas the
other 8 patients had CTC from 25 to 130.

At the first restaging, peripheral blood samples were available for 24 patients because of progression
of disease or a worsening of clinical conditions in the other cases. CTC were detected in 10 out of
24 patients (41.7%). The median number of CTC was 11 ± 19 in 10 mL of blood. CTC count ranged
between 5 and 20 in six patients, and between 30 and 60 in the other four patients. In addition,
we demonstrated a reduction of CTC in nine patients (37.5%), unchanged in eight patients (33.3%),
and increased in seven patients (29.2%). Although a reduction in the mean number of CTC before and
after 8 weeks of treatment was detected, this decrease was not statistically significant.

The association between CTC count and patient characteristics was explored, both before treatment
and at the first restaging. There was a statistically significant association between CTC count and
previous treatments. Of note, patients who underwent ICI as first-line treatment had a mean number
of CTC at baseline higher than patients who started ICI after more lines of treatment (34 ± 39 vs.
9 ± 21, p = 0.004) (Figure 1A). Likewise, a trend was observed with high baseline CTC count and
pembrolizumab (p= 0.09); indeed, the latter is often used in first-line settings. No further association was
found between CTC counts, as well as the other clinical variables, such as age, gender, smoking history,
and tumor type.
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Figure 1. Association of circulating tumor cells (CTC) count with clinical-metabolic features. (A) Mean
number of CTC at baseline according to the number of previous lines of treatment. (B) Mean number
of CTC at the first restaging (about 8 weeks) and the median value of metabolic tumor volume (MTV).

2.3. Relationship of CTC and Tumor Response

Of the 35 patients enrolled, 31 patients underwent tumor assessment by computed tomography
(CT), whereas 18F-FDG PET/CT scans were available from 28 patients at the first response assessment.
According to Response Evaluation Criteria In Solid Tumors (RECIST) 1.1, partial response (PR) was
observed in 6 patients, stable disease (SD) was observed in 12, and progressive disease (PD) in 13.
We found that patients with PD showed a trend toward higher baseline CTC count (26 ± 36) compared
with patients with partial response (14 ± 14) or stable disease (9 ± 26) (p = 0.076). There was no
significant difference in the CTC count after 8 weeks among the three groups of response.

According to the European Organization for Research and Treatment of Cancer (EORTC) criteria,
partial metabolic response (PMR), stable metabolic disease (SMD), and progressive metabolic disease
(PMD) were observed in 10, 6, and 12 patients, respectively. There was no significant difference in the
baseline CTC count, as well as after 8 weeks, among the three groups. However, considering CTC
changes (ΔCTC) within individual patients, among the 24 patients that had their CTC analyzed after
8 weeks of treatment, we found that the increase of CTC count was associated with poor response to
ICI by means 18F-FDG PET/CT, as PMD rates were significantly different between patients with CTC
increase at 8 weeks and patients with stable or decreased number of CTC (71.4% vs. 28.6% vs. 0%,
respectively, p = 0.033) (Table 1).

Table 1. Association between circulating tumor cells (CTC) count and response to immune checkpoint
inhibitors (ICI).

Parameter
EORTC

CMR/PMR SMD PMD

Baseline CTC count
CTC ≤ 15 (n = 18) 27.8% (5) 33.3% (6) 38.9% (7)
CTC > 15 (n = 10) 50% (5) 0% (0) 50% (5)

p-value ns ns ns
ΔCTC count after 8 weeks

decreased (n = 9) 66.7% (6) 11.1% (1) 22.2% (2)
stable (n = 8) 12.5% (1) 37.5% (3) 50% (4)

increased (n = 7) 0% (0) 28.6% (2) 71.4% (5)
p-value ns ns 0.033

CMR/PMR, complete metabolic response/partial metabolic response; SMD, stable metabolic disease; PMD,
progressive metabolic disease. ns: not significant.
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2.4. CTC and Semi-Quantitative 18F-FDG Parameters

The median maximum standardized uptake value (SUVmax), average SUV (SUVmean), metabolic
tumor volume (MTV), and total lesion glycolysis (TLG) before the initiation of treatment were 13.5
(range of 4.9–35.7), 5.9 (3.2–9.8), 68 (8–1772), and 362.8 (31–2504), respectively. Median SUVmax,
SUV mean, MTV, and TLG after 8 weeks were 12.1 (3.6–38.4), 5.6 (3–13.8), 83.8 (2.5–623.3),
and 511.2 (7.6–4332.7), respectively. Median ΔSUVmax, ΔSUVmean, ΔTLG, and ΔMTV were −12.9%
(−75.5–107.1%), −0.88% (−61.3–130%), 47.8% (−99.4–1295%), and 30.4% (−98–1245%). At baseline,
the number of CTC did not correlate with metabolic parameters, and only a trend for SUVmax was
observed (p = 0.072). Conversely, after 8 weeks of treatment, CTC count was significantly associated
with metabolic volume, expressed by MTV and TLG. Indeed, patients with MTV and TLG above the
median values had higher mean number of CTC than patients with low metabolic tumor burden (both
MTV and TLG p = 0.009) (Figure 1B). No difference was found between CTC and percentage changes
of metabolic parameters.

2.5. Relationship between CTC Count, 18F-FDG PET Parameters, and Survival

The median progression-free survival (PFS) and overall survival (OS) of patients with CTC counts
≤ 11 after 8 weeks were 6.5 months (range of 5.1–7.9 months) and 18 months (range of 12–24 months),
respectively. The median PFS and OS of patients with CTC counts > 11 were 1.8 months (range of
1.7–1.8 months) and 4 months (range of 2.7–5.3 months), respectively. The differences in PFS and OS
were both statistically significant (p < 0.001, p = 0.019 for PFS and OS, respectively) (Figure 2A,B).
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Figure 2. Kaplan–Meier curves according to CTC count and metabolic parameters. (A,B) Progression-free
survival (PFS) and overall survival (OS) according to CTC count at 8 weeks, below or above the mean
value. (C,D) PFS and OS of patients with MTV at 8 weeks greater or lower than median value. (E,F) PFS
and OS according to the combination of mean number of CTC and median MTV after 8 weeks
of treatment.
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The median PFS and OS of patients with median MTV ≤ 83.8 were 9.9 months (range of
3.6–16.1 months) and 18 months (range of 12.6–23.4 months), respectively. The median PFS and OS
of patients with median MTV > 83.8 were 1.9 months (range of 1.5–2.4 months) and 13.2 months
(range of 2–24.5 months), respectively. The difference for PFS was statistically significant (p = 0.002),
whereas for OS it showed only a trend (p = 0.072) (Figure 2C,D). Furthermore, we tested whether
the combination of CTC count and MTV at 8 weeks could provide further discriminatory value in
predicting clinical outcomes. Of note, all patients with MTV ≤ 83.8 and CTC ≤ 11 had the longest
PFS and OS. Among patients with median MTV greater than 83.8, those with CTC count ≤ 11 were
associated with longer PFS and OS than patients whose CTC were above the mean value (Figure 3E,F)
(p < 0.001 and p = 0.024 for PFS and OS, respectively). Regarding percentage changes of metabolic
parameters, we found that ΔMTV and ΔTLG were associated with PFS (both 9.9 vs. 2.1 months,
p = 0.010 and p = 0.009, respectively), whereas ΔSUVmax was prognostic for OS (median not reached
vs. 12.4 months, p = 0.013).

Finally, due to the low number of events, only three parameters were included in the multivariate
Cox analysis. Of note, the number of CTC at the first restaging was confirmed as a predictive factor for
PFS and OS, along with ΔMTV for PFS and ΔSUVmax for OS (Table 2).

Figure 3. Cont.
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Figure 3. Two cases of progression (A–C) and response (D–F) to ICI according to metabolic parameters
and CTC evaluation. (A) Maximum intensity projection (MIP) with two axial slices of liver and celiac
node metastases at baseline. (B) Increase of tumor burden and appearance of further metastatic sites
within the liver and in the abdominal nodes at the first restaging. (C) Bar graph representation of
MTV (blue bars) between the baseline (49.4 mL) and the first restaging (97.2 mL). Likewise, CTC count
(red bars) increased from 30 to 60. (C) MIP with two large lesions within the lung and liver at baseline.
(D) 18F-fluorodeoxyglucose positron emission tomography/computed tomography (18F-FDG PET/CT)
at 8 weeks, which demonstrated a decrease of overall tumor burden. (F) Bar graph representation
of MTV (blue bars) at baseline (256.5 mL) and at 8 weeks (48 mL). Likewise CTC count (red bars)
decreased from 30 to 5, * MTV= 97.2 mL; ** MTV= 256.5 mL.

Table 2. Uni- and multivariate Cox proportional hazard regression analyses for the prediction of PFS
and OS.

Parameters
PFS OS

Hazard Ratio 95% IC p-Value Hazard Ratio 95% IC p-Value

Age (median) 1.233 0.564–2.694 ns 1.009 0.423–2.910 ns
Gender 0.346 0.156–0.768 0.009 0.329 0.119–0.905 0.031

Smoking history 1.407 0.480–4.129 ns 3.518 1.050–11.790 0.041
Histology 0.828 0.345–1.990 ns 0.907 0.291–2.822 ns

PD-L1 status 0.736 0.255–2.128 ns 0.659 0.147–2.957 ns
CTC baseline (median) 1.089 0.472–2.512 ns 1.869 0.607–5.759 ns

CTC at 8 weeks (median) 0.135 0.040–0.458 0.001 0.260 0.77–0.871 0.029
SUVmax baseline (median) 1.049 0.483–2.276 ns 0.996 0.383–2.654 ns
SUVmean baseline (median) 0.701 0.320–1.534 ns 0.839 0.312–2.257 ns

TLG baseline (median) 0.998 0.459–2.171 ns 1.016 0.389–1.534 ns
MTV baseline (median) 1.601 0.739–3.468 ns 2.473 0.934–6.551 ns

ΔSUVmax (median) 2.409 0.954–6.085 ns 0.179 0.039–0.825 0.027
ΔSUVmean (median) 1.498 0.611–3.671 ns 0.375 0.100–1.402 ns

ΔTLG (median) 0.310 0.122–787 0.014 0.751 0.241–2.346 ns
ΔMTV (median) 0.312 0.123–792 0.014 0.481 0.151–1.532 ns

Multivariate Cox proportional hazards regression analysis

CTC at 8 weeks (median) 0.115 0.030–0.434 0.001 * 0.178 0.045–0.707 0.014 *
ΔMTV (median) 0.357 0.130–0.984 0.046 *

ΔSUVmax (median) 0.144 0.028–0.736 0.02 *

* p < 0.05.
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Figure 4A,B shows two cases with metabolic response by 18F-FDG PET/CT and CTC assessment
before and after 8 weeks of ICI.

Figure 4. Comparison of positive (A–C) and negative findings (D) for CTC visualized by
May–Grünwald–Giemsa (MGG) staining at 40×magnification. (A) Naked nucleus (without cytoplasm),
intensely stained (hypercromatic), with irregular shape and scalloped borders, suspect for carcinoma.
The absence of a clearly visible cytoplasm did not permit the evaluation of the nuclear/cytoplasmic
ratio. (B) The same as the previous image; herein, we can compare the size of the naked nucleus
(arrow) with the size of neighboring leukocytes (around 3–4 times bigger). (C) A cluster of cells with a
high nucleus/cytoplasm ratio, hypercromasia, and irregular shape of nuclei. Additionally, cells were
bigger than leukocytes. (D) Some of the cells in this sample were degenerated. We did not take into
account these cells. The remaining population (for example, the cell indicated by the blue arrow) had a
nuclear size somewhat similar to that of leukocytes (yellow arrow). Where cytoplasm was present,
it was granular. Thus, all of these cells were probably leukocytes. * CTC = circulating tumor cells;
MGG =May–Grünwald–Giemsa.

3. Discussion

Several studies have investigated the prevalence and the prognostic role of CTC in different cancer
types, including NSCLC, but only a limited number have analyzed their relationship to 18F-FDG
PET/CT parameters [13,16–18]. On the other side, only a few studies have assessed the role of CTC
in patients with advanced NSCLC treated with checkpoint inhibitors [19,20]. If we exclude our
preliminary data [21], to the best of our knowledge, this research is the first to report a significant
association between the CTC count and the tumor 18F-FDG uptake in a similar patient cohort treated
with immunotherapy.

In our analysis, CTC were detected in 46% of the patients before the initiation of ICI and in
42% at the first assessment. Our detection rate was superior compared to Tamminga’ study [20],
that being 32% before ICI and 27% after 4 weeks, where CTC identification was performed by epithelial
marker-dependent (CellSearch) technology. Moreover, our finding is consistent with previous studies
in lung cancer patients, which demonstrated an overall sensitivity higher for cell size rather than
marked-based approaches, although not in an ICI setting [22–26]. Nevertheless, in the abovementioned
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study from the Italian group [19], using another system based on cell size (i.e., Screencells Cyto),
the prevalence of CTC was almost double that of our study (91% vs. 46%) in a larger population (n = 89).
This discrepancy by the two techniques, although based on the same filter diameter, might suggest a
high inter-reader variability due to both readers’ skills and the lack of uniformly accepted criteria for
CTC definition. Therefore, further and larger studies are needed.

Similar to Krebs et al., in our study, the presence and the number of CTC were influenced
by previous lines of therapy. Indeed, patients with a positive history for previous therapy had a
mean number of CTC lower than those who underwent ICI as first-line therapy (p = 0.004) [7]. As a
consequence, the presence of CTC in the peripheral blood after chemotherapy might suggest the grade
of response to treatment or, in other words, the aggressiveness of the tumor determining how fast
cancer can return after a macroscopic response. Hence, residual CTC after chemotherapy could be
characterized in order to identify those morphological or genetic modification-inducing expression
of genes and proteins conferring drug-resistance, such as the endothelial to mesenchymal transition
observed in cancer stem cells [27,28]. In line with previous studies, we did not find a significant
association between CTC and clinicopathological characteristics (e.g., age, gender, tobacco exposure,
tumor size, and histologic subtype) in patients with advanced NSCLC [14,29,30]. Moreover, CTC count
both at baseline and after 8 weeks, as well as their change during treatment, was not associated with
tumor response according to morphologic criteria (RECIST 1.1), although a trend of significance with
higher mean number of CTC for the PD group (p = 0.076) was evident. Such a finding was consistent
with the two abovementioned studies in NSCLC patients treated with ICI [19,20]. Of note, CTC were
associated with durable response, defined as no progression for at least 6 months measured by RECIST
1.1, more pronounced than early tumor response at 4–6 weeks [20]. Likewise, Nair et al., prior to any
therapeutic intervention for NSCLC, reported no correlation for CTC and tumor diameter [13]. On the
other hand, considering EORTC criteria, we showed a significant association between patients with
increased CTC and poor metabolic response by 18F-FDG PET/CT at first assessment after 8 weeks of
treatment. Similarly, Punnoose and colleagues [15] demonstrated higher levels of CTC in patients
classified as non-responders by metabolic criteria, although this was performed in a cohort treated
with erlotinib and pertuzumab. Hence, our results confirm on one hand the prevailing cytostatic effect
of ICI compared to cytocidal and, on the other, the precocious metabolic changes detected by 18F-FDG
that occur earlier than morphologic changes.

We also investigated the relationship between CTC and metabolic 18F-FDG positron emission
tomography (PET)-based indexes. Interestingly, we detected a significant association between higher
densities of CTC after 8 weeks and metabolic tumor burden, expressed by MTV and TLG (both p = 0.009).
A significant difference was also found between the number of CTC at 8 weeks and the percentage
changes of metabolic volume (i.e., ΔMTV and ΔTLG). These findings suggest, as already stated
previously, that the CTC count in the peripheral blood can reflect the entity of the tumor burden
and provide valuable information on the metabolic activity, which may serve as a marker of tumor
aggressiveness in advanced NSCLC. Hence, as CTC count is a marker of poor response, if our results
were confirmed in a larger cohort, CTC along with metabolic indexes would be useful for monitoring
disease, allowing for early cessation of treatment with checkpoint inhibitors, and switching to an
alternative therapeutic regimen. Because our paper is the first in the era of checkpoint inhibitors
investigating CTC and 18F-FDG PET parameters, comparison with other reports is not well applicable.
Previously, some studies demonstrated a significant correlation between CTC and SUV value in
patients with chemotherapy-naïve lung cancer [12–14,31]. On the contrary, Nygaard et al. did not
find any association between metabolic parameters and cell-free (cf) DNA, another tumor-derived
biomarker [32].

The presence of CTC is related with survival and is predictive of disease progression and death in
NSCLC during chemotherapy and targeted therapies [15,23,29,33–37]. In the present study, CTC count
after 8 weeks was significantly associated with PFS and OS, whereas MTV at first restaging was
prognostic only for PFS, and showed a trend for OS (p = 0.072), in our opinion due to limited sample
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size. In addition, CTC and MTV were also prognostic factors when considered in conjunction. In this
regard, we identified a group characterized by poor PFS presenting with high CTC and high MTV at
8 weeks. Our findings are consistent with the only two abovementioned studies, which explored the
prognostic role of CTC in patients receiving ICI [19,20]. Interestingly, Tamminga et al. showed that
CTC and cell-free DNA (cfDNA), although at baseline, separately and in conjunction, were significantly
associated with OS in NSCLC patients receiving nivolumab [20]. Moreover, CTC count after 8 weeks
was predictive for both PFS and OS, along with ΔMTV and ΔSUVmax for PFS and OS, respectively,
suggesting that large and highly metabolic tumors could have the potential of shedding a high number
of CTC in the bloodstream, increasing the possibility to metastasize at distant sites.

These findings may be particularly interesting for patients in whom no tumor tissue is available
for other predictive analysis. On the same line, Fiorelli et al. identified SUVmax as an independent
predictor for CTC presence after surgery in NSCLC patients [31].

Nevertheless, our study had some shortcomings. First, a limited sample size, and second, we did
not evaluate PD-L1 expression on CTC. Recently, Ilié et al. demonstrated that patients who had
PD-L1-negative CTC 6 months after the start of checkpoint inhibitors benefitted from immunotherapy,
highlighting CTC as a heterogeneous population worthy of further investigation [33]. Third, we did
not investigate the genetic features of CTC, which could open a new frontier in the understanding of
therapy resistance. Finally, we did not collect other circulating markers, such as cfDNA, known as
potential biomarkers in cancer patients.

4. Materials and Methods

4.1. Patients and Study Design

The current study was conducted following the approval of the local institutional review board
and in accordance with the Declaration of Helsinki and Good Clinical Practice guidelines (Prot. Nr. CE
Humanitas ex D.M. 8/2/2013 335/17). Written informed consent was obtained in all cases. The trial was
registered at www.clinicaltrials.gov (NCT03563482). Between April 2017 and March 2019, 35 patients
(23 males, 12 females) affected by metastatic or relapsed NSCLC were referred to our hospital,
Humanitas Clinical and Research Center, for treatment with ICI, and were prospectively enrolled.
ICI therapy was administered intravenously at a dose of 3 mg/kg every 2 weeks for nivolumab or at a
fixed dose of 200 mg every 3 weeks for pembrolizumab.

All patients performed whole-body contrast-enhanced CT, 18F-FDG PET/CT scan, and peripheral
blood sample for CTC isolation at baseline and at the first restaging after approximately 8 weeks
(after three cycles for pembrolizumab and atezolizumab, and after four cycles for nivolumab).
The patients’ epidemiologic and clinical characteristics are reported in Table 3.

Table 3. Patients’ characteristics at baseline.

Characteristics N (%)

Patients 35
Median age (range) 77 (51–86)

Gender
Male 23 (65.7)

Female 12 (34.3)
Smoking status

Never 5 (14.3)
Former 19 (54.3)
Smoker 11 (31.4)

ECOG PS
0 18 (51.4)
≥1 17 (48.6)
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Table 3. Cont.

Characteristics N (%)

Therapy line
0 9 (25.7)
1 14 (40)
≥2 12 (34.3)

Metastatic sites
1–2 16 (45.7)
>2 19 (54.3)

Histology
Adeno 24 (68.6)

Squamous 7 (20)
Poorly differentiated 34 (8.6)

Sarcomatoid 1 (2.8)
Tumor PD-L1 status

Negative 7 (20)
Positive 14 (40)

Not evaluable * 14 (40)

* Programmed cell death ligand 1 (PD-L1) could not be evaluated in 14 patients as biopsied material was of
insufficient quality or quantity.

4.2. CTC Isolation and Enumeration

For CTC detection, 10 mL of blood was collected in EDTA (ethylenediaminetetraacetic acid)
tubes and processed within 2 h on the Isolation by Size of Tumor/Trophoblastic Cells (ISET) platform
(Rarecells, Paris, France). Peripheral blood was filtered through the ISET polycarbonate membrane
containing 10 filter-spots with calibrated 8 μm diameter cylindrical pores, each spot representing the
filtration of 1 mL of blood. The membrane was cut into two parts containing four and six spots per
part. Four spots were stained using a freshly made May–Grünwald–Giemsa (MGG) solution according
to the technique described by Hofman and colleagues [29] for 5 min with undiluted May–Grünwald,
and subsequently for 5 min with 50% diluted May–Grünwald and 40 min in 10% diluted Giemsa,
followed by rinsing with water. Membranes were then air-dried and mounted with limonene mounting
medium (Sigma-Aldrich, St. Louis, MO, USA) and kept in the dark at room temperature. Stained spots
were examined under a light microscopy (Olympus BX51, Olympus Corporation, Shinjuku, Tokyo,
Japan) at 10× and subsequently digitized at 40× magnification. All images were analyzed by two
cytopathologists blinded to the study data. CTC were recognized on the basis of four cytopathological
features: (a) nuclear hyperchromatism, (b) increased nuclear volume, (c) irregular nuclear borders,
and (d) increased nucleus-to-cytoplasm ratio. Cells were defined as CTC when all four abovementioned
criteria were fulfilled, as previously described by Hofman and colleagues [29]. A dedicated pathologist
analyzed and counted CTC present in the membranes (four spots per patient). A panel of features
obtainable after magnification is illustrated in Figure 3.

4.3. 18F-FDG PET/CT and Image Analysis

Patients fasted at least 6 h before intravenous administration of 250–500 MBq of fluorodeoxyglucose
(FDG) in a quiet room. Images were acquired 60 min after tracer injection using two scanners
accredited by EANM Research Ltd. (EARL) program [38]: (a) Siemens Biograph LSO (lutetium
oxyorthosilicate) 6 scanner (Siemens Erlangen, Munich, Germany), with an integrated 6-slice CT;
and (b) GE Discovery PET/CT 690 (General Electric Healthcare, Waukesha, WI, USA), with an
integrated 64-slice CT. Attenuation-correction images were obtained with a low-dose CT (120 kV,
30 mA). Unenhanced low-dose CT was performed at 140 kV and 40 mA for attenuation correction of
emission data and anatomic localization of the PET dataset. PET sinograms were reconstructed by means
of an ordered-subset expectation maximization iterative reconstruction algorithm (three iterations;
eight subsets). Images were displayed on a GE ADW4.6 workstation (GE Healthcare, Waukesha,
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WI, USA) and interpreted by two experienced nuclear medicine physicians. From 18F-FDG PET/CT
images, the following parameters were measured: SUVmax, SUVmean, MTV, and TLG; MTV was
assessed using a PETVCAR (GE Healthcare, Waukesha, WI, USA) workstation and was computed
using an SUVmax threshold of 41%; TLG was computed as MTV × SUVmean. Percentage reduction
between baseline and restaging was calculated using the formula: [(8 weeks SUVmax − pretreatment
SUVmax)/pretreatment SUVmax] × 100 for SUVmax; similarly for the other metabolic parameters.

4.4. Tumor Response Assessment

Early tumor response, after approximately 8 weeks of treatment, was measured using the revised
RECIST 1.1 criteria [39]. Four categories were identified: complete response (CR), disappearance of all
target lesions; PR, reduction of at least 30% in the sum of diameters of target lesions; PD, increase of
at least 20% in the sum of diameters of target lesions or appearance of new lesions; SD, neither CR,
nor PR or PD.

Metabolic response was evaluated according to EORTC criteria with the following categories:
complete metabolic response (CMR), complete resolution of 18F-FDG uptake within all lesions; PMR,
reduction of at least 25% in the sum of SUVmax; PMD, increase of at least 25% in the sum of SUVmax
or appearance of new 18F-FDG avid lesions that are typical of cancer and not related to inflammation
or infection; SMD, neither CMR, nor PMR or PMD [40].

4.5. Statistical Analysis

Descriptive statistics for clinical, imaging, and pathologic variables were determined using the
median (range) or media with SD as appropriate.

Associations of CTC with clinical and metabolic characteristics were studied by means of
t-tests and Mann–Whitney U tests for continuous variables and χ2 tests or Fisher’s exact test for
categorical variables.

Clinical outcomes were evaluated in terms of PFS, defined as the interval from the date of initiation
of ICI to the date of either disease progression or death, and OS calculated as the duration between
the date of initiation of immunotherapy and the date of death. For the univariate and multivariate
analyses of survival, Cox’s proportional hazard model was employed as well as the log-rank test with
Kaplan–Meier analysis. All statistical analyses were carried out using the Statistical Package for Social
Sciences, version 23.0, for Windows (SPSS, Chicago, IL, USA), and p-values < 0.05 were considered as
being statistically significant.

5. Conclusions

In our study, analyzing for the first-time concomitant CTC and metabolic parameters in NSCLC
patients receiving ICI, we observed that CTC number was modulated by previous therapeutic
interventions. Moreover, the presence of elevated CTC count was an additional prognostic and
predictor factor along with metabolic tumor burden. Further large-scaled studies confirming the clinical
utility of CTC in combination with metabolic PET-based parameters in this setting are now warranted.
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Abstract: 68Ga-PSMA-11 positron-emission tomography/computed tomography (PET/CT) is
commonly used for restaging recurrent prostate cancer (PC) in European clinical practice. The goal of
this study is to determine the optimum time for performing these PET/CT scans in a large cohort of
patients by identifying the prostate-specific-antigen (PSA) and PSA kinetics thresholds for detecting
and localizing recurrent PC. This retrospective analysis includes 581 patients with biochemical
recurrence (BC) by definition. The performance of 68Ga-PSMA-11 PET/CT in relation to the PSA value
at the scan time as well as PSA kinetics was assessed by the receiver-operating-characteristic-curve
(ROC) generated by plotting sensitivity versus 1-specificity. Malignant prostatic lesions were identified
in 77%. For patients that were treated with radical prostatectomy (RP) a PSA value of 1.24 ng/mL
was found to be the optimal cutoff level for predicting positive and negative scans, while for
patients previously treated with radiotherapy (RT) it was 5.75 ng/mL. In RP-patients with PSA value
<1.24 ng/mL, 52% scans were positive, whereas patients with PSA ≥1.24 ng/mL had positive scan
results in 87%. RT-patients with PSA <5.75 ng/mL had positive scans in 86% and for those with PSA
≥5.75 ng/mL 94% had positive scans. This study identifies the PSA and PSA kinetics threshold levels
for the presence of 68Ga-PSMA-11 PET/CT-detectable PC-lesions in BC patients.

Keywords: 68Gallium-PSMA PET/CT; prostate-specific-antigen; prostate cancer; PSA kinetics
thresholds; biochemical recurrence; optimal cutoff level

1. Introduction

Prostate cancer (PC) is the second most common type of malignant cancers and it accounts for 55%
of global cancer incidence, together with lung, stomach, and breast cancer [1]. The global incidence of
PC in 2012 is 1.1 million per year and accounts for approximately 7% of deaths in men [2]. PC incidence
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has increased to 95–116 per 10,000 persons and the incidence of death related to PC is 2 per 10,000 per
person years since the introduction of prostate-specific-antigen (PSA)-screening [3].

Most patients with BC of PC are diagnosed at an early tumor stage with local disease. The primary
treatment of choice for localized PC is radical prostatectomy (RP) or radiation therapy (RT). In recent
years, several alternative treatment options have been approved, especially for the therapy of aggressive
PC and/or metastatic spread [4,5]. BC occurs in about 30% of the patients treated, in spite of radical
therapy [5,6]. BC is defined as a PSA is > 0.2 ng/mL after radical prostatectomy (RP) or > 2 ng/mL
above the nadir following radiotherapy (RT) [7]. The shorter the time between primary treatment and
BC is, the greater the risk for metastatic recurrence and clinical progression will be. In comparison, the
longer the timeline, the higher the association of localized recurrence [4]. In this setting, PSA and PSA
kinetics (i.e., PSA doubling time (PSAdt)—“which measures the exponential increase in serum PSA
over time” [8] and PSA velocity (PSAvel)—an indication of the “absolute annual increase in serum PSA
(ng/mL/year)” [8]) are valuable for the forecast of recurrent PC [4,9]. However the PSA alone does not
indicate the localization of malignant lesions.

Cornford et al. shows imaging guidelines and salvage therapy protocols after primary treatment [7].
In patients with presumptive cancer after initial curative treatment, diagnostic imaging is challenging
in the evaluation of patients with recurrent PC and/or distant metastases. Current standard imaging
techniques for restaging include transrectal ultrasonography (TRUS), 99mTc-diphosphonate bone
scintigraphy, computed tomography (CT), and magnetic resonance imaging (MRI). Morphological
imaging modalities, such as CT and MRI, often fail to visualize cancer lesions. Therefore, their accuracy
is limited, especially for the detection of lymph node metastases (LNM). Other diagnostic methods,
such as positron-emission tomography (PET) (with various tracers) or MR spectroscopy, which show
metabolic activity, will be used, in order to minimize this limitation [10].

Hybrid PET/CT has been favored for several years and has been applied according to
international guidelines to improve the diagnostic accuracy [8,11]. 68Gallium (Ga)-prostate specific
membrane antigen (PSMA) is currently one of the most successful tracers for PC imaging due
to its clinical specificity [12,13]. PSMA is a transmembrane protein that is overexpressed in 95%
of PC cells, especially in higher grade PC, recurrent PC and metastatic disease [14]. In benign
prostate tissue, it is only weakly or not expressed. PSMA provides an optimal target for the
diagnosis of PC as well as the treatment of PC [15]. Different 68Ga-labelled PSMA inhibitors
have been studied regarding their sensitivity and specificity to diagnose recurrence of PC
such as HBED-CC, which is an efficient 68Ga-chelator [13,16]. A German group has developed
Glu-NH-CO-NH-Lys(Ahx)-{68Ga-(N,N′-bis-[2-hydroxy-5-(carboxyethyl)benzyl]ethylen-ediamine-N,N′
-diacetic acid)}(68Ga-HBED-CC-PSMA or 68Ga-PSMA-11), a small-molecule inhibitor for PSMA [6,16].
The HBED-CC ligand has a fast blood and organ clearance and little of the ligand is taken up into the
liver. 68Ga-PSMA-11 PET/CT is a favorable diagnostic tool due to its excellent contrast-to-noise ratio
and the improved detection of lesions. The HBED-CC conjugated PSMA inhibitor 68Ga-PSMA-11
precisely binds to PSMA-positive cells and it is more specifically internalized into PSMA expressing
tumor cells and PSMA-positive metastatic lesion cells of PC [13,16,17]. In recent years, several other
PSMA ligands have been developed for labelling with 68Ga and 18F. In particular, the 18F-labelled
PSMA ligands continue to be researched [6,18,19]. To date, thousands of patients have been scanned
with 68Ga-PSMA, while 18F-PSMA has only been used in a few hundred patients.

The current research is directed toward the development of more sensitive PET molecules for
detection of BC at low PSA levels to allow for a personalized treatment planning at an early stage
of recurrent disease. PSA kinetics has been proposed to supplement other diagnostic modalities in
patient selection, especially with low PSA [9].

The goal of this study is to determine the best time for performing 68Ga-PSMA-11 PET/CT scans
in patients with BC by calculating PSA and PSA kinetics thresholds for the detection and localization
of recurrent PC.
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2. Results

2.1. Clinical Characteristics

Table 1 summarizes the clinical and pathological characteristics of the 581 study patients. At the
time of the scan, the median PSA levels were 2.98 ng/mL, range (0.2–2000). Gleason Score (GS,
the grading system for determining the aggressiveness of PC) [8] was for GS ≤ 6 in 37 patients.
303 patients had GS 7 (7a + 7b), 104 patients had GS 8, and 139 patients GS > 8. 36% of the patients were
treated with systemic androgen deprivation therapy (ADT). The primary treatment of most patients
(493) was radical prostatectomy (85%). 88 patients (15%) were primarily treated with radiotherapy
(Table 1).

Table 1. Patient characteristics.

Characteristics (n) Parameters

Number of patients 581

Age (y) (581)

Median 71

Range 49–88

Mean ± SD 71.3 ± 7.5

Gleason Score (581)

≤ 6 (low risk + grade group 1) 37

7 (intermediate risk + grade group 2+3) 303

8 (high risk + grade group 4) 104

> 8 (high risk + grade group 5) 139

PSA (ng/mL) (581)

Median 2.98

Range 0.2–2000

Mean ± SD 18.21 ± 101.91

PSAvel (ng/mL/y) (196)

Median 1.24

Range 0–620.1

Mean ± SD 10.89 ± 54.25

PSAdt (months) (581)

Median 10.35

Range 0–628.2

Mean ± SD 22.1 ± 48.8

Prior treatment of primary tumor (581)

Surgery (radical prostatectomy) 493

Radiotherapy and other 88

Further treatment

Anti-androgen therapy 209

Positivity rate

Total/PET/CT positive patients 450/581

Abbreviations: PSA, prostate-specific-antigen; vel, velocity; dt, doubling time; SD, standard deviation; n, number of
patients; y, year.
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2.2. Overall Positivity Rate of 68Ga-PSMA-11 PET/CT

68Ga-PSMA-11 PET/CT showed a positivity rate in 450 out of 581 patients (77%) (mean PSA 18.21
± 101.91 ng/mL). The discrimination of the PSA values between patients with a PSMA-positive scan
and those with a PSMA-negative scan was statistically significant (p < 0.001). The mean PSA levels of
patients with positive scans were significantly higher than those of patients with negative scan results
(22.94 ± 115.38 ng/mL versus 1.95 ± 3.28 ng/mL, p < 0.001, Mann-Whitney-U test) (Table 2).

Table 2. 68Ga-PSMA-11 positron-emission tomography/computed tomography (PET/CT)-11 positive
and negative scan results in relation to prostate-specific-antigen (PSA).

PET/CT Results
PSA (ng/mL)

Mean ± SD Median (range) p Value

Positive (450/581) 22.94 ± 115.38 4.01 (0.2-2000)

Negative (131/581) 1.95 ± 3.28 0.8 (0.2–25.67)

Total 18.21 ± 101.91 2.98 (0.2–2000) p < 0.001 *

* Mann-Whitney-U test. Abbreviations: PSA, prostate-specific-antigen; SD, standard deviation; p < 0.05 is
considered significant.

This retrospective analysis includes 581 patients with a BC. We looked at the two groups of
patients with different BC by definition (patient-group RP and patient-group RT) separately to ensure
proper statistics and a homogeneous patient collective.

2.3. Positivity Rate of 68Ga-PSMA-11 PET/CT in Detecting Clinical Recurrence Post-Prostatectomy

68Ga-PSMA-11 PET/CT revealed malignant prostatic lesions in 370 of 493 patients (75%).
A statistically significant demarcation in PSA values was shown (p < 0.001) between patients with
a positive (3.20 ng/mL) and a negative (0.70 ng/mL) 68Ga-PSMA-11 PET/CT scan.

The detection efficacy of 68Ga-PSMA-11 PET/CT for post-prostatectomy (patient-group RP) was
40% (27) for PSA levels of 0.2 to < 0.5 ng/mL and 62% (48), 70% (61), 84% (99), 94% (135) for PSA levels
of 0.5 to < 1 ng/mL, 1 to < 2 ng/mL, 2 to < 5 ng/mL, and ≥ 5 ng/mL, respectively (p < 0.001) (Table 3A).

Table 3A shows the sites of lesions that were detected by 68Ga-PSMA-11 PET/CT scans in
patient-group RP. Local recurrence was evident in 29% (109/370) of the patients with a positive scan.
Out of all patients with positive scans, 85% showed metastases. 54% of these patients exhibited local
metastases and 23% distant metastases. Multiple metastases were observed in 66% of these patients.
Lymph node (LN) metastases (LNM) were evident in 78% of the patients, 75% of which were local,
8% distant LNM, and 18% were local and distant LNM. Bone metastases were revealed in 43% of
the patients with positive 68Ga-PSMA-11 PET/CT scans. Visceral metastases rarely occurred in 7%
(Table 3A). Single metastases were detected in 28% of the patients (n = 105) with positive 68Ga-PSMA-11
PET/CT results and 56% of the patients (n = 208) showed multiple PC metastases (Table 4).
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Table 3. (A) Prostate cancer (PC) recurrence (patient-group radical prostatectomy (RP)) location related
to different PSA values. (B) PC recurrence (patient-group RT) location related to different PSA values.

(A) Prostate cancer (PC) recurrence (patient-group radical prostatectomy (RP)) location related to different PSA
values.

PSA (ng/mL) 0.2–<0.5 0.5–<1.0 1.0–<2.0 2.0–<5.0 ≥5.0 Chi2, p

Number (x/493)
patient-group RP 67 78 87 118 143

PET/CT positive 27 48 61 99 135 r = 0.413; p < 0.001

Positivity rate 40.3% 61.5% 70.1% 83.9% 94.4%

Androgen deprivation
therapy 15 13 21 31 77 r = 0.252; p < 0.001

Regions:

Local recurrence 6 14 19 29 41 r = 0.149; p = 0.02

Metastases 22 39 49 80 123 r = 0.365; p < 0.001

Site of metastases: r = 0.402; p < 0.001

Local metastases 16 28 32 43 50

Distant metastases 3 7 12 18 31

Local + distant
metastases 3 4 5 19 42

Number of metastases: r = 0.397; p < 0.001

Single metastases 14 14 23 25 29

Multiple metastases 8 25 26 55 94

Lymph node metastases
(LNM) 19 30 38 61 97 r = 0.266; p < 0.001

Site of LNM: r = 0.344; p < 0.001

Local LNM 18 28 34 51 52

Distant LNM 0 0 2 4 13

Local + distant LNM 1 2 2 6 32

Bone metastases 8 11 12 33 72 r = 0.315; p < 0.001

Visceral metastases 1 1 2 5 12 r = 0.128; p = 0.075
*

(B) PC recurrence (patient-group RT) location related to different PSA values.

PSA (ng/mL) 2.0–<5.0 ≥5.0 Chi2, p

Number (x/88)
patient-group RT 33 55

PET/CT positive 29 51 r = 0.08; p = 0.44

Positivity rate 87.9% 92.7%

Androgen deprivation
therapy 11 41 r = 0.406; p = 0.001

Regions:

Local recurrence 21 29 r = −0.107; p = 0.317

Metastases 14 37 r = 0.244; p = 0.022

Site of metastases: r = 0.306; p = 0.011

Local metastases 10 12

Distant metastases 1 13

Local + distant
metastases 3 12

Number of metastases: r = 0.289; p = 0.022
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Table 3. Cont.

Single metastases 6 7

Multiple metastases 8 30

Lymph node metastases
(LNM) 12 23 r = 0.054; n.s.

Site of LNM: r = 0.076; n.s.

Local LNM 9 17

Distant LNM 2 1

Local + distant LNM 1 5

Bone metastases 5 22 r = −0.261; p = 0.014

Visceral metastases 2 1 r = −0.113; n.s.

* Fisher exact test. Abbreviations: PSA, prostate-specific-antigen; LNM, lymph node metastases; p < 0.05 is
considered significant; r, Pearson correlation coefficient.

Table 4. Tumor location and positivity rate of detected lesions.

Tumor Location n (493) % (370) n (88) % (80)

PET/CT positive patients 370 80

Local recurrence 109 29.5% 50 62.5%

Metastases 313 84.6% 51 63.8%

local 169 45.7% 22 27.5%

distant 71 19.2% 14 17.5%

local and distant 73 19.7% 15 18.8%

single 105 28.4% 13 16.3%

multiple 208 56.2% 38 47.5%

Lymph node metastases 245 66.2% 35 43.8%

Local/regional 183 49.6% 26 32.5%

Distant 19 5.1% 3 3.8%

Local and distant 43 11.6% 6 7.5%

Bone metastases 136 36.8% 27 33.8%

Visceral metastases
(lung, liver, adrenals, soft

tissue, spleen, thyroid)
21 5.7% 3 7.5%

Abbreviation: n, number of patients.

2.4. Positivity Rate of 68Ga-PSMA-11 PET/CT in Detecting Clinical Recurrence Post-Radiotherapy

Overall, 80 of 88 patients had a positive 68Ga-PSMA-11 PET/CT scan (91%). The discrimination in
PSA values between the patients with a positive (7.15 ng/mL) and a negative (5.25 ng/mL) scan was
not statistically significant (p = 0.384).

For patients that were treated with RT, the detection efficacy of 68Ga-PSMA-11 PET/CT was 88%
(29) for PSA levels of 2 to < 5 ng/mL and 93% (51) for PSA levels of ≥ 5 ng/mL, respectively (p = 0.44)
(Table 3B).

Table 3B shows the sites of lesions that were detected by 68Ga-PSMA-11 PET/CT scans in
patient-group RT. In 63% (50/80) of the patients with a positive scan, local recurrence was detected.
Of the positive scans, 64% showed metastases and 43% of these patients exhibited local metastases,
whereas 27% showed at least one distant finding (extra pelvic LN and/or bone and/or visceral
metastases). Multiple metastases were demonstrated in 75% of these patients. A total of 69% of the
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patients showed LNM (74% of them local, 9% distant, and 17% local and distant LNM). Bone metastases
were revealed in 34% of the patients with positive 68Ga-PSMA-11 PET/CT scans. Visceral metastases
were detected in only 4% of the positive scans (Table 3B). Multimetastatic disease was shown in 48% of
the PSMA-positive patients (n = 38), whereas in 16% of the patients (n = 13) single PC metastases were
detected (Table 4).

2.5. PSA and PSA Kinetics Threshold Levels

The performance of 68Ga-PSMA-11 PET/CT in relation to the PSA value at the time of the scans,
as well as PSA kinetics, were assessed by receiver-operating-characteristic-curve (ROC) generated
by plotting sensitivity versus 1-specificity. A PSA value of 1.24 ng/mL was found to be the optimal
cutoff level for predicting positive and negative scans by means of ROC analysis (AUC = 0.788; 95% CI
0.746–0.831) in all the patients primarily treated with RP and with RT (the cohort of 581 patients).

2.6. PSA and PSA Kinetics Threshold Levels Post-Prostatectomy

The optimal cutoff level was also 1.24 ng/mL for patients that were treated with radical
prostatectomy (370/493 patient-group RP) (AUC = 0.784; 95% CI 0.740–0.828) (Figure 1).

Figure 1. Receiver-operating-characteristic-curve (ROC) curve for PSA (patient-group RP) with
an optimal cutoff level of 1.24 ng/mL.

In patients with a PSA value <1.24 ng/mL, 52% (92/177) 68Ga-PSMA-11 PET/CT scans were
positive, whereas patients with a PSA ≥1.24 ng/mL exhibited positive scan results in 87% (278/316)
(p < 0.001). Local recurrence in the prostate bed was noted in 13% vs. 27% of the patients with PSA
levels below and above the cutoff. Multimetastatic disease was determined in 21% of the patients with
PSA values that were below cutoff level vs. 79% of patients with PSA above cutoff (p < 0.001, r 0.315)
(Table 5A). The local and distant metastases were determined in 6% (11/177) of patients with PSA
values below the cutoff level vs. 20% (62/316) of patients with PSA above cutoff (p < 0.001) (Table 5A).
Local metastases were detected in 51 patients (29%) below and in 118 patients (37%) above cutoff PSA
values (p < 0.001). Distant lesions were identified in 9% below vs. 18% above cutoff levels, respectively
(p < 0.001; Table 5A). As compared to patients with PSA values that were below the optimal cutoff
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level, patients with PSA levels ≥ 1.24 more frequently exhibited LNM (25% vs. 75%, p < 0.001, r 0.228)
and bone metastases (18% vs. 82%, p < 0.001, r 0.235).

Table 5. (A) 68Ga-PSMA-11 PET/CT positivity rate (RP) of different subgroups related to PSA levels.
(B) 68Ga-PSMA-11 PET/CT positivity rate (RT) of different subgroups that were related to PSA levels.

(A) 68Ga-PSMA-11 PET/CT positivity rate (RP) of different subgroups related to PSA levels.

PSA Range
(ng/mL)

Overall
Positivity

p/r Value
Single

Metastases
Multiple Metastases p/r Value

0.2 to <1
(145) 75 (51.7%) 28 (19.3%) 33 (22.8%)

<1.24 (177) 92 (52%) 33 (31%) 44 (21%)

≥1.24 (316) 278 (87.4%) 72 (69%) 164 (79%)

Total (493) 370 (75%) p < 0.001: r
0.400 105 208 p < 0.001: r

0.315

PSA Range
(ng/mL)

Local
Recur-Rence

p/r Value
Local

Metastases
Distant

Metastases

Local +
Distant

Metastases
p/r Value

0.2 to <1
(145) 20 (13.8%) 44 (30.3%) 10 (6.9%) 7 (4.8%)

<1.24 (177) 23 (13%) 51 (28.8%) 15 (8.5%) 11 (6.2%)

≥1.24 (316) 86 (27.2%) 118 (37.3%) 56 (17.7%) 62 (19.6%)

Total (493) 109 p < 0.001; r
0.164 169 71 73 p < 0.001; r

0.308

(B) 68Ga-PSMA-11 PET/CT positivity rate (RT) of different subgroups that were related to PSA levels.

PSA Range
(ng/mL)

Overall
Positivity

p/r Value
Single

Metastases
Multiple Metastases p/r Value

<5.75 (36) 31 (86.1%) 15 (41.7%) 19 (52.8%)
≥5.75 (52) 49 (94.2%) 7 (13.5%) 29 (55.8%)

Total (88) 80 (91%) p = 0.19; r
0.139 22 48 p = 0.008; r

0.255

PSA Range
(ng/mL)

Local
Recur-Rence

p/r Value
Local

Metastases
Distant

Metastases

Local +
Distant

Metastases
p/r Value

<5.75 (36) 22 (61.1%) 11 (30.6%) 1 (2.8%) 4 (11.1%)

≥5.75 (52) 28 (53.8%) 11 (21.2%) 13 (25%) 11 (21.2%)

Total (88) 50 p = 0.5; r
−0.07 22 14 15 p = 0.01; r

0.286

Abbreviations: PSA, prostate-specific-antigen; p < 0.05 is considered significant; r, Pearson correlation coefficient.

The optimal PSAvel threshold from ROC analysis for the detection of recurrent PC-lesions
(patient-group RP) was 1.32 ng/mL/year (AUC = 0.777; 95% CI 0.709–0.845) (Figure 2), which showed
significant differences between the PET-positive and PET-negative scans (p < 0.001).
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Figure 2. ROC curve for PSAvel (patient-group RP) with an optimal cutoff level of 1.32 ng/mL/year.

The ROC curve analysis showed that PSAdt was not useful in distinguishing between patients
with positive and negative 68Ga-PSMA-11 PET/CT scan results with an AUC of 0.450.

2.7. PSA and PSA Kinetics Threshold Levels Post-Radiotherapy

The optimal cutoff level for patients that were previously been treated with RT (80/88 patient-group
RT) was 5.75 ng/mL (AUC = 0.594; 95% CI 0.400–0.788) (Figure 3). In patients with a PSA value
<5.75 ng/mL, 86% (31/36) 68Ga-PSMA-11 PET/CT scans were positive, whereas patients with a PSA
≥5.75 ng/mL exhibited positive scan results in 94% (49/52) (p = 0.19, r 0.139). Local recurrence in the
prostate appeared in 61% vs. 54% of the patients with PSA levels that were below and above cutoff,
respectively. Multimetastatic disease was determined in 53% of the patients with PSA values that were
below cutoff level vs. 56% of patients with PSA above cutoff (p = 0.008, r 0.255) (Table 5B). Local and
distant metastases were found in 11% (4/36) of patients with PSA values below cutoff level vs. 21%
(11/52) of patients with PSA above cutoff (p = 0.01, r 0.286) (Table 5B). Patients with PSA levels ≥ 5.75
more frequently exhibited LNM (33% vs. 41%, p = 0.393, r 0.076) and bone metastases (26% vs. 41%,
p = 0.089, r 0.152) as compared to patients with PSA values below the optimal cutoff level.

131



Cancers 2020, 12, 398

Figure 3. ROC curve for PSA (patient-group RT) with an optimal cutoff level of.5.75 ng/mL.

An optimal PSAvel threshold from ROC analysis for the detection of recurrent PC-lesions
(patient-group RT) could not be ascertained, since only 19 patient data sets were available for the
calculation of the value, of which a positive scan result was obtained in 18 patients.

ROC curve analysis revealed a PSAdt threshold of 10.6 months (AUC = 0.600; 95% Cl 0.366–0.834)
to distinguish patients with positive and negative 68Ga-PSMA-11 PET/CT, but without significance
(p = 0.353).

2.8. Maximum Standardized Uptake Value (SUVmax)

As evidenced by the Kolmogorov-Smirnov-Test, the SUVmax of the detected sites of malignant
lesions were not normally distributed. SUVmax was the highest in bone metastases (mean and standard
deviation/SD: 22.14 ± 22.98, median: 15) and lowest in lung metastases (mean and SD: 9.84 ± 9.31,
median: 6). SUVmax of LNM and visceral metastases showed values in between.

2.9. GS

4% of patients with a positive 68Ga-PSMA-11 PET/CT scan were categorized as being low risk PC
(International Society of Urological Pathology (ISUP) grade 1; GS < 7), whereas 12% of PSMA-positive
patients were categorized GS 7a (ISUP grade 2; intermediate risk), 35% GS 7b (ISUP grade 3; intermediate
risk), 22% GS 8 (ISUP grade 4; high risk), and 26% GS > 8 (ISUP grade 5; high risk) [8] (Table 6).
High risk (GS 8, GS > 8) as compared to low risk patients (GS < 7) showed a high frequency of positive
scan results (p < 0.001) and metastases (52% vs. 2%) (p < 0.001). When considering local recurrence,
the results are similar, but not statistically significant. With regard to the subgroups (GS 7a vs. GS 7b),
there is an important distinction between patients with intermediate risk and grade group 2 (GS 7a
also called 7 (3 + 4)) (10%) when compared to patients with intermediate risk and grade group 3 (GS
7b also called 7 (4 + 3)) (36%) for PSMA-positive metastases (p < 0.001) (Table 6).
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Table 6. Gleason Score in relation to 68Ga-PSMA-11 PET/CT-11 positive scan results.

n = 581 GS < 7 (37) GS 7a (97)
GS 7b
(204)

GS 8(104)
GS >
8(139)

Chi2 r, p Value

PET/CT positive
(450/581)

16 52 158 97 117 0.288; p < 0.001

Local recurrence
(159/581)

9 24 56 32 38 0.027; n.s.

Metastases
(364/581)

8 36 132 83 105 0.324; p < 0.001

Abbreviations: GS, Gleason Score; n, number of patients; p < 0.05 is considered significant; r,
Pearson correlation coefficient.

2.10. ADT

ADT was significantly associated with increased probability of a positive 68Ga-PSMA-11 PET/CT
scan (p < 0.001). 37% of PSMA PET/CT-positive and 18% of PSMA PET/CT-negative patients were
treated with ADT (p < 0.001, r 0.173) in the patient-group RP. For the patient-group RT, 59% of the
patients with a positive PSMA scan and 63% with a negative scan were treated with androgens
(p = 0.837, r =™0.022).

2.11. Alkaline Phosphatase (AP)

AP has been described as an efficient and functional biomarker for the prognosis of PC (43).
We wanted to verify whether AP is a predictor for bone involvement of PC. In our study, AP levels
of patients with positive 68Ga-PSMA-11 PET/CT scan results were higher than those of patients with
negative scans (93 ± 53 IU/L vs. 74 ± 24 IU/L, p < 0.001, Mann-Whitney-U test). Patients exhibiting
bone metastases showed higher AP than patients without bone metastases (108 ± 70 IU/L vs. 76 ± 23
IU/L; p < 0.001).

2.12. Subpopulation

EAU guidelines suggest PSMA PET/CT for restaging PC in the case of patients that were treated
with RP, if the PSA level is > 0.2 ng/mL and if the results would influence subsequent treatment
decisions [8]. In the event that PSMA PET/CT is not available and the PSA level is ≥ 1 ng/mL, PET/CT
with other tracers (Fluciclovine or Choline) has been suggested, if the results could influence subsequent
treatment decisions [8]. For PSA recurrence after RT, EAU guidelines recommend performing PSMA
PET/CT (if available) or fluciclovine PET/CT or choline PET/CT in patients that qualified for curative
salvage treatment [8]. Therefore, we analyzed the PSA range from 0.2 ng/mL to < 1 ng/mL for
post-prostatectomy patients. We did not form a separate subgroup for the irradiated patients, as no
PSA threshold was stated in the EAU guidelines with regard to them.

All of the prostatectomized patients, 29% (145/493) exhibited PSA levels between 0.2 and< 1 ng/mL
and 52% of these patients showed positive PET/CT scans (positive: 0.2 to < 0.5 ng/mL 40% and 0.5 to
< 1 ng/mL 62%; p < 0.001, r 0.413) (Table 3A). In this subpopulation (overall positivity rate in scans
and PSA levels between 0.2 ng/mL and < 1 ng/mL), 68Ga-PSMA-11 PET/CT showed the presence of
local recurrence in the prostate bed in 27% (20 of 75), of local metastases in 59% (44 of 75), of distant
metastases in 13% (10 of 75), and of local and distant metastases in 9% (7 of 75). Multimetastatic
carcinoma was detected in 44% (33 of 75) (Table 3A). The absolute PSA value at the time of the
68Ga-PSMA-11 scan was associated with an increased probability of a positive scan result (p < 0.001).

3. Discussion

We evaluated 68Ga-PSMA-11 PET/CT scans in 581 BC patients after primary curative PC therapy
(RP as well as RT) in this retrospective study. A high positivity rate of 77% (450/581 patients) for the
detection of malignant prostatic lesions was shown (Figure 4A,B)). Our data reflects the positive results
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of several other studies and confirms that 68Ga-PSMA-11 PET/CT is a promising method for diagnosing
PC [12,20–24]. For restaging prostatectomized BC patients by PSMA PET/CT, the EAU guidelines
recommend a PSA level of > 0.2 ng/mL [8]. Patients with low cancer burdens have the best chance of
a salvage RT to be curative. For this reason, imaging with subsequent therapy planning at an early
stage of recurrent disease makes sense, from the point at which carcinoma foci are detectable, even with
low PSA [25]. The EAU guidelines report that salvage RT in BC patients after RP was correlated with
a tripling in PC-specific survival when compared to the patients who did not get salvage therapy [8].
The purpose of our study was to determine the best time for performing 68Ga-PSMA-11 PET/CT scans
in BC patients. For that reason, we calculated the PSA and PSA kinetics thresholds for the detection
and localization of recurrent PC. The PSA levels and PSA kinetics were assessed by ROC generated by
plotting sensitivity versus 1-specificity.

 

(A) 

 

(B) 

Figure 4. (A) History of a patient with prostate cancer followed by radical prostatectomy and
lymphadenectomy (pT3, pN0, cM0, G3) in 2012. PSA doubles within three months. 68Ga-PSMA-11
PET/CT scan shows two lymph node metastases with high prostate specific membrane antigen
(PSMA)-avidity. (B) The two small lymph node metastases are detectable on CT alone, but not suspect
of malignancy.
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3.1. Overall Positivity Rate

The positivity rate of 68Ga-PSMA-11 PET/CT of the present study was 77% over all patients (mean
PSA 22.94 ± 115.38 ng/mL), thereby confirming the results of previous studies where detection rates of
74% to 83% were reported for restaging PET/CT [6,12,26]. There was a statistically significant ability to
discriminate PSA values between PSMA-positive and PSMA-negative scans (p < 0.001). The overall
patient group was divided into the group of patients who were primarily treated with prostatectomy
(patient-group RP) and the group of patients who were primarily treated with RT (patient-group RT)
to ensure clean statistics.

3.2. Positivity Rate (RP)

In the group of prostatectomized patients, the positivity rate was 75% (370/493 patients) (see
Table 3A). Therefore, a clinically relevant percentage of patients with low PSA levels (< 0.5 ng/mL) could
be diagnosed with the recurrence of PC, being comparable to the results of other studies [6,12,23,26].
In recent studies of restaging by 68Ga-PSMA PET/CT, the detection rate was 50% at PSA levels of 0.2 to
0.49 ng/mL [6] and, in another study, 57.9% of the patients were 68Ga-PSMA PET/CT-positive at PSA
levels from 0.2 to < 0.5 ng/mL [20]. The results from the present study emphasize that 68Ga-PSMA
PET/CT is a sensitive tool for restaging PC, even at low PSA values [23]. After early salvage RT (PSA ≤
0.5 ng/mL), an undetectable PSA level can be reached in 60% of the patients, being associated with
a chance of 80% for a progression free five-year survival. This is indicated as second line therapy
with curative intent [8,25]. Salvage RT is usually indicated after a persistent increase in PSA after RP,
when systemic metastases are not found during staging imaging. If conventional imaging does not
show any malignant foci (local and/or distant metastases), only the prostate bed is typically irradiated
by Radiation Oncologists. Eiber et al. described that the detection of malignant lesions by PET was
extremely important for the final diagnosis in over 50%. They showed lesions that were not detected
by computed tomography (CT) [20,23]. Another study demonstrated that, in patients with BC after RP
while using the standard procedure, nearly 20% of 68Ga-PSMA PET/CT-positive lesions—suspicious of
malignancy—would not have been included in the radiation field. All of these patients belonged to
the crucial collective with PSA of < 1 ng/mL. 68Ga-PSMA-11 PET/CT hybrid imaging opens up the
possibility of changing the therapy [23,27]. Based on the data, both radiation therapists and urologists
should have a more accurate road map for directing therapy. In the end, the radiation therapist should
point where to direct his device. If a LN is resectable, a urologist might also resect it.

In comparison to other radiopharmaceuticals (e. g. 11C- and 18F-choline), detection rates of
68Ga-PSMA at low PSA levels were higher [28,29]. PSA levels and 11C-choline scans with positive
results were linearily correlated [30–32]. The positivity rate of 11C-choline scans for restaging was 73%
at PSA levels of ≥ 3 ng/mL, but at PSA < 1 ng/mL the rate decreased dramatically to 19–36% [4,28].
However, a recent study showed that the second-generation of labelling of PSMA tracers with 18F
(e.g., 18F-DCFPyL-PSMA) was superior to 68Ga-PSMA for restaging at PSA levels of 0.5 to 3.5 μg/L
with a sensitivity of 88% (15 of 17 patients) vs. 66% (23 of 35 patients). But at PSA values < 0.5 and >
3.5 μg/L, the sensitivity of both methods was comparable. Nevertheless, in 36% of the patients with
positive scans, additional lesions were found, while using 18F-PSMA vs. 68Ga-PSMA [18]. Overall, the
results of both methods were demonstrated to be similar [18]; this was also shown in a recent study,
which compared 68Ga-PSMA-11 and 18F-PSMA-1007 in the case of staging PC [33].

3.3. Positivity Rate (RT)

The positivity rate of RT patients was 91%, but no statistically significant differences could be
shown in the distinction of PSA levels between patients with positive and negative scans (p = 0.384)
(see Table 3B). The EAU Guidelines recommend that PSMA PET/CT can be crucial for PC detection in
the setting of BC after RT. However, they suggest that further studies be conducted [8].
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3.4. PSA and PSA Kinetics Threshold Levels

We assessed the performance of 68Ga-PSMA-11 PET/CT regarding pre-scan PSA levels by ROC
curve separating the two patient-groups RP and RT. Based on the results of previous studies [4,9],
which emphasized the importance of PSA kinetics for patient selection and detection, we also calculated
PSAvel and PSAdt (see introduction), as they are valuable parameters for the prediction of clinical
progression. However, it should also be borne in mind that there are non-PSA-producing tumor masses
in metastatic and fully treated PCs.

3.5. PSA and PSA Kinetics Threshold Levels (RP)

In our study, a PSA of 1.24 ng/mL was the optimal cutoff level for distinguishing between
positive and negative 68Ga-PSMA-11 PET/CT scans. 68Ga-PSMA-11 PET/CT showed the presence of
multimetastatic PC in 21% of the positive lesions in patients with PSA levels below the cutoff value
and in 79% in patients with PSA above the cutoff (Table 5A). Thus, we conclude that the cutoff by
hybrid imaging with 68Ga-PSMA-11 can be used for patient selection for restaging and also fits well
into clinical practice. If you convert 1.24 ng/mL to tumor mass, it might be a small LNM or tissue
volume of less than one cubic milliliter.

Significant differences between PET-positive and PET-negative patients were calculated with
corresponding optimal PSAvel threshold of 1.32 ng/mL/year (p < 0.001). Similarly to other studies,
our data show higher positivity rates corresponding to a higher PSAvel, which was also seen in
studies with 18F-choline. Like other authors, we propose that in addition to the PSA level, PSAvel
could be taken into account in patient selection [9,20,32,34]. On the other hand, a recent study, which
assessed a large cohort of patients, did not show significant correlation between 68Ga-PSMA-11 PET/CT
positivity and PSAvel [35].

In this study, PSAdt was not significantly associated with 68Ga-PSMA-11 PET/CT positivity.
For distinguishing between the positive and negative PSMA-PET findings, no optimal PSAdt cutoff
could be determined by ROC analysis (AUC = 0.450). The value of PSA in patient selection is
controversial [9]. Verburg et al. recommended combining serum PSA with PSAdt in order to achieve
the best PSMA-positive scan result or the detection of distant LNM; in which they emphasized the
importance of PSA over that of PSAdt [26]. Ceci et al. demonstrated PSAdt as a valuable predictor
of positive 68Ga-PSMA PET/CT scans and pointed out that patients with a short PSAdt and low PSA
values showed positive PSMA scans in 85% [36]. Corresponding to the EAU guidelines, these patients
were ideal candidates for salvage RT, as salvage RT has been described to be mostly efficient in patients
with short PSAdt [8,36]. In contrast, in the same study, 18.7% of patients had low PSA values, but long
PSAdt, and also showed positive PSMA-PET/CT findings [36].

3.6. PSA and PSA Kinetics Threshold Levels (RT)

In our study, we calculated an optimal PSA cutoff level from ROC curve of 5.75 ng/mL (Table 5B).
We were not able to determine an optimal PSAvel threshold for the irradiated patient-group based on
the available data. ROC analysis revealed a PSAdt cutoff of 10.6 months for the identification of RT
patients with positive and negative scans, which did not find significance (p = 0.353).

At the present time, our cutoff results cannot be compared with the results of other studies in
terms of thresholds, since they consider both (the prostatectomized and the irradiated patients) in
one common patient group. Otherwise, only the RP-group is analyzed. Radiation groups are rarely
examined alone for calculating cutoff levels.

3.7. Subpopulations

The performance of 68Ga-PSMA-11 PET/CT has to be appraised for a therapeutic approach.
In particular, the detection of local LNM should be considered, which could lead to a changed
therapeutic approach (salvage RP plus LNM dissection or salvage RT with extended radiation field).
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We took a closer look at PSA range between 0.2 ng/mL to < 1 ng/mL for post-prostatectomized patients
based on the EAU guidelines for performing PSMA PET/CT in different initial situations [8]. The
guidelines do not specify a threshold after primary radiation, so we have not formed a subgroup for
these patients [8]. In the RP-group, 29% of patients showed PSA values that were between 0.2 and < 1
ng/mL with a PSMA-positivity rate of 52%. There was a significant association between the pre-scan
PSA and an increased likelihood of a positive PSMA-scan was proven (p < 0.001). In comparison, Eiber
et al. demonstrated positive scans in 57.9% for PSA values of 0.2 to < 0.5 ng/mL and even 72.7% at
0.5 to < 1 ng/mL [20]. A published study by Graziani et al. showed that only about 45% of the scans
were positive while using hybrid imaging with 11C-choline PET/CT in patients, even with PSA levels
between 1 and 2 ng/mL. Multimetastatic disease was detected in 38% of all scans and distant lesions
in 19% of the patients with PSA levels between 1–2 ng/mL [37]. In the present study, 68Ga-PSMA-11
PET/CT revealed local metastases in 59%, multimetastatic disease in 44%, and distant lesions were
shown in 13% of the subpopulation patients. A clinically relevant number of patients can be selected
for salvage therapy due to the effectiveness of 68Ga-PSMA-11 PET/CT for the detection of metastases,
which is apparently higher than that of 11C-choline, possibly even for metastatic-directed treatment,
which might justify salvage LN dissection rather than systemic therapeutic path, thereby help to avoid
unnecessary procedures and complications and also improve the chance of a clinical recurrence-free
survival [38,39].

3.8. GS

Histopathological GS was significantly associated with positive 68Ga-PSMA-11 PET/CT results
(p < 0.001). Patients with GS of 7b (intermediate risk and grade group 3) and > 7 (high risk and grade
group 4 or 5) showed an increased incidence of positive 68Ga-PSMA-11 PET/CT scans (p < 0.001).
Between patients with PSMA-positive scans corresponding to GS 7a (intermediate risk and grade group
2) and PSMA-positive scans corresponding to GS 7b, there was a significant demarcation (p < 0.001).
Regarding the clinically important, highly significant differentiation between GS 7a (3 + 4) and 7b
(4 + 3), patients with GS 7b exhibited more frequent pathologic 68Ga-PSMA-11 PET/CT scans and
metastases [8,40]. Therefore, the findings of hybrid imaging with 68Ga-PSMA-11 agree in many cases
with higher risk relapses on the basis of histology (frequency and detection of metastases). Our results
are in line with other studies, which could possibly be due to the fact that the PSMA expression is
usually more intense in higher-grade GS lesions than in lesions with a lower-grade GS [8,12,23,41].
Our results correspond to the immunohistochemical results of PSMA expression in PC [20].

3.9. ADT

The positivity rate of 68Ga-PSMA-11 PET/CT was significantly correlated with accompanying
ADT in this study. This is in line with the results of a study, in which the ADT-treated patients revealed
positive PET/CT results more often and that was believed to be due to the frequent use of ADT in
patients with advanced disease [20]. The same phenomenon has also been described when using
11C-choline [37]. Furthermore, there have been reports of higher PSMA-expression of PC tumor cells
as part of ADT [42]. Overall, the scientific knowledge on this issue remains unclear and further studies
are needed [12,20].

3.10. AP

In our study, patients with PSMA-positive lesions showed higher AP levels than patients with
negative PSMA scans (p < 0.001). Additionally, the detection of bone metastases was significantly
associated with high AP. Our results corroborate the findings of other studies where serum AP was
found to be a predictor for bone involvement of PC and to be an efficient and reliable biomarker for the
prognosis of PC [43]. The AP levels were higher in patients with positive 68Ga-PSMA-11 PET/CT scan
results, with higher PSA levels, in patients receiving ADT and in patients exhibiting bone metastases
in our study. Li et al. suggest that high AP is significantly related to poor overall survival and poor
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progression-free survival in PC, but there is no apparent association to cancer specific survival [43].
Skeletal AP is prognostic for bone metastases for M-staging of PC, and it is a dependable marker of
osteoblastic activity. Another study demonstrated that AP levels were more closely associated with
pathological bone scans than with PSA values and that the amount of AP was positively related to
bone metastases [44]. From this, we conclude that the term “bone-specific AP” can reasonably be used.

4. Materials and Methods

4.1. Patient Characteristics

581 BC patients that had previously been treated with RP or RT, underwent 68Ga-PSMA-11
(Glu-urea-Lys(Ahx)-HBED-CC) PET/CT between 2015 and 2019 and were retrospectively evaluated.
The inclusion criteria for the performance of a 68Ga-PSMA-11 PET/CT scan were: (a) histopathologically
proven primary PC; (b) treatment with RP or RT (with or without ADT); and, (c) proven BC by definition
(BC is defined as an elevation of the PSA value after primary treatment to > 0.2 ng/mL after RP or
> 2 ng/mL above nadir following RT). The data on some of the patients included were already
considered in another study with different aim. The PSA levels were available at the time of surgery as
well as nadir, interim, and PET/CT scans (BC). Mean relapse PSA levels were 18.21 ng/mL ± 101.91
ng/mL (median 2.98, range 0.2–2000). 209 patients were treated with anti-androgens (Table 1). The
patient data were collected from four Nuclear Medicine Institutions (a–d) in Germany. We have
classified the patients into the following groups: (1) To obtain a clean statistic, we looked at the
patient-group after RP and the patient group after RT separately, as, by definition, they have a different
BC. (2) The subgroup of RP-patients was divided into five groups: 0.2 to < 0.5 ng/mL, 0.5 to < 1
ng/mL, 1 to < 2 ng/mL, 2 to < 5 ng/mL, and 5 ng/mL, and above. (3) The RT-patients were divided
into two groups: 2 to < 5 ng/mL and 5 ng/mL and above. Additionally, patients were assigned to
five-tiered GS groups: < 7, 7a and 7b, 8 and > 8, respectively. The following parameters were evaluated:
68Ga-PSMA PET/CT scan results, PSA values, PSA kinetics, SUVmax of the malignant lesions, GS, ADT,
AP and local/distant/single/multiple metastases, regional and/or distant LNM, bone metastases, and
visceral metastases (e.g., lung). The main limitation of this retrospective study as compared to many
other retrospective studies is that most of the patients did not have histopathological confirmation
of the lesions. As a result, we use the term positivity rate instead of detection rate in this study. In
addition to the histopathological findings (when available), we used a significant increase in PSA or
a decrease in PSA after subsequent therapy (e.g. salvage RT) or a confirmation of the pathological
focus in follow-up imaging or an increase and/or enlargement of the lesions in follow-up imaging,
as indicators. We evaluated the optimal cutoff level by calculating PSA and PSA kinetics thresholds
while using the ROC curve to determine the best time to perform 68Ga-PSMA-11 PET/CT scans in
patients with BC. The present study was in accordance with the Helsinki Declaration and the German
Medicinal Products Act, AMG §13.2b. The retrospective study was conducted in accordance with the
Declaration of Helsinki, and the Ethics Committee of Laek Rlp (2018-13390, approval date: 29 October
2018) and Aek No (41/2019, approval date: 22 February 2019) approved the protocol. All of the patients
gave their written informed consent for the examination and for inclusion in the study.

4.2. Radiopharmaceuticals

The 68Ga-labelled PSMA ligand, Glu-urea-Lys(Ahx)-HBED-CC (68Ga-PSMA-11), was synthesized
while using modification of a method described in 2012 [16]. In short, 68Ga was achieved from
a 68Ge/68Ga radionuclide generator (Garching, Germany) to be used to label the PSMA ligand.
The labelled tracer without carrier additive was cleaned using a reverse phase cartridge (Sep-Pak
C18 Plus Light cartridge, 130 mg Sorbent; Waters) and formulated in 10 mL phosphate-buffered
saline with 5% by volume ETOH. Confirmation by radio thin-layer chromatography (TLC) and
high-performance liquid chromatography (HPLC) was able to show a radiochemical purification yield
of over 98%. 68Ga-PSMA-11 was obtained from the Clinic of Nuclear Medicine of the Medical Center of
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the University Johannes Gutenberg (Mainz, Germany; b, c), from Advanced Accelerator Applications
(Bonn, Germany; b, c), from Eckert & Ziegler (Bonn, Germany; d) or was produced in house (Mainz,
Germany; a), depending on the availability.

4.3. Imaging Protocol

Each patient received an intravenous injection of 68Ga-PSMA-11 (mean and SD: 199 ± 61 MBq,
median activity: 200 MBq, range: 50–390 MBq). The PET data of tracer distribution were acquired
60 ± 10 min. (whole body) after injection of 68Ga-PSMA-11. The patients were imaged on a PET/CT
scanner named Gemini TF16 (Philips Medical Systems, Best, The Netherlands) (a, c) or a PET/CT
scanner, named Biograph 64/Z64, R4 (HD and time of flight)/Biograph 64 TruePoint (True V HD;
Siemens, Erlangen, Germany) (b, d). Either a mid-inspiratory low-dose CT scan (120 kV, 20–60 mAs,
CT transverse scan field 50 cm, 70 cm extended field of view, high contrast resolution 1.0 s, 0.6 mm)
without contrast enhancement or a maximum inspiratory venous-phase diagnostic contrast enhanced
(Ultravist 300; Bayer AG, Berlin, Germany) CT scan (140 kV, 100–400 mAs, dose modulation) from the
head to the upper-thigh was used for anatomical correlation and for attenuation corrections. PET was
performed while using a standard technique on a dedicated three-dimensional (3D) system (a, c: matrix
144 × 144; d: 400 × 400; b: 168 × 168), with an acquisition time of 3 min. per bed position (axial field of
view d: 13.3 cm; b: 21.8 cm; c: 19 cm; a: 18 cm). Random, scatter, and decay correction were applied to
the emission data. Ordered-subsets expectation maximization method (OSEM) (a: three iterations,
33 subsets, Gaussian filtering, 4.3 mm full-width at half-maximum; b, c: two iterations, 14 subsets,
Gaussian filtering, 5 mm (c) or 4.2 mm (b) transaxial resolution, full-width at half-maximum; d: three
iterations, 24 subsets, Gaussian filtering, 5 mm transaxial resolution, full-width at half-maximum) was
used for PET image reconstruction. The CT data were converted to attenuation coefficients at 511 keV
and applied for attenuation corrections of the PET images.

4.4. Imaging Analysis

The PET/CT images were first visually assessed by individual specialists (nuclear medicine
physician, radiologist) while applying coronal, transaxial, and sagittal layers. Subsequently, all of the
images were interpreted in consensus by at least one experienced nuclear medicine physician, and two
experienced radiologists, each of them board-certified and with PET/CT experience of more than five
years as well as rich experience in interpretation of hybrid imaging with 68Ga-PSMA-11. The final
diagnosis was reached by consensus. Any PSMA-avid lesion with a morphological substrate on CT and
an uptake above the background (but not correlated with physiological tracer uptake) was considered
as being suggestive of PC. The SUVmax was measured for all lesions, suspicious of malignancy.
PSMA-PET-avid lesions as described above were classified as suspected local recurrence in the prostate
or prostate bed, as local/regional LN in the pelvis (iliac and/or pararectal) or as distant/extrapelvic
LN (retroperitoneal and/or above the iliac bifurcation), as well as bone metastases and visceral
metastases (lung, liver, adrenals, soft tissue, spleen, thyroid). When conflicting interpretations were
identified, they were discussed and solved by the panel and consensus was passed between the
reviewing physicians.

4.5. Statistical Analysis

Statistical analyses were performed while using SPSS version 24.0 (IBM Corporation, Ehningen,
Germany). For continuous metric normally distributed variables, Students t-test was performed
to determine differences between two groups. Multivariate variance analysis was used for
comparison of more than two groups. We analyzed non-normally distributed continuous variables
by Mann-Whitney-U test. The Wilcoxon signed rank test was calculated for determining the changes
of PSA levels. For further analysis, we subdivided the metric values (e.g., PSAvel and PSAdt) into
categories. We analyzed these nominal and ordinal parameters with Chi-square test and Pearson
correlation. The performance of 68Ga-PSMA-11 PET/CT was assessed in relation to these parameters by
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ROC curves in order to determine the optimal cutoff of PSA levels and of PSA kinetics to differentiate
between positive and negative scan results. The data are presented as mean, SD, and/or median and
range. p < 0.05 was considered to be significant.

5. Conclusions

This study identifies the PSA and PSA kinetics thresholds for the presence of 68Ga-PSMA-11
PET/CT-detectable PC-lesions in patients with BC. Pre-scan PSA was the main predictor of a positive
scan with an optimal cutoff level of 1.24 ng/mL for patients that were primarily treated with RP. In this
subgroup, kinetics analysis of PSA calculated a threshold velocity of 1.32 ng/mL/year.

We conclude that the PSA levels and kinetics (PSAvel) are suitable risk markers for optimizing
the selection of patients who may benefit from 68Ga-PSMA-11 PET/CT, especially in the subgroup
of prostatectomized patients. 68Ga-PSMA-11 PET/CT has a great impact on selecting patients with
primary RP for salvage RT with curative intent.
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Abstract: Prostate cancer (PCa) is a disease affecting an increasing number of men worldwide. Several
efforts have been made to identify imaging biomarkers to non-invasively detect and characterize PCa,
with substantial improvements thanks to multiparametric Magnetic Resonance Imaging (mpMRI).
In recent years, diffusion kurtosis imaging (DKI) was proposed to be directly related to tissue
physiological and pathological characteristic, while the radiomic approach was proven to be a
key method to study cancer imaging phenotypes. Our aim was to compare a standard radiomic
model for PCa detection, built using T2-weighted (T2W) and Apparent Diffusion Coefficient (ADC),
with an advanced one, including DKI and quantitative Dynamic Contrast Enhanced (DCE), while
also evaluating differences in prediction performance when using 2D or 3D lesion segmentation.
The obtained results in terms of diagnostic accuracy were high for all of the performed comparisons,
reaching values up to 0.99 for the area under a receiver operating characteristic curve (AUC), and 0.98
for both sensitivity and specificity. In comparison, the radiomic model based on standard features led
to prediction performances higher than those of the advanced model, while greater accuracy was
achieved by the model extracted from 3D segmentation. These results provide new insights into
active topics of discussion, such as choosing the most convenient acquisition protocol and the most
appropriate postprocessing pipeline to accurately detect and characterize PCa.

Keywords: prostate cancer; PI-RADS; radiomics; magnetic resonance imaging; diffusion kurtosis
imaging; dynamic contrast-enhanced magnetic resonance imaging

1. Introduction

Prostate cancer (PCa) is the second most common malignant neoplasm among men [1]. The early
detection and grading of PCa are crucial for patient management and long-term survival evaluation.

The prostate cancer screening paradigm commonly consists of a serum prostate-specific antigen
(PSA) test, a digital rectal examination, a transrectal ultrasound, and prostatic biopsies, but each
of these methods has its disadvantages, spanning from low accuracy, i.e., when PSA is used alone,
to invasiveness, i.e., in transrectal examinations or biopsies.

Recently, the use of a multiparametric Magnetic Resonance Imaging (mpMRI) approach, combining
anatomic T1 or T2-weighted (T2W) images with functional MRI methods as Diffusion Weighted
Imaging (DWI) and Dynamic Contrast Enhanced (DCE) imaging, provided substantial improvements
in non-invasive prostate cancer detection and characterization [2–4]. In fact, the imaging approach,
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besides its non-invasiveness, can give “in vivo” information on the entire tumor volume, thereby
reducing inaccuracies due to sampling errors in histopathological analyses.

The Prostate Imaging-Reporting and Data System (PI-RADS) was developed in 2013, and then
updated in 2015 (PI-RADS v2) [5], in order to standardize the use of mpMRI in PCa imaging.
This technology provides a scale indicating how likely an mpMRI finding from T2W, DWI, and DCE is
related to a clinically significant cancer. The PI-RADS score ranges from one, which indicates a very
low probability of malignancy, to five, which indicates a very high probability that a lesion is malignant.
Since its introduction, the PI-RADS classification has played a very important role in PCa diagnosis [6],
proving to be a useful tool for the detection of prostatic lesions and their characterization in terms
of aggressiveness. However, due to its definition, PI-RADS scoring can be affected by subjectivity
and inter-/intra-operator variability [7], which are factors that may compromise PCa assessment.
Moreover, it is not unusual to find benign and malignant lesions with similar imaging findings, making
it challenging to detect the nature of prostatic lesions [8]. It should also be considered that lesions
classified as having a PI-RADS score of three are usually lesions termed as “intermediate” or “equivocal
on the presence of clinically significant cancer” [9]. The abovementioned limitations of PI-RADS,
together with an ever-growing volume of medical images for each patient and the development of
increasingly powerful image acquisition and processing techniques, have led to an increasing interest
in new quantitative approaches to analyze mpMRI images [10].

In particular, non-Gaussian diffusion models were proposed to better describe diffusion signal
behaviors, which are directly related to tissue physiological and pathological characteristics, and to
overcome the possible limitation of standard DWI. One of the most used models in the field of
prostate cancer is diffusion kurtosis imaging (DKI), although this technique requires more advanced
MRI sequences, longer acquisition time, and specific postprocessing tools compared with standard
DWI. DKI parameters, namely, the diffusion coefficient D and the deviation from normal distribution
coefficient K, proved to be very useful for PCa detection and characterization [11–14].

On the other hand, a radiomic approach proved to be a key method to study cancer imaging
phenotypes, reflecting underlying clinical and pathological information, as well as gene expression
patterns [15–18]. Radiomics, in fact, refers to the extraction of a large number of quantitative features
from medical images [19], thereby revealing heterogeneous tumor metabolism and anatomy [20,21].
This high-throughput extraction is preparatory to a process of data mining [17] for studies of associations
with or predictions of different clinical outcomes [22], thereby giving important prognostic information
about disease. The potential of radiomics to extensively characterize intratumoral heterogeneity has
shown promise regarding the prediction of treatment responses and outcomes, differentiating benign
and malignant tumors, and assessing genetic relationships in many cancer types [23,24].

Several radiomic studies were performed to discriminate PCa from noncancerous tissues,
to differentiate between cancers with different Gleason scores, and also to compare radiomic diagnostic
capabilities with those of PI-RADS scores [8,25–28]. All of these studies computed radiomic features
from standard mpMRI acquisition, including T2W, Apparent Diffusion Coefficient (ADC) computed
from a classical Gaussian diffusion model, and eventually DCE images. Feature extraction starting
from 2D regions of interest (ROIs) was performed in some of these studies, while 3D volumes of
interest (VOI) was utilized in others. Only few works, to the best of our knowledge, applied radiomic
approach to DKI imaging; Wang et al. [29] investigated whether radiomic features extracted from
T2W, ADC, D, K, and the quantitative perfusion parameter Ktrans could help to improve the diagnostic
performance of structured PI-RADS v2 in clinically relevant PCa. In the study by Hectors et al. [30],
radiomics features extracted from T2W, ADC, and DKI maps were correlated with Gleason score, gene
expression signatures and cancer-related gene expression levels. Toivonen et al. [31] developed and
evaluated a classification system for Gleason score predictions using radiomics features from T2W,
DWI, and DKI. However, none of these fully investigated the added value of combining the complex
radiomic processing approach with the advanced DKI mathematical model for PCa detection.
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The aim of our study was to fully investigate this issue. We obtained mpMRI radiomic signatures
to discriminate between 4–5 PI-RADS PCa and healthy tissue (HT) in a standard model, computed
using T2W and ADC alone, and using more advanced technology, which included using DKI and
quantitative DCE pharmacokinetic parameters [32]. Besides comparing the accuracies obtained by
these two radiomic signatures, we also evaluated the differences found in prediction performances
when using 2D ROIs or 3D VOIs.

2. Results

First and second order radiomic features (described in detail in the Materials and Methods section)
were extracted from T2W, ADC, DKI, and quantitative DCE pharmacokinetic parameters (volume
transfer constant from the plasma compartment to the extravascular extracellular space, Ktrans; rate
constant for transfer between the extravascular extracellular space and the blood compartment, Kep;
volume of extravascular extracellular space per unit volume of tissue, ve; the initial area under the
enhancement curve, iAUC).

The initial sets of features were composed of 120 features for two of the three analyzed classification
tasks, i.e., PI-RADS 4–5 vs. HT on 3D VOI in the advanced model (adv3D), which was computed
using first order features from T2W, ADC, D, K, and quantitative DCE pharmacokinetic parameters,
and PI-RADS 4–5 vs. HT on 2D ROI in the advanced model (adv2D). The third feature set was
composed of 44 features for the classification task PI-RADS 4–5 vs. HT on 3D VOI in the standard
model (std3D), which was computed using first and second order features from T2W and ADC.

Considering that, for a single patient, more than one segmentation can be obtained, i.e., both
lesion and HT can be obtained from the same prostate and more lesions or more healthy regions in the
same subject, a total of 118 3D VOIs were segmented (69 PCa and 49 HT); correspondingly, 118 2D
ROIs were extracted.

For each classification task, a reduced feature set was computed according to a stepwise forward
feature selection scheme. Each feature set, as reported in Table 1, was composed of the 25 top-ranked
features in the gain equation.

Table 1. Reduced feature set for each classification task. For each feature, the image from which it
was extracted is indicated. For std3D, whether it is a first or second order feature and the feature
name are also indicated. Abbreviations: T2W = T2-weighted; ADC = Apparent Diffusion Coefficient;
D = diffusion coefficient of Diffusion Kurtosis Imaging (DKI) model; K = deviation from normal
distribution coefficient; iAUC = initial area under the enhancement curve; ve = volume of extravascular
extracellular space per unit volume of tissue; Kep = ; Ktrans = ; Max =maximum; Mad =mean absolute
deviation; Min =minimum; Rms = root mean square; Std = standard deviation; GLCM = Gray Level
Co-occurrence Matrix.

adv3D adv2D std3D

D—Mean ADC—Rms ADC—Mean
D—Energy T2W—Energy ADC—Energy

iAUC—Median Ktrans—Median ADC—GLCM Auto Correlation
ve—Min T2—Std ADC—Max

T2W—Max K—Mad ADC—Min
K—Mad K—Std T2W—Max

ADC—Max D—Max T2W—Std
ADC—Min T2W—Max T2W—Mean
T2W—Std ADC—Energy ADC—Rms

K—Std D—Mean ADC—Median
ADC—Energy ADC—Max T2W—Variance
K—Variance D—Energy T2W—Energy
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Table 1. Cont.

adv3D adv2D std3D

T2W—Variance T2W—Variance T2W—Rms
T2W—Rms K—Variance ADC—GLCM Sum Average

D—Max D—Rms T2W—Median
D—Min D—Median T2W—Mad

T2—Mad ADC—Mean T2W—GLCM Correlation
Kep—Median T2W—Mean ADC—Skewness
T2W—Energy K—Rms T2W—GLCM Homogeneity
T2W—Mean ADC—Median T2W—Uniformity

D—Rms T2W—Mad T2—Entropy
Ktrans—Min Ktrans—Mean T2—GLCM Dissimilarity

Ktrans—Mean T2W—Median T2—Min
D—Median iAUC—Median ADC—Uniformity

ADC—Mean T2W—Rms ADC—GLCM Correlation

For each reduced feature set, multivariable logistic regression models of order from 1 to 10 were
obtained and their prediction performances for the different classification tasks are reported in Figures 1
and 2, where the comparisons between adv3D/adv2D and adv3D/std3D are shown, respectively.

 

Figure 1. Area under the receiver operating characteristics curve (AUC) (full line), sensitivity (dashed
line), and specificity (dotted line) of the multivariable models for adv3D (in blue) and adv2D (in red),
for model orders from 1 to 10.
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Figure 2. Area under the receiver operating characteristics curve (AUC) (full line), sensitivity (dashed
line), and specificity (dotted line) of the multivariable models for adv3D (in blue) and std3D (in yellow),
for model orders from 1 to 10.

By inspecting the curves in Figures 1 and 2, very similar and good results were obtained by
the three classification models. In more detail, from the comparison between the adv3D and adv2D
comparable results in terms of AUC, the sensitivity was higher for adv3D, except for model order
5; this was in contrast with specificity, which was higher on average for adv2D. On the other hand,
the comparison between adv3D and std3D highlighted higher results for std3D, except for low
order models.

For adv3D, the best model was order 7 based on the T2W mean, Max, Mad, Rms, ADC energy,
Min, and K variance. Order 5 was chosen for adv2D based on T2W Mad, ADC mean, median, energy,
and Ktrans median. Finally, order 4 was selected for std3D based on T2W mean and Min, ADC energy,
and Min.

3. Discussion

In this work, the added value of combining the radiomic processing approach with the advanced
DKI mathematical model for PCa detection was investigated. The main aim was to compare a standard
radiomic model built using T2W and ADC with an advanced one which included DKI and quantitative
DCE pharmacokinetic parameters in terms of PCa diagnostic accuracy. In addition, we evaluated the
differences found in prediction performances when using 2D ROIs or 3D VOIs.

The obtained results of AUC, sensitivity, and specificity were extremely high for all the classification
tasks tested (PI-RADS 4–5 vs. HT on adv3D, PI-RADS 4–5 vs. HT on adv2D, and PI-RADS 4–5
vs. HT on std3D), reaching values up to 0.99 for AUC and 0.98 for both sensitivity and specificity.
These performances were comparable to those obtained by Chen et al. [27] in their logistic regression
model, which was built by incorporating T2W sequences and ADC maps to classify PCa vs. non-PCa
tissues. However, in their work, Chen et al. included also shape features, which were deliberately
not considered in our models in order to avoid possible biases in feature values introduced by the
delineation of HT VOI/ROI which did not follow anatomical boundaries, as in the case of tumor lesions.
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Looking at the variables included in the best predictive model chosen for each classification
task, the recurrence of ADC energy as a common feature was observed. Interestingly, this index of
tumor heterogeneity was previously found to be a promising quantitative imaging biomarker for
characterizing cancer imaging phenotypes, since it was associated with tumor gene expression, tumor
metabolism, tumor stage, patient prognosis, and treatment response in several studies on different
cancer types [33].

To the best of our knowledge, only a few previous works [29–31] performed radiomic studies on
prostate cancer, including DKI model parameters, to detect clinically relevant PCa and to evaluate
PCa aggressiveness. Even though a direct comparison is not directly applicable, considering the
different populations and imaging approaches, some parallels can be carefully drawn with the work
by Wang et al. [29], which partially shared our aim and also considered the Toft perfusion model.
Those authors found that the best ranked features for PCa detection were extracted from D and K,
while pharmacokinetic features were not highly ranked in their classification model. Similarly, in our
adv3D model, the majority of the best ranked features (see Table 1) were extracted from DKI and ADC
(which was not included in the models by Wang et al. [29]), while few features were derived from the
Toft parameters.

In this study, looking in particular at the comparison between standard and advanced models,
radiomic approaches based on a standard feature set (T2w and ADC) led to a predictive model
with higher AUC, sensitivity, and specificity values than those of the predictive model based on the
advanced feature set. It should be noted that the DKI and DCE features, even though they contributed
to the features set after the first reduction step, survived only to a minor extent in the final selected
models and minimally contributed K variance in the adv3D model and Ktrans median in the adv2D
model. These results suggest that the inclusion of radiomic features derived from DCE and DKI models
does not provide a clear added value for PCa detection. On one hand, this would justify the choice
to exclude DCE from dominant sequences for PI-RADSv2 score assessment, which is still a topic of
discussion [34–36]; on the other hand, this would be food for thought regarding the complex debate of
the financial benefits of including time- and computational-demanding DKI acquisition in prostate
mpMRI acquisition protocol [14]. Regarding the comparison of the 3D and 2D advanced models,
high diagnostic performances were shown by both advanced models, although the sensitivity was
slightly lower and the specificity higher for the model built using 2D ROI, even though the resulting
AUCs were similar and above 0.99, thereby suggesting great accuracy for the quantitative parameters
extracted from VOI. This confirmed the hypothesis that tridimensional regions of interest allow for
a more complete description of the lesion [37] and increased the number of points included in the
statistical feature computation, thereby leading to results that were, in principle, more reliable and less
vulnerable to sampling errors [38].

Our study presents several limitations. First of all, even if the lesions selected as PI-RADS 4–5
were confirmed during biopsy, uncertainty in histological radiological correlations may still remain
when determining HT VOIs performed on the basis of radiological images. Such uncertainties could be
ruled out using MR-guided biopsy techniques, which could adopt the advantages of new technologies,
such as 3D printing, and could be used to develop personalized mold from diagnostic images to obtain
histopathological slices exactly corresponding to the acquired slice in mpMRI, as an example [39].
In addition, due to the small sample size (< 100 cases), we could not evaluate the prediction accuracy
for a nonbinary classification task (i.e., the additional inclusion of PI-RADS 3 lesions), neither could we
test the reproducibility of the proposed method in a separate validation group of patients.

4. Materials and Methods

4.1. Patient Cohort

The study was approved by the Institutional Review Board (9/19). All mpMRI data acquired from
March 2017 to August 2018 from a single center were retrospectively checked. A total of 65 patients
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were selected according to the following inclusion criteria: PI-RADS 4–5 at mpMRI, PSA > 4 ng/mL,
age older than 18 years at the time of the study, and available results of biopsy. Exclusion criteria
included inadequate MR images and unbiopsied lesions.

4.2. MR Imaging

mpMRI examinations were performed on a 3T Biograph mMR (Siemens Healthcare,
Erlangen, Germany) with a body surface coil. The imaging protocols included a T2W
(Repetition Time [TR] = 4010 ms, Echo Time [TE] = 112 ms, in plane field of view [FOV] =
200 × 200 mm2, number of slices = 26, resolution = 0.6 × 0.6 mm2, slice thickness = 3 mm), DWI
(TR = 7000 ms, TE = 86 ms, in plane FOV = 260 × 220 mm2, number of slices = 26, resolution =
2 × 2 mm2, slice thickness = 3 mm, b values = 0, 250, 500 (4 averages), 1000, 1500 (6 averages), 2000,
2500 (8 averages) s/mm2), 6 gradient echo Volumetric Interpolated Breath-hold Examination (VIBE)
sequences at variable flip angles (FAs) for T1 mapping (TR = 5.58 ms, TE = 1.83 ms, FAs = (2◦, 5◦, 8◦,
12◦, 15◦, 20◦), in plane FOV = 243 × 260 × 80 mm3, slice gap 20%, resolution = 1.4 ×1.4 × 3.0 mm3), and a
dynamic scan with 60 consecutives phases with a VIBE sequence (TR = 5.58 ms, TE = 1.83 ms, FA = 20◦,
FOV = 243 × 260 × 80 mm3, resolution = 1.4 × 1.4 × 3.0 mm3, temporal resolution = 9 s/phase).
Intravenous contrast injections started at the end of the first phase of dynamic scan at a dose of
0.1 mmol/kg of body weight and at the highest rate compatible with the patient’s age and compliance
(up to 5 mL/s)

4.3. PI-RADS

The PI-RADS assignment was performed by two radiologists experienced in urogenital imaging.
They inspected, in consensus, T2W, DWI, ADC maps, and DCE images in order to identify prostatic
lesions in accordance to PI-RADS v2 guidelines [40]. Of the PI-RADS 4 and PI-RADS 5 lesions, 100%
were confirmed to be cancer on biopsy.

4.4. ADC and DKI Maps Calculation

ADC maps were computed using the in-line software of the Biograph scanner, selecting b-values
from 0 to 1500. DKI maps, i.e., D and K, were computed using a voxel-wise fitting procedure
implemented in Matlab (The MathWorks Inc., Natick, MA, USA).

4.5. Pharmacokinetic Map Calculation

Pharmacokinetic maps were obtained with the commercial software Tissue 4D (Siemens Healthcare,
Erlangen, Germany). After an automated step of motion correction of the VIBE sequences at variable
FAs with the dynamic VIBE sequence, the Toft model [41] was chosen for pharmacokinetic parameter
calculations. The arterial input function (AIF) used for the analysis was set to “intermediate”, on the
basis of population-based AIFs built in Tissue 4D. Finally, 3D maps of Ktrans, Kep, ve, and iAUC were
obtained [23].

4.6. Image Preprocessing

Before feature extraction, some preprocessing steps were performed for each subject, i.e., the image
acquired at b = 0 was non-rigidly coregistered to the T2W image in order to correct for spatial distortion
typical of DWI acquisition. The registration was performed using the Elastix software (v. 4.9.0 [42]),
and the resulting transform was used to warp the volumes acquired at the other b-values and the
corresponding ADC, D, and K maps. In addition, Ktrans, Kep, ve, and iAUC maps were resampled to
match the resolution of the T2W image.
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4.7. VOI/ROI Segmentation

3D VOI segmentations were manually obtained. Two experienced radiologists were asked
to consensually draw the 3D VOI in the biopsied lesions with PI-RADS 4–5 and in HT on T2W
images, while also looking at the b = 1000 coregistered volume. During the segmentation procedure,
the radiologists were blinded to both the histological results and all clinical information relative to the
retrospective prostate MR images. The segmentation was done using in-house developed software
for region labeling. The 2D ROIs were automatically obtained in Matlab from 3D VOIs, with the 2D
section with the longest major axis chosen for each.

4.8. Feature Extraction

The first order features were extracted from T2W, ADC, D, K, Ktrans, Kep, ve, and iAUC for the 3D
VOIs and 2D ROIs. First, each image was normalized, limiting its dynamics within the segmentation
to μ ± 3σ [43], then 13 first order features were extracted from the intensity histogram computed on
256 bins, namely, energy, entropy, kurtosis, maximum (Max), mean, mean absolute deviation (Mad),
median, minimum (Min), root mean square (Rms), skewness, standard deviation (Std), uniformity,
and variance.

In addition, second order features were also computed for the T2W and ADC images. Gray Level
Co-occurrence Matrix (GLCM) [44], which was computed by 3D analysis of the tumor region with
26-voxel connectivity, was chosen, simultaneously taking into account the neighboring properties of
the voxels in all 3D directions [45] after image quantization on 32 grey levels. The obtained features
included energy, contrast, entropy, homogeneity, correlation, sum average, variance, dissimilarity,
and auto correlation.

4.9. Multivariable Analysis

Three classification tasks were analyzed: PI-RADS 4–5 vs. HT on 3D VOI in the adv3D, which
was computed using first order features from T2W, ADC, D, K, Ktrans, Kep, ve, and iAUC, PI-RADS
4–5 vs. HT on 2D ROI in the adv2D, and PI-RADS 4–5 vs. HT on 3D VOI in the std3D, which was
computed using the first and second order features from T2W and ADC.

The multivariable predictive models were obtained following the method described by
Vallières et al. [45], using an imbalance-adjusted bootstrap resampling (IABR) on 1000 samples at
each step.

First, from the large initial set of features, a reduced feature set of 25 features was computed
through a stepwise forward feature selection scheme for each classification task. The first feature
was chosen as the one that maximized Spearman’s rank correlation regarding the outcome. Then,
the features were added one at a time to maximize a linear combination of Spearman’s rank correlation
(between the feature and the outcome) and the Maximal Information Coefficient (between the feature
and the features that were yet to be included in the reduced set) [46].

Then, from the reduced feature set, logistic regression models of order i from 1 to 10 that would
best predict the outcome under investigation were obtained using another stepwise forward feature
selection. This procedure involved adding features that maximized the 0.632 + bootstrap area under
the receiver operating characteristic curve (AUC) [47] to the ith model one by one.

Finally, for each classification task, the prediction model was obtained by choosing the order
that maximized the AUC and computing the final model logistic regression coefficients for the
aforementioned combination of features using IABR.

5. Conclusions

In this work, we proposed a radiomic approach to differentiate between PI-RADS 4–5 lesions and
HT using different prediction models. The proposed comparisons, including one between models
constructed from standard mpMR acquisition protocol (including ADC and T2W) and advanced
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acquisition protocol (with the addition of DCE and DKI) and another between models derived from
features extracted from 3D VOIs or 2D ROIs, provided interesting insights into these sensitive discussion
topics amongst the scientific community. This work paved the way toward further studies of these
topics, potentially evaluating nonbinary outcomes, tumor aggressiveness, and reproducibility of the
computed features in wider cohorts of patients. More extensive work could enable the scientific
community to more confidentially suggest guidelines regarding the choice of the most confident,
but not redundant, acquisition protocol, and of the most appropriate postprocessing pipeline to
accurately detect and characterize PCa.

Author Contributions: S.M. and C.C. conceived the study; C.C., L.B., A.R., G.D.C., and M.P. enrolled the patients
and acquired data; S.M., V.B., and L.B. performed the data analysis; S.M. and V.B. wrote the original draft; C.C.,
M.S., and A.R. reviewed and edited the manuscript. All authors read and agreed to the published version of
the manuscript.

Funding: This work was supported by “Ricerca Corrente” Grant from Italian Ministry of Health (IRCCS SDN).

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Bray, F.; Ferlay, J.; Soerjomataram, I.; Siegel, R.L.; Torre, L.A.; Jemal, A. Global cancer statistics 2018:
GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J.
Clin. 2018, 68, 394–424. [CrossRef] [PubMed]

2. Hegde, J.V.; Mulkern, R.V.; Panych, L.P.; Fennessy, F.M.; Fedorov, A.; Maier, S.E.; Tempany, C.M.C.
Multiparametric MRI of prostate cancer: An update on state-of-the-art techniques and their performance in
detecting and localizing prostate cancer. J. Magn. Reson. Imaging 2013, 37, 1035–1054. [CrossRef] [PubMed]

3. De Rooij, M.; Hamoen, E.H.J.; Fütterer, J.J.; Barentsz, J.O.; Rovers, M.M. Accuracy of multiparametric MRI
for prostate cancer detection: A meta-analysis. Am. J. Roentgenol. 2014, 202, 343–351. [CrossRef] [PubMed]

4. Fütterer, J.J.; Briganti, A.; De Visschere, P.; Emberton, M.; Giannarini, G.; Kirkham, A.; Taneja, S.S.; Thoeny, H.;
Villeirs, G.; Villers, A. Can clinically significant prostate cancer be detected with multiparametric magnetic
resonance imaging? A systematic review of the literature. Eur. Urol. 2015, 68, 1045–1053. [CrossRef]

5. Weinreb, J.C.; Barentsz, J.O.; Choyke, P.L.; Cornud, F.; Haider, M.A.; Macura, K.J.; Margolis, D.; Schnall, M.D.;
Shtern, F.; Tempany, C.M.; et al. PI-RADS prostate imaging—Reporting and data system: 2015, version 2.
Eur. Urol. 2016, 69, 16–40. [CrossRef]

6. Zhao, C.; Gao, G.; Fang, D.; Li, F.; Yang, X.; Wang, H.; He, Q.; Wang, X. The efficiency of multiparametric
magnetic resonance imaging (mpMRI) using PI-RADS Version 2 in the diagnosis of clinically significant
prostate cancer. Clin. Imaging 2016, 40, 885–888. [CrossRef]

7. Chung, A.G.; Shafiee, M.J.; Kumar, D.; Khalvati, F.; Haider, M.A.; Wong, A. Discovery radiomics for
multi-parametric MRI prostate cancer detection. arXiv 2015, arXiv:1509.00111.

8. Xu, M.; Fang, M.; Zou, J.; Yang, S.; Yu, D.; Zhong, L.; Hu, C.; Zang, Y.; Dong, D.; Tian, J.; et al. Using
biparametric MRI radiomics signature to differentiate between benign and malignant prostate lesions. Eur. J.
Radiol. 2019, 114, 38–44. [CrossRef]

9. Schoots, I.G. MRI in early prostate cancer detection: How to manage indeterminate or equivocal PI-RADS 3
lesions? Transl. Androl. Urol. 2018, 7, 70–82. [CrossRef]

10. Sun, Y.; Reynolds, H.M.; Parameswaran, B.; Wraith, D.; Finnegan, M.E.; Williams, S.; Haworth, A.
Multiparametric MRI and radiomics in prostate cancer: A review. Australas. Phys. Eng. Sci. Med.
2019, 42, 3–25. [CrossRef]

11. Rosenkrantz, A.B.; Sigmund, E.E.; Johnson, G.; Babb, J.S.; Mussi, T.C.; Melamed, J.; Taneja, S.S.; Lee, V.S.;
Jensen, J.H. Prostate cancer: Feasibility and preliminary experience of a diffusional kurtosis model for
detection and assessment of aggressiveness of peripheral zone cancer. Radiology 2012, 264, 126–135. [CrossRef]
[PubMed]

12. Suo, S.; Chen, X.; Wu, L.; Zhang, X.; Yao, Q.; Fan, Y.; Wang, H.; Xu, J. Non-Gaussian water diffusion kurtosis
imaging of prostate cancer. Magn. Reson. Imaging 2014, 32, 421–427. [CrossRef] [PubMed]

153



Cancers 2020, 12, 390

13. Tamura, C.; Shinmoto, H.; Soga, S.; Okamura, T.; Sato, H.; Okuaki, T.; Pang, Y.; Kosuda, S.; Kaji, T. Diffusion
kurtosis imaging study of prostate cancer: Preliminary findings. J. Magn. Reson. Imaging 2014, 40, 723–729.
[CrossRef] [PubMed]

14. Brancato, V.; Cavaliere, C.; Salvatore, M.; Monti, S. Non-Gaussian models of diffusion weighted imaging for
detection and characterization of prostate cancer: A systematic review and meta-analysis. Sci. Rep. 2019, 9,
16837. [CrossRef] [PubMed]

15. Kumar, V.; Gu, Y.; Basu, S.; Berglund, A.; Eschrich, S.A.; Schabath, M.B.; Forster, K.; Aerts, H.J.W.L.; Dekker, A.;
Fenstermacher, D.; et al. Radiomics: The process and the challenges. Magn. Reson. Imaging 2012, 30,
1234–1248. [CrossRef]

16. Lambin, P.; Rios-Velazquez, E.; Leijenaar, R.; Carvalho, S.; Van Stiphout, R.G.P.M.; Granton, P.; Zegers, C.M.L.;
Gillies, R.; Boellard, R.; Dekker, A.; et al. Radiomics: Extracting more information from medical images using
advanced feature analysis. Eur. J. Cancer 2012, 48, 441–446. [CrossRef]

17. Gillies, R.J.; Kinahan, P.E.; Hricak, H. Radiomics: Images are more than pictures, they are data. Radiology
2016, 278, 563–577. [CrossRef]

18. Aerts, H.J.W.L.; Velazquez, E.R.; Leijenaar, R.T.H.; Parmar, C.; Grossmann, P.; Cavalho, S.; Bussink, J.;
Monshouwer, R.; Haibe-Kains, B.; Rietveld, D.; et al. Decoding tumour phenotype by noninvasive imaging
using a quantitative radiomics approach. Nat. Commun. 2014, 5, 4006. [CrossRef]

19. Incoronato, M.; Aiello, M.; Infante, T.; Cavaliere, C.; Grimaldi, A.M.; Mirabelli, P.; Monti, S.; Salvatore, M.
Radiogenomic analysis of oncological data: A technical survey. Int. J. Mol. Sci. 2017, 18, 805. [CrossRef]

20. Diehn, M.; Nardini, C.; Wang, D.S.; McGovern, S.; Jayaraman, M.; Liang, Y.; Aldape, K.; Cha, S.; Kuo, M.D.
Identification of noninvasive imaging surrogates for brain tumor gene-expression modules. Proc. Natl. Acad.
Sci. USA 2008, 105, 5213–5218. [CrossRef]

21. Segal, E.; Sirlin, C.B.; Ooi, C.; Adler, A.S.; Gollub, J.; Chen, X.; Chan, B.K.; Matcuk, G.R.; Barry, C.T.;
Chang, H.Y.; et al. Decoding global gene expression programs in liver cancer by noninvasive imaging. Nat.
Biotechnol. 2007, 25, 675–680. [CrossRef] [PubMed]

22. Li, H.; Zhu, Y.; Burnside, E.S.; Huang, E.; Drukker, K.; Hoadley, K.A.; Fan, C.; Conzen, S.D.; Zuley, M.;
Net, J.M.; et al. Quantitative MRI radiomics in the prediction of molecular classifications of breast cancer
subtypes in the TCGA/TCIA data set. npj Breast Cancer 2016, 2, 16012. [CrossRef] [PubMed]

23. Monti, S.; Aiello, M.; Incoronato, M.; Grimaldi, A.M.; Moscarino, M.; Mirabelli, P.; Ferbo, U.; Cavaliere, C.;
Salvatore, M. DCE-MRI pharmacokinetic-based phenotyping of invasive ductal carcinoma: A radiomic
study for prediction of histological outcomes. Contrast Media Mol. Imaging 2018, 2018, 5076269. [CrossRef]
[PubMed]

24. Yip, S.S.F.; Aerts, H.J.W.L. Applications and limitations of radiomics. Phys. Med. Biol. 2016, 61, R150–R166.
[CrossRef] [PubMed]

25. Chaddad, A.; Kucharczyk, M.J.; Niazi, T. Multimodal radiomic features for the predicting gleason score of
prostate cancer. Cancers 2018, 10, 249. [CrossRef] [PubMed]

26. Chaddad, A.; Niazi, T.; Probst, S.; Bladou, F.; Anidjar, M.; Bahoric, B. Predicting Gleason score of prostate
cancer patients using radiomic analysis. Front. Oncol. 2018, 8, 630. [CrossRef]

27. Chen, T.; Li, M.; Gu, Y.; Zhang, Y.; Yang, S.; Wei, C.; Wu, J.; Li, X.; Zhao, W.; Shen, J. Prostate cancer
differentiation and aggressiveness: Assessment with a radiomic-based model vs. PI-RADS v2. J. Magn.
Reson. Imaging 2019, 49, 875–884. [CrossRef]

28. Hermie, I.; Van Besien, J.; De Visschere, P.; Lumen, N.; Decaestecker, K. Which clinical and radiological
characteristics can predict clinically significant prostate cancer in PI-RADS 3 lesions? A retrospective study
in a high-volume academic center. Eur. J. Radiol. 2019, 114, 92–98. [CrossRef]

29. Wang, J.; Wu, C.J.; Bao, M.L.; Zhang, J.; Wang, X.N.; Zhang, Y.D. Machine learning-based analysis of MR
radiomics can help to improve the diagnostic performance of PI-RADS v2 in clinically relevant prostate
cancer. Eur. Radiol. 2017, 27, 4082–4090. [CrossRef]

30. Hectors, S.J.; Cherny, M.; Yadav, K.K.; Beksaç, A.T.; Thulasidass, H.; Lewis, S.; Davicioni, E.; Wang, P.;
Tewari, A.K.; Taouli, B. Radiomics features measured with multiparametric magnetic resonance imaging
predict prostate cancer aggressiveness. J. Urol. 2019, 202, 498–505. [CrossRef]

31. Toivonen, J.; Perez, I.M.; Movahedi, P.; Merisaari, H.; Pesola, M.; Taimen, P.; Boström, P.J.; Pohjankukka, J.;
Kiviniemi, A.; Pahikkala, T.; et al. Radiomics and machine learning of multisequence multiparametric

154



Cancers 2020, 12, 390

prostate MRI: Towards improved non-invasive prostate cancer characterization. PLoS ONE 2019, 14, e0217702.
[CrossRef] [PubMed]

32. Franiel, T.; Hamm, B.; Hricak, H. Dynamic contrast-enhanced magnetic resonance imaging and
pharmacokinetic models in prostate cancer. Eur. Radiol. 2011, 21, 616–626. [CrossRef] [PubMed]

33. Dercle, L.; Ammari, S.; Bateson, M.; Durand, P.B.; Haspinger, E.; Massard, C.; Jaudet, C.; Varga, A.; Deutsch, E.;
Soria, J.C.; et al. Limits of radiomic-based entropy as a surrogate of tumor heterogeneity: ROI-area, acquisition
protocol and tissue site exert substantial influence. Sci. Rep. 2017, 7, 7952. [CrossRef] [PubMed]

34. Greer, M.D.; Brown, A.M.; Shih, J.H.; Summers, R.M.; Marko, J.; Law, Y.M.; Sankineni, S.; George, A.K.;
Merino, M.J.; Pinto, P.A.; et al. Accuracy and agreement of PIRADSv2 for prostate cancer mpMRI:
A multireader study. J. Magn. Reson. Imaging 2017, 45, 579–585. [CrossRef] [PubMed]

35. Greer, M.D.; Shih, J.H.; Lay, N.; Barrett, T.; Kayat Bittencourt, L.; Borofsky, S.; Kabakus, I.M.; Law, Y.M.;
Marko, J.; Shebel, H.; et al. Validation of the dominant sequence paradigm and role of dynamic
contrast-enhanced imaging in PI-RADS version 2. Radiology 2017, 285, 859–869. [CrossRef] [PubMed]

36. Taghipour, M.; Ziaei, A.; Alessandrino, F.; Hassanzadeh, E.; Harisinghani, M.; Vangel, M.; Tempany, C.M.;
Fennessy, F.M. Investigating the role of DCE-MRI, over T2 and DWI, in accurate PI-RADS v2 assessment of
clinically significant peripheral zone prostate lesions as defined at radical prostatectomy. Abdom. Radiol.
2019, 44, 1520–1527. [CrossRef]

37. Parmar, C.; Velazquez, E.R.; Leijenaar, R.; Jermoumi, M.; Carvalho, S.; Mak, R.H.; Mitra, S.; Shankar, B.U.;
Kikinis, R.; Haibe-Kains, B.; et al. Robust radiomics feature quantification using semiautomatic volumetric
segmentation. PLoS ONE 2014, 9, e102107. [CrossRef]

38. O’Connor, J.P.B.; Rose, C.J.; Waterton, J.C.; Carano, R.A.D.; Parker, G.J.M.; Jackson, A. Imaging intratumor
heterogeneity: Role in therapy response, resistance, and clinical outcome. Clin. Cancer Res. 2015, 21, 249–257.
[CrossRef]

39. Baldi, D.; Aiello, M.; Duggento, A.; Salvatore, M.; Cavaliere, C. MR imaging-histology correlation by tailored
3d-printed slicer in oncological assessment. Contrast Media Mol. Imaging 2019, 2019, 1071453. [CrossRef]

40. Vargas, H.A.; Hötker, A.M.; Goldman, D.A.; Moskowitz, C.S.; Gondo, T.; Matsumoto, K.; Ehdaie, B.;
Woo, S.; Fine, S.W.; Reuter, V.E.; et al. Updated prostate imaging reporting and data system (PIRADS v2)
recommendations for the detection of clinically significant prostate cancer using multiparametric MRI:
Critical evaluation using whole-mount pathology as standard of reference. Eur. Radiol. 2016, 26, 1606–1612.
[CrossRef]

41. Tofts, P.S.; Parker, G.J.M. DCE-MRI: Acquisition and analysis techniques. In Clinical Perfusion MRI: Techniques
and Applications; Cambridge University Press: Cambridge, UK, 2013; pp. 58–74.

42. Klein, S.; Staring, M.; Murphy, K.; Viergever, M.A.; Pluim, J.P.W. Elastix: A toolbox for intensity-based
medical image registration. IEEE Trans. Med. Imaging 2010. [CrossRef]

43. Collewet, G.; Strzelecki, M.; Mariette, F. Influence of MRI acquisition protocols and image intensity
normalization methods on texture classification. Magn. Reson. Imaging 2004, 22, 81–91. [CrossRef] [PubMed]

44. Haralick, R.M.; Dinstein, I.; Shanmugam, K. Textural features for image classification. IEEE Trans. Syst. Man
Cybern. 1973, 3, 610–621. [CrossRef]

45. Vallières, M.; Freeman, C.R.; Skamene, S.R.; El Naqa, I. A radiomics model from joint FDG-PET and MRI
texture features for the prediction of lung metastases in soft-tissue sarcomas of the extremities. Phys. Med.
Biol. 2015, 60, 5471–5496. [CrossRef] [PubMed]

46. Reshef, D.N.; Reshef, Y.A.; Finucane, H.K.; Grossman, S.R.; McVean, G.; Turnbaugh, P.J.; Lander, E.S.;
Mitzenmacher, M.; Sabeti, P.C. Detecting novel associations in large data sets. Science 2011, 334, 1518–1524.
[CrossRef] [PubMed]

47. Sahiner, B.; Chan, H.P.; Hadjiiski, L. Classifier performance prediction for computer-aided diagnosis using a
limited dataset. Med. Phys. 2008, 35, 1559–1570. [CrossRef]

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

155





cancers

Article

Role of Baseline and Post-Therapy 18F-FDG PET in
the Prognostic Stratification of Metastatic
Castration-Resistant Prostate Cancer (mCRPC)
Patients Treated with Radium-223

Matteo Bauckneht 1,*, Selene Capitanio 1, Maria Isabella Donegani 2, Elisa Zanardi 3,4,

Alberto Miceli 2, Roberto Murialdo 5, Stefano Raffa 2, Laura Tomasello 3, Martina Vitti 2,

Alessia Cavo 6, Fabio Catalano 7, Manlio Mencoboni 6, Marcello Ceppi 8, Cecilia Marini 2,9,

Giuseppe Fornarini 7, Francesco Boccardo 3,4, Gianmario Sambuceti 1,2 and Silvia Morbelli 1,2

1 Nuclear Medicine Unit, IRCCS Ospedale Policlinico San Martino, 16132 Genoa, Italy;
selene.capitanio@hsanmartino.it (S.C.); sambuceti@unige.it (G.S.);
silviadaniela.morbelli@hsanmartino.it (S.M.)

2 Department of Health Sciences (DISSAL), University of Genova, 16132 Genoa, Italy;
isabella.donegani@gmail.com (M.I.D.); albertomiceli23@gmail.com (A.M.); stefanoraffa@live.com (S.R.);
vitti.martina@hotmail.it (M.V.); cecilia.marini@unige.it (C.M.)

3 Academic Unit of Medical Oncology, IRCCS Ospedale Policlinico San Martino, 16132 Genoa, Italy;
elisa.zanardi@unige.it (E.Z.); laura.tomasello@hsanmartino.it (L.T.); fboccardo@unige.it (F.B.)

4 Department of Internal Medicine and Medical Specialties (DIMI), University of Genoa, 16132 Genoa, Italy
5 Internal Medicine Unit, IRCCS Ospedale Policlinico San Martino, 16132 Genoa, Italy;

roberto.murialdo@hsanmartino.it
6 Oncology Unit, Villa Scassi Hospital, 16149, Genova, Italy; alessia.cavo@asl3.liguria.it (A.C.);

manlio.mencoboni@asl3.liguria.it (M.M.)
7 Medical Oncology Unit, IRCCS Ospedale Policlinico San Martino, 16132 Genoa, Italy;

catalan.fab@gmail.com (F.C.); giuseppe.fornarini@hsanmartino.it (G.F.)
8 Clinical Epidemiology Unit, IRCCS Ospedale Policlinico San Martino, 16132 Genoa, Italy;

marcello.ceppi@hsanmartino.it
9 CNR Institute of Molecular Bioimaging and Physiology (IBFM), 20090 Segrate (MI), Italy
* Correspondence: matteo.bauckneht@hsanmartino.it; Tel.: +39-0105553038; Fax: +39-0105556911

Received: 26 November 2019; Accepted: 17 December 2019; Published: 20 December 2019

Abstract: Radium-223 dichloride (Ra223) represents the unique bone-directed treatment option that
shows an improvement in overall survival (OS) in metastatic castrate resistant prostate cancer (mCRPC).
However, there is an urgent need for the identification of reliable biomarkers to non-invasively
determine its efficacy (possibly improving patients’ selection or identifying responders’ after therapy
completion). 18F-Fluorodeoxyglucose (FDG)-avidity is low in naïve prostate cancer, but it is enhanced
in advanced and chemotherapy-refractory mCRPC, providing prognostic insights. Moreover, this tool
showed high potential for the evaluation of response in cancer patients with bone involvement. For
these reasons, FDG Positron Emission Tomography (FDG-PET) might represent an effective tool that
is able to provide prognostic stratification (improving patients selection) at baseline and assessing the
treatment response to Ra223. We conducted a retrospective analysis of 28 mCRPC patients that were
treated with Ra223 and submitted to bone scan and FDG-PET/CT for prognostic purposes at baseline
and within two months after therapy completion. The following parameters were measured: number
of bone lesions at bone scan, SUVmax of the hottest bone lesion, metabolic tumor volume (MTV),
and total lesion glycolysis (TLG). In patients who underwent post-therapy 18F-Fluorodeoxyglucose
Positron Emission Tomography/Computed Tomography (FDG-PET/CT), (20/28), PET Response
Criteria in Solid Tumors (PERCIST), and European Organization for Research and Treatment of
Cancer (EORTC) criteria were applied to evaluate the metabolic treatment response. The difference
between end of therapy and baseline values was also calculated for Metabolic Tumor Volume (MTV),
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TLG, prostate-specific antigen (PSA), alkaline phosphatase (AP), and lactate dehydrogenase (LDH)
(termed deltaMTV, deltaTLG, deltaPSA, deltaAP and deltaLDH, respectively). Predictive power
of baseline and post-therapy PET- and biochemical-derived parameters on OS were assessed by
Kaplan–Meier, univariate and multivariate analyses. At baseline, PSA, LDH, and MTV significantly
predicted OS. However, MTV (but not PSA nor LDH) was able to identify a subgroup of patients
with worse prognosis, even after adjusting for the number of lesions at bone scan (which, in turn,
was not an independent predictor of OS). After therapy, PERCIST criteria were able to capture the
response to Ra223 by demonstrating longer OS in patients with partial metabolic response. Moreover,
the biochemical parameters were outperformed by PERCIST in the post-treatment setting, as their
variation after therapy was not informative on long term OS. The present study supports the role of
FDG-PET as a tool for patient’s selection and response assessment in mCRPC patients undergoing
Ra223 administration.

Keywords: Radium-223; positron emission tomography; FDG; castrate resistant prostate cancer

1. Introduction

Radium-223 dichloride (Ra223) is a radionuclide that selectively binds to areas of increased bone
turnover in bone metastases. The short range of energy delivery that is typical of its apha-emission
makes Ra223 an effective therapeutic approach for symptomatic patients with bone metastatic
castration-resistant prostate cancer (mCRPC) [1].

Besides documenting its effect on pain palliation, the pivotal phase 3 Alpharadin in Symptomatic
Prostate Cancer Patients (ALSYMPCA) trial demonstrated the prognostic benefit that is induced by
this radio-metabolic approach that prolonged overall survival (OS) and delayed time to the first
symptomatic skeletal event with respect to the placebo arm [1]. However, in the last few years, some
retrospective studies suggested that the OS benefit in real-life patients might be lower than that reported
in the ALSYMPCA study [2–5]. These evidences might be explained either by the suboptimal sequence
of Ra223 use in the castrate-resistant phase or as the result of a suboptimal selection of patients with
poorer prognostic clinical characteristics. A similar consideration also applies to the monitoring of
therapy effectiveness: a number of limitations hamper the direct evaluation of bone lesion evolution
asking for a combined approach while using clinical, biochemical (e.g. prostate-specific antigen (PSA),
serum alkaline phosphatase (AP)), and imaging assessments [6]. However, this approach is also
hampered by the so-called flare effect: the early and transient rise in the PSA levels or tracer uptake at
bone scan, followed by a later decline that is commonly observed in prostate cancer patients treated
with chemotherapy, luteinizing hormone-releasing hormone, and even Ra223 [7]. Indeed, the role of
imaging for capturing response to Ra223 is still unclear and data regarding the most accurate modality
for evaluating treated patients are lacking.

In this framework, while 18F-Fluorodeoxyglucose Positron Emission Tomography/Computed
Tomography (FDG-PET/CT) is not indicated in naïve prostate cancer, as they have low FDG-avidity,
mCRPC patients, and, even more, chemotherapy-refractory mCRPC are characterized by higher FDG
uptake. For this reason, FDG has been proposed as a tool that is able to aggressively identify disease in
mCRPC [8–11], and more in general molecular imaging with PET has high potential for the evaluation
of response in cancer patients with bone involvement [12]. Based on these considerations, FDG-PET/CT
might represent an effective tool for measuring disease burden and aggressiveness at baseline and for
assessing the treatment response to Ra223 in mCRPC.

In the present retrospective, single center study, we aimed to evaluate the potential role of
FDG-PET/CT in patient’s selection and evaluation of response in a cohort of mCRPC treated with
Ra223. To this aim, FDG-avid metabolic tumor burden at baseline and post-therapy of patients that
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were treated with Ra223 was computed and its relationship with biochemical parameters as well as
progression-free (PFS) and overall survival (OS) was assessed.

2. Patients and Methods

2.1. Study Protocol

We conducted a retrospective review of mCRPC patients treated with Ra223 and submitted
to FDG-PET/CT at baseline and within two months after therapy between September 2016 and
November 2018 in our institution. All of the patients with an available baseline FDG-PET/CT scan were
included (regardless of the availability of a post-therapy scan). By contrast, patients with an available
post-therapy were only included when a baseline scan was available in the 30 days preceding Ra223
administration. Patients were candidate to FDG-PET/CT, in agreement with the evidence reported
in national guidelines of the Italian Association of Medical Oncology (AOIM) on the emerging role
of FDG-PET/CT in patients with mCRPC or in patients with poorly differentiated prostate cancer
(Gleason score ≥ 8) [13,14]. According to our standard procedure, all of the patients signed a written
informed consent form, which encompassed the use of anonymized data for retrospective research
purposes, before each PET/CT scan.

All of the patients obviously had to fulfill all of the inclusion criteria for Ra223 treatment and they
were treated with standard Ra223 regimen encompassing six administrations every four weeks (55
KBq/kg, intravenously). According to the established selection criteria for Ra223 patient’s selection [13],
in the previous four weeks preceding the first administration, each patient underwent contrast enhanced
CT (ceCT) and bone scan, in order to select mCRPC patients with symptomatic bone metastases in the
absence of visceral metastases (with the exception for lymph nodes with maximum diameter < 3 cm).
Similarly, a bone marrow reserve fulfilling the hematologic criteria necessary for administering Ra223
and Eastern Cooperative Oncology Group (ECOG) performance status of 0–1 (life expectancy greater
than six months) were verified [13]. Clinical and biochemical variables at baseline, in course and at
the end of therapy, also had to be available at the time of our study. These variables included: ECOG
performance status, PSA, AP, and lactate dehydrogenase (LDH). During treatment, the patients were
maintained under androgen deprivation therapy.

2.2. Imaging Procedures

Bone scan and FDG-PET/CT were performed according to European Association of Nuclear
Medicine (EANM) Guidelines [15,16], as detailed in the Supplementary Materials. Briefly, bone scan
was acquired 3 h after the injection of 740 MBq of 99mTc-methilen diphosphonate. A dual-head
gamma camera (Millennium; GE Healthcare, Boston, USA) that was equipped with a parallel-hole,
low-energy, high-resolution collimator on a 10% energy window centered on the 99mTc photopeak was
used to acquire planar whole-body acquisitions, and, if needed, Single Photon Emission Computed
Tomography (SPECT) images. FDG-PET/CT was performed while using a 16-slices PET/CT hybrid
system (Hirez-Biograph 16, Siemens Medical Solutions, Munich, Germany). After blood glucose levels
measurement (to ensure blood glucose levels <160 mg/dL), fasting patients underwent the intravenous
injection of 300–400 MBq of FDG. The patients were asked to drink 500 mL of water 1h prior to
image acquisition and empty the bladder just before the acquisition start. Imaging started 60 ± 15
minutes after tracer administration. The acquired PET data were reconstructed into a 128 × 128 matrix
using an iterative reconstruction algorithm (three iterative steps, eight subsets). Raw images were
scatter-corrected and processed while using a three-dimensional (3D) Gaussian filter, while CT was
used for attenuation correction. Image quality control documented a spatial resolution of 4.0 mm full
width at half-maximum.
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2.3. Image Analysis

The bone scan images were qualitatively evaluated, and number of lesions present at baseline
and after therapy was recorded. The following semiquantitative parameters were computed on both
baseline and post-therapy FDG-PET/CT scans: maximum standard uptake value (SUVmax) of the
hottest bone lesion, Metabolic Tumor Volume (MTV) and Total Lesion Glycolysis (TLG). MTV was
estimated from the volumes of interest SUV isocontours that were automatically drawn by setting a
relative threshold of 40% of the SUVmax [17]. TLG was calculated as SUVmean ×MTV. All of the
semiquantitative variables were estimated at baseline and after therapy to calculate their difference
(termed deltaMTV and deltaTLG, respectively). However, deltaSUVmax was not calculated, as the
hottest bone lesion at post-therapy FDG-PET/CT might not correspond to the hottest lesion at baseline.
The metabolic response to Ra223 was also evaluated by two independent readers (MB, SM) while
using PET Response Criteria in Solid Tumors (PERCIST) and European Organization for Research and
Treatment of Cancer (EORTC) criteria [18,19], see also Supplementary Materials for details on PERCIST
and EORTC criteria). The PET readers were blinded to ceCT and bone scan results. DeltaPSA, deltaAP,
and deltaLDH were also calculated as the difference between post-therapy and baseline levels.

2.4. Statistical Analysis

PFS and OS curves were computed according to Kaplan–Meier with the Log Rank test determining
statistical significance. This analysis was performed by dividing the population into tertiles for all
tested variables, with the only exception of bone scan lesions whose number was divided in ≤ 6, 6–20,
and > 20, as performed in a sub-analysis of the ALSYMPCA study [1]. A binary classification of
response to therapy was applied to PERCIST scores due to the small numbers involved, as previously
described [20]. In particular, patients showing partial metabolic response (PMR) were considered
as “responders”, while stable metabolic disease (SMD) and progressive metabolic disease (PMD)
were classified as “non-responders”. A set of univariate and multivariate Cox proportional hazard
models were fitted to the data to assess the predictive value of baseline parameters: in univariate
analyses, OS and PFS were modeled as a function of each tested variable. Subsequently, all of the
tested variables were tentatively included in a multivariate Cox’s model by means of a step-down
(backward) procedure, based on the likelihood ratio test: variables with a p value < 0.1 were removed
from the model. Proportionality assumptions were assessed, as previously described [21]. Analyses
were conducted with IBM-SPSS release 23 (IBM, Armonk, USA).

3. Results

The interrogation of our database identified 28 mCRPC patients who met the inclusion criteria and
they were submitted to baseline FDG-PET/CT. Within this cohort, six patients died before treatment
completion, while two refused the post-therapy FDG-PET/CT, but were still alive at the time of database
interrogation. Accordingly, functional imaging at both time points was available in 20 subjects. The
median interval between the two PET/CT scan was 213 days. Table 1 summarizes the overall patient’s
characteristics. Once completed the treatment protocol, the 20 remaining patients were monitored
for twelve months after the post-therapy PET/CT. During this one-year follow-up, further 10/20 (50%)
patients died. Figure S1 reports OS in the whole study cohort (since treatment start).

3.1. Prognostic Role of Baseline Parameters

As shown in Figure 1, Kaplan–Meyer analysis revealed that the biochemical parameters PSA,
AP, and LDH, as well as the FDG imaging ones MTV and TLG provided a risk stratification power.
In fact, the death rate was highest in mCRPC patients’ candidates to Ra223 clustered within the
highest tertile for each of them (p < 0.01, respectively). By contrast, the whole body bone scan was
devoid of this prognostic penetrance, since mortality rate was remarkably similar among patients
with low, intermediate, or high number of detectable bone lesions [1]. Univariate analysis that
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reported a significant association between overall survival and PSA, LDH, and MTV confirmed this
observation (p < 0.01 each, respectively), as shown in Table 2 (see also Table S1 for the univariate
analysis including the same variables as categorial). Multivariate Cox Regression analysis reported
that each of these variables was characterized an additive predictive capability (Table 2, see also Table
S1 for the multivariate analysis, including the same variables as categorial). By contrast, no baseline
clinical or imaging variable was able to predict the PFS.

Table 1. Patients characteristics.

Baseline (n = 28) End of Therapy (n = 20) p

Age 76.71 ± 7.1 - -

Gleason score at diagnosis - - -

5 1 (3.6%) - -
6 6 (21.4%) - -
7 9 (32.1%) - -
8 9 (32.1%) - -
9 2 (7.2%) - -

10 1 (3.6%) - -

Time evolution of prostate cancer (months) 90.59 ± 156.3 - -

Time gap from diagnosis to mCRPC (months) 40.22 ± 54.7 - -

Number of previous systemic therapies for mCRPC - - -

1 8 (28.6%) -
2 6 (21.4%) -
3 7 (25%) -
4 6 (21.4%) -
5 1 (3.6%) -

ECOG score - - -

0 5 (17%) 3 (15%) p = ns
1 23 (82%) 17 (85%) p = ns

Number of Ra223 administered doses - 5.3 ± 1.1 -

Pain response - 6 (30%) -

Lab tests - -

Hemoglobin (g/dL) 12.34 ± 1.6 10.87 ± 1.1 p < 0.05
White Blood Cells (x109/L) 6.6 ± 2.2 5.5 ± 1.9 p < 0.05

Platelets (x109/L) 236 ± 72.9 214.7 ± 84.3 p = ns
PSA (ng/mL) 119.25 ± 171.5 347.80 ± 468.1 p<0.01

AP (UI/L) 213.3 ± 295.4 133.46 ± 159.1 p < 0.05
LDH (UI/L) 265.23 ± 112.1 317.36 ± 241.9 p < 0.05

Bone scintigraphy parameters - - -

1–6 lesions 7 (25%) 9 (45%) p = ns
6-20 lesions 9 (32%) 3 (15%) p = ns
> 20 lesions 9 (32%) 4 (20%) p = ns
Superscan 3 (10%) 4 (20%) p = ns

Extraosseus involvement - - -

Lymph nodes 4 (14.3%) 6 (30%)
Prostate 2 (7%) 2 (1%)

FDG PET/CT paramethers - - -

SUVmax of the hottest bone lesion 7.25 ± 3.4 8.04 ± 4.3 ns
MTV (cm3) 352.71 ± 384.3 468.01 ± 489.9 p < 0.01

TLG 1358.92 ± 1560.9 1877.69 ± 2179.13 p < 0.01

Of note, focusing the survival analysis on the 12 patients showing >20 bone lesions at bone scan,
neither PSA, AP, nor LDH serum levels significantly predicted OS, while MTV was able to stratify
three different prognostic classes (p < 0.01, Figure 2). Again, the multivariate analysis confirmed these
data (Cox Regression, backward stepwise, LR; p < 0.0001).
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Figure 1. Kaplan–Meyer analysis including baseline biochemical and imaging variables. Each panel
show the overall survival (OS) curves depending on baseline prostate-specific antigen (PSA), alkaline
phosphatase (AP), lactate dehydrogenase (LDH), metabolic tumor volume (MTV), total lesion glycolysis
(TLG), and bone lesions, respectively. In each case, but Panel F, patients were divided in three tertiles
(first tertile: blue; second tertile: green; third tertile: orange). Following a subgroup analysis proposed
in the ALSYMPCA study, in Panel F, patients were divided in three subgroups according to the number
bone lesions at bone scan in < 6 (blue), 6–19 (green), and > 20 (orange) bone metastases, respectively.

Table 2. The prognostic role of baseline parameters: uni- and multivariate analyses.

Univariate Analysis Multivariate Analysis

df p H.R. 95% CI p H.R. 95% CI

PSA 1 0.001 1.007 1.003 - 1.010 0.004 1.007 1.002 - 1.011
AP 1 0.020 1.001 0.000 - 0.001 0.443 *

LDH 1 0.001 1.009 1.004 - 1.015 0.010 1.009 1.002 - 1.016
Number of bone lesions 1 0.960 1.009 −0.002 - 0.019 0.300 *

SUVmax 1 0.976 1.001 −0.055 - 0.057 0.204 *
MTV 1 0.001 1.002 1.001 - 1.003 0.044 1.002 1.000 - 1.003
TLG 1 0.134 5 × 10−005 0.339 - 0.733 0.411 *

* = excluded from the final model.

3.2. FDG PET/CT in the Response Evaluation Following Ra223

Table 1 sumamrizes the overall clinical characteristics of the 20 patients who underwent
FDG-PET/CT post therapy evaluation. Ra223 administration caused a measurable response in
most of the tested variables. In particular, hematopoietic response was confirmed by a decrease in
hemoglobin levels and in white blood cells count, while the decrease in platelet number did not reach
the statistical significance. AP showed a significant decrease. Nevertheless, the suggested reduction in
osteoblastic activity was devoid of any significant risk prediction power, as reported in Supplementary
Materials Figure S2, Panel B. The tumor burden indexes showed an opposite response that roughly
approached 25% for LDH and almost 300% for PSA. Again, this response was not able to stratify
patient’s outcome (Figure S2, Panels A and C), which confirmed a relevant interference of the so-called
“flair effect” after radiometabolic treatment of bone lesions.

A completely different consideration applied to imaging indexes of treatment effectiveness.
PERCIST scores significantly predicted OS (Figure 3, p < 0.05), while this prognostic penetrance did
not reach statistical significance for EORTC, deltaMTV, and deltaTLG evaluations.
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Figure 2. MTV prognostic power in patients showing >20 lesions at bone scan. OS curves depending
on baseline MTV (first tertile: blue; second tertile: green; third tertile: orange) in the subgroup of
patients showing > 20 bone lesions at bone scan.

Figure 3. PET Response Criteria in Solid Tumors (PERCIST) prognostic power in Radium-223 treated
patients. OS curves depending on PERCIST score (PMR: blue; SMD+PMD: green) in the subgroup of
patients submitted to post-therapy 18F-Fluorodeoxyglucose Positron Emission Tomography/Computed
Tomography (FDG-PET/CT).

Multivariate Cox analysis, including deltaPSA, deltaAP, deltaLDH, and PERCIST score, confirmed
the additive value of PERCIST score with respect to all of the remaining variables (p = 0.012). In
agreement with this finding, the imaging index virtually preserved its capability to predict the response
to treatment in patients with the highest increase in PSA after Ra223 administration, as suggested by
the almost significant p value (p = 0.1 in each subgroup, see also Figure 4) and the emblematic example
reported in Figure 5.
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Figure 4. PERCIST prognostic stratification in deltaPSA classes. OS curves depending on PERCIST score
(PMR: blue; SMD+PMD: green) in the subgroups of patients submitted to post-therapy FDG-PET/CT
classified on the basis of the deltaPSA class.

Figure 5. Emblematic example of mismatch between metabolic and biochemical/bone scan response.
In this emblematic case a mismatch between metabolic data and biochemical/bone scan results was
observed. At baseline the bone scan revealed the presence of several osteoblastic bone lesions (Panel A)
that were mainly FDG-avid (Panels C and E). The post-therapy evaluation, performed six weeks after
Ra223 protocol completion, showed the persistence of osteoblastic bone lesions that were occasionally
more extended and diphosphonate-avid (Panel B). This finding was paralleled by increased serum PSA
levels (576 vs 170 ng/mL at baseline). However, the post-therapy FDG PET/CT showed a significant
reduction in bone lesions FDG uptake, leading to a Partial Metabolic Response according to PERCIST
criteria (Panels D and F).
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4. Discussion

The present results support the role of both baseline and post-therapy FDG-PET/CT in mCRPC
patients treated with Ra223. In fact, MTV evaluation of baseline metabolically active skeletal disease
burden was able to predict OS with an additive independent value, as documented by multivariate Cox
regression analysis. By contrast, the number of lesions, as assessed by bone scan, was characterized by
a largely less evident prognostic penetrance. Similarly, biochemical biomarkers PSA, AP, and LDH
confirmed their predictive value when assessed before Ra223 treatment. However, their response to
therapy was virtually devoid of any prognostic penetrance. By contrast, PET-based evaluations and,
in particular, PERCIST criteria, were able to predict the response to Ra223 by demonstrating a lower
mortality rate in patients with partial metabolic response.

4.1. Patient’s Selection for Ra223

Patients’ selection is a crucial point when discussing the role of Ra223 in mCRPC patients.
In 2018, the European Medicines Agency (EMA) issued a specific note on the indications for
treatment with Ra223 in a review of an ongoing phase 3 trial by the EMA’s Pharmacovigilance
Risk Assessment Committee, basically moving Ra223 to a third-line of treatment of mCRPC
patients (EMA/500948/2018; https://www.ema.europa.eu/en/documents/press-release/ema-restricts-
use-prostate-cancer-medicine-xofigo_en.pdf). The observation of increased the risk of fractures, in
the absence of statistically significant survival benefit in patients with <6 bone lesions enrolled in the
ERA-223 study, receiving Ra223 in combination with abiraterone acetate plus prednisone/prednisolone,
motivated this action [22]. In fact, patients with lower skeletal disease burden might have a larger
proportion of Ra223 homing to healthy bone, as compared to patients with extensive bone metastases.
Indeed, sites of bony metastases are known to have a higher bone turnover and the sequestration of
administered Ra223 (the so-called “sink-effect”), which might limit Ra223 deposition in the non-diseased
skeleton [23,24]. However, besides the mere number of bone lesions, a huge variability in Ra223-avid
bone disease can be observed. Preclinical prostate cancer models showed that the short range of
alpha particles results in a lower tumor control-rate of large metastatic deposits as compared to near
eradication of small lesions [25]. These data suggest the inadequacy of the mere bone lesion number
count in the identification of the right candidate to Ra223.

Previous studies showed that the quantification of skeletal tumor burden by means of bone
scintigraphy or 18F-NaF PET/CT might predict patients’ OS and reflect the risk of hematological
toxicity related to Ra223 administration [26,27]. The present study is in keeping with these evidences as
also FDG-PET/CT-derived tumor volume and not the mere number of bone lesions predicted patients’
prognosis. However, the present findings further extend this evidence by demonstrating the specific
weight of metabolic active tumor burden.

Indeed, the higher predictive value of 18F-FDG PET/CT with respect to bone scan might be due to
its capability to capture bone marrow involvement, which is obviously underestimated by the simple
osteoblastic bone disease detected by bone scan (and even by 18F-NaF-PET/CT) [28]. On the other
hand, the detection of FDG-avid de-differentiated and non-osteoblastic bone disease [10,29,30] might
mirror greater tumour aggressiveness, also possibly predicting the lower Ra223 accumulation and the
consequent low-response rate. Moreover, as the added prognostic value of the extent of metabolic
active disease was preserved in patients showing >20 bone lesions at bone scan, FDG-PET/CT might
play a role in the selection of patients with larger tumour burden. This finding is of potential clinical
relevance, since high-volume bone disease predicts higher degrees of haematological toxicity and
the selection of this group of patients for Ra223 should be even more thoughtful [26,31]. Finally, if
confirmed in larger studies, the highlighted FDG-PET/CT capability rule out high-risk candidates to
Ra223 might be relevant for the cost/effectiveness of Ra223 administration, thus reducing the risk of
ineffective treatments in patients with worst prognosis and higher risk of hematological toxicity.
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4.2. Post-Therapy Assessment

In the ALSYMPCA trial, Ra223 showed a modest effect on serum PSA levels, which reached a
≥30% reduction in just 16% of treated patients, despite improving OS [1]. Moreover, a minor correlation
between OS and PSA changes at week 12 was observed [32] and, especially during the first three
months of treatment, possible flare phenomena have been described [33–35]. AP and LDH kinetics
under Ra223 administration has been proposed as an alternative approach to the PSA monitoring [1,36].
However, post-hoc analyses from the ALSYMPCA trial showed that these biomarkers did not meet
the needed statistical surrogacy requirement for OS [32]. Therefore, the low predictive value of these
biochemical biomarkers raises the urgent need for the identification of novel biomarkers, even if the
dynamic monitoring of AP and LDH serum levels is still recommended during Ra223 administration.

Even though imaging was not routinely performed in the ALSYMPCA trial, imaging with
bone-targeted radiopharmaceuticals has been proposed as a tool for monitoring treatment response
when clinically indicated [1]. However, bon flare phenomenon resulting in false-positive tracer uptake,
even in responsive cases, has been described [23,37,38], which complicates the evaluation of response
at a single patient level. Recently, the 2 + 2 rule has been proposed for overcoming this limitation
of osteotropic radiotracers [26,34,39]. However, its reliability in the clinical setting still needs to
be validated. On the other hand, ceCT scan can be used in case of suspicious disease progression.
However, in prostate cancer metastatic lymph nodes can be normal sized resulting false-negative at
anatomic imaging [40,41], profoundly underpowering the accuracy of this tool in the evaluation of
response to Ra223. In this scenario, 18F-Fluorocholine or 68Ga-PSMA PET/CT have been recently
proposed as promising tools for monitoring the response to Ra223 treatment [31,42–45].

To the best of our knowledge, a case report of mCRPC [46], a small case series [47], and a
phase IIa metastatic breast cancer study represent the sole available reports on FDG-PET/CT used for
the evaluation of Ra223 response [48]. In the present study, the application of PERCIST criteria to
FDG-PET/CT images overpowered bone scan and biochemical parameters in the evaluation of response
to Ra223 treatment. Moreover, a trend in the post-treatment prognostic assessment was maintained
when the PERCIST classes were analyzed in patients experiencing an increase in PSA levels. This latter
finding suggests the potential role for FDG-PET/CT in the identification of the PSA-flare phenomenon.
The observed discordance in the bone imaging patterns between bone scan and FDG-PET/CT after
Ra223 administration might be related to bone marrow metastases, which cannot be detected by
bone scintigraphy. Importantly, these discordances have been observed, not only in case of disease
progression, but also in metabolic responders, although the magnitude of this discordance seems to be
larger in cases of progression. On one side, this finding fits with the acknowledged limited efficacy
of Ra223 in bone marrow metastases, as consistent with its mode of action [34,49–51]. On the other
hand, it highlights a need for optimal clinical management of Ra223-treated patients who present with
marrow metastases at baseline.

4.3. Limitations

The present study has some drawbacks. First, the relatively small population. However, its
monocentric nature represents one of its strengths. Accordingly, all of the enrolled patients were
submitted to FDG-PET/CT while using the same PET/CT scanner avoiding the possible influence of
inter-scanner variability on PET results. Second, in the multivariate analyses, we did not consider
other potential prognostic factors in the cohort able to influence OS and, consequently, the impact of
the different response criteria investigated. Finally, bone scan images were qualitatively evaluated,
while the application of semi-quantification tools [26,52] might have provided the estimation of the
“osteoblastic tumor volume”, improving the comparison between bone scan and metabolic parameters
that were obtained by FDG-PET/CT.
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5. Conclusions

FDG-PET/CT can represent a widely available method for directly measuring active
de-differentiated tumor burden in mCRPC patients’ candidates to Ra223, providing prognostic
information overpowering biochemical and other imaging parameters. After treatment, it can assess
tumor load reduction particularly in patients showing increased PSA, helping in the differential
diagnosis between progression and pseudoprogression (related to the PSA flare phenomenon).
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Abstract: Mantle cell lymphoma (MCL) is an aggressive lymphoma subtype with poor prognosis
in which 18F-FDG-PET/CT role in treatment response evaluation and prediction of outcome is still
unclear. The aim of this multicentric study was to investigate the role of 18F-FDG-PET/CT in staging
MCL and the prognostic role of Deauville criteria (DC) in terms of progression-free survival (PFS)
and overall survival (OS). We retrospectively enrolled 229 patients who underwent baseline and
end-of-treatment (eot) 18F-FDG-PET/CT after first-line therapy. EotPET/CT scans were visually
interpreted according to DC. The sensitivity, specificity, positive predictive value, negative predictive
value and accuracy of PET/CT for evaluation of bone marrow (BM) were 27%, 100%, 100%, 48% and
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57%, respectively. The sensitivity, specificity, positive predictive value, negative predictive value and
accuracy of PET/CT for evaluation of the gastrointestinal (GI) tract were 60%, 99%, 93%, 90% and
91%, respectively. At a median follow-up of 40 months, relapse occurred in 104 cases and death in
49. EotPET/CT results using DC significantly correlated with PFS, not with OS. Instead, considering
OS, only MIPI score was significantly correlated. In conclusion, we demonstrated that MCL is an
FDG-avid lymphoma and 18F-FDG-PET/CT is a useful tool for staging purpose, showing good
specificity for BM and GI evaluation, but suboptimal sensitivity. EotPET/CT result was the only
independent significant prognostic factor that correlated with PFS.

Keywords: mantle cell lymphoma; 18F-FDG PET/CT; prognosis; Deauville criteria

1. Introduction

Mantle cell lymphoma (MCL) accounts for 3% to 6% of all non-Hodgkin lymphoma and it is an
aggressive lymphoma subtype with a high recurrence and mortality rate [1]. In the era of personalized
and precision medicine, strong prognostic tools are needed in all lymphoma subtypes, such as MCL,
to accurately predict possible further relapse of disease or death and to improve their treatment
management. For this end-point, both clinical and imaging parameters are nowadays available,
such as clinical scores and fluorine-18-fluorodeoxyglucose positron emission tomography/computed
tomography (18F-FDG-PET/CT) derived parameters. MCL International Prognostic Index (MIPI) is
the first prognostic index suited for MCL patients and may serve as an important tool to facilitate
risk-adapted treatment decisions in patients with advanced stage MCL [2]. At the same time,
FDG-PET/CT at the end of first-line therapy is recognized as a powerful prognostic tool in many
lymphoma subtypes. The Deauville score criteria (DC) and subsequent Lugano criteria were proposed
in this setting and nowadays they are commonly accepted as a tool to evaluate response to treatment
and prognosis in both interim and end-of-therapy setting in some lymphoma subtypes as in Hodgkin
lymphoma (HL) and large B-cell lymphoma (DLBCL) [3,4]. For other less common lymphoma subtypes
such as MCL, there is no clear scientific evidence of the role of these criteria in treatment evaluation
and prognostication, although theoretically they can be considered valid. A recent editorial by Bailly
et al. [5] underlined the lack of scientific evidences of a proven role of these criteria in MCL. Moreover,
18F-FDG-PET/CT at baseline has been recently evaluated to complete the staging of disease at diagnosis,
with possible implication of different prognostic risk in the follow-up. The aim of this study was to
evaluate the role of 18F-FDG-PET/CT in patients with MCL as follows: assessing its power in staging
MCL; evaluating DC as a predictive tool in response to therapy and as a prognostic tool in terms
of progression-free survival (PFS) and overall survival (OS); testing the combination of clinical and
imaging parameters in order to identify different risk classes able to predict the outcomes.

2. Results

2.1. Tumor Characteristics

Among 229 patients with histological proven MCL, there was a prevalence of male (n = 172)
compared to female (n = 57); the average age was 65.1 years (range: 29–88). Patients were staged
according to the Ann Arbor system as follows: stage I (n = 4), stage II (n = 9), stage III (n = 32) and stage
IV (n = 184). B-symptoms, bulky disease and splenomegaly were described in 65, 40 and 101 patients,
respectively. LDH level resulted high in 93 cases, β2-microglobulin in 65 and MIPI score was greater
than 6 in 130 patients. Proliferative index Ki-67 was available in 183 patients, being low in 65 (36%)
and high in 118 (64%) subjects. Baseline features of the patients are summarized in Table 1.
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Table 1. Baseline features of our population.

Variables Patients n (%) Average (Range)

Age (years) 65.1 (29–88)

Sex
male 172 (75%)
female 57 (25%)

Tumor stage at diagnosis (Ann Arbor)
I 4 (2%)
II 9 (4%)
III 32 (14%)
IV 184 (80%)

Blastoid variant 26 (11%)

B symptoms 65 (28%)

LDH
≤245 U/L 121 (57%)
>245 U/L 93 (43%)

β2-microglobulin
≤2.8 mg/L 108 (62%)
>2.8 mg/L 65 (38%)

MIPI score
low-intermediate (≤6) 99 (43%)
high-intermediate (>6) 130 (57%)

Bulky disease 40 (17%)

Splenomegaly 101 (44%)

Ki-67 score
≤15% 65 (36%)
>15% 118 (64%)

LDH: lactate dehydrogenase; MIPI: mantle cell lymphoma international prognostic index.

2.2. 18F-FDG PET/CT Evaluation for Initial Staging

All patients had abnormal 18F-FDG PET/CT showing the presence of at least one lesion with
increased FDG uptake consistent with MCL. 18F-FDG PET/CT scans detected nodal disease in 216
(94%) patients. Splenic involvement was detected by PET/CT in 100 (44%) patients.

Considering bone marrow (BM) biopsy as reference, BM disease was reported in 136 (59%)
patients, while 18F-FDG PET/CT showed a focal uptake, compatible with BM involvement, in 37 (16%)
subjects. Sensitivity (SE), specificity (SP), positive predictive value (PPV), negative predictive value
(NPV) and accuracy (AC) of 18F-FDG-PET/CT in evaluating BM were 27% (20–35%), 100% (96–100%),
100%, 48% (46–51%) and 57% (50–63%); negative likelihood ratio was 0.73. No false positive findings
for BM involvement were registered at PET/CT; however, 99 false negative findings were registered
(Table 2). Agreement between the two techniques was low (Cohen’s k = 0.23).

Table 2. Agreement between 18F-FDG PET/CT and BM biopsy and GI endoscopy findings.

PET/CT Findings
BM Biopsy GI Endoscopy

Positive Negative Positive Negative

Positive 37 (16%) 0 (0%) 28 (12%) 2 (1%)
Negative 99 (43%) 93 (41%) 19 (8%) 180 (79%)

Total 136 (59%) 93 (41%) 47 (21%) 182 (79%)

BM: bone marrow; GI: gastrointestinal.
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18F-FDG PET/CT resulted positive for gastrointestinal (GI) tract involvement in 30 (13%) cases:
among them, in 13 showing gastric uptake, 1 in gastro-duodenal junction uptake, 2 in the duodenum,
12 in the colon, 1 in sigma and 1 in the cecum. Considering GI endoscopy as standard of reference,
47 patients had a GI involvement of MCL. SE, SP, PPV, NPV and AC of 18F-FDG-PET/CT were 60%
(44–74%), 99% (96–100%), 93% (78–98%), 90% (87–93%), 91% (86–94%) respectively; positive and
negative likelihood ratios were 54.21 and 0.41, respectively (Table 2). Agreement between the two
techniques was quite good (Cohen’s k = 0.67).

2.3. Role of 18F-FDG PET/CT in Predicting Survival

Application of Deauville Criteria

According to DC, 186 (81%) patients were categorized as eotPET negative (score 1–3) (Figure 1)
and 43 (19%) as a positive scan (score 4–5) (Figure 2). At a median follow-up of 40 months, relapse
and/or progression of lymphoma was found in 104 patients with a mean time of 31.2 months (range:
3–145) from the diagnosis, and death was found in 49 cases with a mean time of 33.9 months (range
3–145). Considering patients with relapse/progression of disease, a negative eotPET/CT scans applying
DC were registered in 74 cases, whilst a positive scan in 30 (in particular, Deauville score 4 in thirteen
cases and Deauville score 5 in seventeen). Instead, among patients who died during the course of the
disease, eotPET/CT applying DC was positive in 20 (in particular, score 4 in seven cases and score
5 in thirteen) and negative in 27 (in particular, score 1 in 17 subjects, score 2 in nine and score 3 in
one). Patients with eot positive PET/CT underwent subsequent second-line chemotherapy regimen
according to institutional protocol.

 

Figure 1. Emblematic example of complete metabolic response. A representative case of a
56-year-old male with stage III MCL. (a) Baseline maximum intensity projection (MIP), showing
diffuse hypermetabolic disease in (b) laterocervical, (c) mediastinal and (d) iliac nodes. (e) PET/CT after
chemotherapy showing a complete metabolic response (Deauville score 1) with no 18F-FDG uptake
(f–h) with the disappearance of previous lesions.

The median PFS and OS were 28 months (range 3–145 months) and 34 months (range 3–145 months)
respectively; with estimated 2-year PFS and OS rates of 73% and 84%, and 3-year PFS and OS rates of
56% and 75%, respectively.

174



Cancers 2019, 11, 1831

 

Figure 2. Emblematic example of progressive disease. A representative case of a 65-year-old male
with stage III MCL. (a) Baseline maximum intensity projection (MIP, showing diffuse hypermetabolic
disease in (b) laterocervical, axillary, (c) iliac and (d) inguinal nodes and in spleen. (e) PET/CT after
chemotherapy showing a metabolic progression of disease (Deauville score 5) with the appearance of
new lesions (f–h).

At univariate analysis, DC and MIPI score were the only parameters significantly related to PFS
(Figure 3); other clinical/pathological features (sex, age, splenomegaly, bulky disease, stage, blastoid
variant, β2-microglobulin and LDH level) were not associated with the outcome. PFS was significantly
shorter in patients with eotPET/CT DC positive compared to negative (12 vs. 32 months, p < 0.001). At
multivariate analysis, only metabolic feature (Deauville score) was confirmed to be an independent
prognostic factor for PFS (p < 0.001). Combining DC (≤3 and >3) and MIPI score (≤6 and >6), PFS was
significantly longer in eotPET negative patients independently from MIPI score (p < 0.001) (Figure 4).
Median PFS was 82 months in patients with low-intermediate MIPI score (≤6) and a negative eotPET/CT
(DC ≤ 3); 62 months in patients with high MIPI score (>6) and a negative eotPET/CT; 25 months in
patients with low-intermediate MIPI score and a positive eotPET/CT (DC 4 or 5), and 12 months in
patients with high MIPI score and a positive eotPET/CT.

Figure 3. Progression-free survival (PFS) curves according to end-of-treatment PET/CT results using
(A) Deauville criteria and (B) MIPI score.

Instead, considering OS, only MIPI score resulted as significantly correlated (Figure 5), both at
univariate and multivariate analysis (p = 0.017) (Table 3). EotPET/CT according to DC did not predict
OS (31 vs. 37.5 months, p = 0.814) (Figure 5).
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Figure 4. Progression-free survival curve combining MIPI score and Deauville score groups.

Figure 5. Overall survival (OS) curves according to end-of-treatment PET/CT results using (A) Deauville
criteria and (B) MIPI score.

Table 3. Univariate and multivariate analyses for PFS and OS.

Variables
Univariate Analysis Multivariate Analysis

p-Value HR (95% CI) p-Value HR (95% CI)

PFS
Sex 0.451 0.845 (0.548–1.306)
Age 0.153 1.530 (0.838–3.097)

MIPI score 0.009 0.713 (0.482–1.056) 0.174 1.219 (0.915–1.623)
LDH level 0.163 0.742 (0.488–1.128)

B2 microglobulin 0.458 0.831 (0.511–1.353)
Ki-67 score 0.066 0.653 (0.415–1.028)

Bulky disease 0.153 1.722 (0.992–2.987)
Splenomegaly 0.087 0.703 (0.472–01049)

Stage acc Ann Arbor 0.855 0.957 (0.589–1.531)
Blastoid variant 0.185 0.598 (0.282–1.270)
Deauville score <0.001 0.137 (0.073–0.259) <0.001 4.059 (2.573–6.403)

Treatment regimen 0.655 0.857 (0.519–1.243)

OS
Sex 0.211 1.759 (0.577–6.033)
Age 0.375 1.270 (0.722–2.369)

MIPI score 0.025 0.711 (0.527–0.959) 0.017 1.204 (1.032–1.403)
LDH level 0.709 0.942 (0.690–1.287)

B2 microglobulin 0.524 1.128 (0.778–1.635)
Ki67 score 0.195 1.250 (0.891–1.754)

Bulky disease 0.390 0.828 (0.539–1.272)
Splenomegaly 0.287 0.846 (0.622–1.150)

Stage acc Ann Arbor 0.393 0.859 (0.606–1.217)
Blastoid variant 0.075 0.618 (0.363–1.051)
Deauville score 0.814 1.055 (0.671–1.660)

Treatment regimen 0.598 1.001 (0.571–1.460)

PFS: progression-free survival; OS: overall survival; HR: hazard ratio; CI: confidence interval; N: number.
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Treatment regimen (R-CHOP regimen vs. other chemotherapy regimen) did not influence outcome
survival considering both PFS and OS.

3. Discussion

MCL is an aggressive B-cell non-Hodgkin lymphoma with a fast-growing course, high-risk of
relapse and need for early treatment. Patients affected by MCL typically present with advanced-stage
disease and extranodal involvement with a predilection for BM and GI tract, where routine conventional
techniques such as CT have a suboptimal accuracy [6]. A correct and an early identification of initial
and extranodal disease may be crucial because it could potentially affect patient’s management
and therapeutic choice. 18F-FDG PET/CT has shown a high accuracy in the detection of nodal
involvement [7–9], but a low sensitivity in BM and GI tract, being inadequate to replace BM biopsy and
GI endoscopy in disease staging [10–12]. In the present study, we demonstrated a very low sensitivity
of PET/CT in the evaluation of BM involvement (27%), but with a specificity equal to 100%. No case
of false-positive findings on BM at PET/CT were recorded, but there were 99 cases of false-negative
PET. Thus, the need for BM biopsy seems to be mandatory in case of negative BM PET/CT. Previous
studies [10–12] reported a very low pretreatment PET scan accuracy to detect BM involvement, very
low with sensitivity ranging from 12% to 51%. A comparison between our paper and others is not
easy due to the different population number and features evaluated. Recently, Morgan et al. [13]
projected a voxel-based analysis of the iliac bones for classifying BM disease in MCL founding a good
sensitivity and specificity (100% and 87.5%, respectively); this method seems to be very promising
but less practical and reproducible and it has been validated only on a small sample of patients. The
potential role of 18F-FDG PET/CT in evaluating lymphoma BM involvement remains a challenge;
this is a non-invasive technique well studied in HL and DLBCL, but with controversial and limited
evidence [14,15]. Several studies have proven that 18F-FDG PET/CT can be an accurate method for the
evaluation of BM involvement in patients affected by DLBCL considering focal highly 18F-FDG-avid
lesions as reference standard; on the other hand the absence of a focal uptake does not exclude the
presence of BM involvement. Our results confirmed similar evidences also in MCL, suggesting to
avoid a BM biopsy in case of positive PET/CT scan.

Also, for the GI tract, our results showed that 18F-FDG PET/CT revealed a good specificity but
a low sensitivity (60%), being in agreement with other published papers [9,12,16]. It was already
demonstrated that an increased 18F-FDG bowel uptake may be common, especially in diabetic
patients [17,18], thus reducing the diagnostic accuracy of the evaluation of this district.

Another crucial topic to consider in MCL is the prognostication; nowadays, neither clinical nor
imaging prognostic markers are available in MCL setting. MIPI score [2] was an attempt created
to better classify patients with MCL and predict prognosis, but its validation has shown conflicting
results [19,20]. Other histopathological features, such as blastoid variant and Ki-67 score, have been
investigated without shared evidence [21]. Instead, the prognostic value of 18F-FDG-PET/CT in MCL
remains under debate [16,22–25]. In 2009, a five-point scale system called Deauville criteria (DC) was
introduced to analyze 18F-FDG PET/CT results after treatment in lymphoma [26]; this scale used the
mediastinum and liver activity as the reference standard, and has been recommended for reporting
both interim and end-of-treatment PET for FDG-avid lymphoma (both HL and NHL, especially
DLBCL) [3,4,27]. In our paper, we tried to validate this score also in MCL, obtaining some strong
results; patients with a negative end-of-treatment PET/CT (DC1-3) had significantly longer PFS than
patients with a positive PET/CT (DC4,5). Similar results in small cohort of patients were reported by
other authors [20,22,28]. However, this evidence was not confirmed for OS, where DC seems to not
influence the outcome survival. This could be explained to the fact that eotPET/CT results were used
to guide subsequent management and further treatments, as second-line chemotherapy regimen.

The treatment of MCL is a challenge and often stays unsatisfactory; complete responses to the
standard chemotherapy regimens are not common. Czuczman et al. [29] in a multicenter open-label
single-arm phase II study showed that the complete metabolic response at PET/CT was a predictor of
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outcome survival. In addition to qualitative 18F-FDG PET/CT analysis using DC, also semiquantitative
PET/CT parameters have been studied as prognostic factors, like SUVmax, with controversial results.
Karam et al. [30] and Bodet-Milin et al. [16], in patients affected by MCL, suggested SUVmax thresholds
of 5 and 6, respectively, to stratify patients into high-risk versus low-risk groups and to predict OS and
disease-free survival. On the other hand, no prognostic impact of SUVmax was demonstrated by other
groups [10,12,24]. Recently in the LyMa-PET Project [23], it was demonstrated that SUVmax was the
only independent prognostic factor for PFS and OS; moreover, authors suggested a scoring system
combining MIPI and SUVmax (using a cutoff of 10.3) to help the outcome prediction. In our study,
eotPET/CT results using DC were superior than the MIPI score in PFS, while for OS only the MIPI
score resulted as an independent prognostic factor.

Instead, no clinical or histological variables, like blastoid variant and B2 microglobulin, showed
significant association with outcome survival in our analysis; this is partially in contradiction with
literature [1] and related probably to heterogeneity of population studied.

Also, Ki-67 score seems not to be related to PET/CT features and outcome survival despite that in
other lymphoma subtypes significant correlation was demonstrated [31,32].

The present study has some limitations. First, this is a retrospective multicentric study, so
heterogeneous features in our population in terms of clinical baseline parameters and treatment
schemes could be found. Despite this, so far and to best of our knowledge, the present study is the first
large series of MCL patients aimed to assess the diagnostic and prognostic role of 18F-FDG PET/CT.
Second, although this study showed the independent prognostic value for PFS of end-of-treatment
PET/CT, the role of semi-quantitative PET/CT parameters, in terms of SUVs, should be further
analyzed. Third, more complex statistical analysis, like a deep learning approach, might have
improved data analysis.

4. Materials and Methods

4.1. Patients

Between January 2007 and December 2018 in nine Italian Nuclear Medicine Centers, 229 patients
with newly diagnosed, histologically proven MCL were retrospectively enrolled. The histopathological
diagnosis was based on the World Health Organization criteria [33]. The inclusion criteria were as
follows: patients with a histological confirmation of MCL; age ≥18 years; availability of BM biopsy and
GI endoscopy at time of diagnosis; availability of baseline and end of treatment 18F-FDG PET/CT results
in all patients; and availability of clinical/radiologic follow-up data for at least 12 months. Patients with
concomitant malignancies were excluded. We further reviewed the follow medical records of these
patients: epidemiological features (age at diagnosis, sex), clinical data (tumor stage, MIPI score, bulky
disease, splenomegaly, B symptoms, lactate-dehydrogenase (LDH) level, β2-microglobulin level),
histopathological data (Ki-67 score, blastoid variant), metabolic features by 18F-FDG PET/CT, treatment
modalities and follow-up data. LDH level, β2-microglobulin and MIPI score were dichotomized
using cutoff values of 245 U/L, 2.8 mg/L and 6 respectively. Tumor stage according to Ann Arbor
classification was divided in early (I and II) and advanced (III and IV) disease. The bulky disease
was defined when the maximum width was equal or greater than one-third of the internal transverse
diameter of the thorax or at an alternative site as any mass measuring 10 cm or more by any imaging
study. Proliferative activity, expressed by Ki-67 score, was available in 183 patients; average Ki-67 was
25% (range 1–95%). The Ki-67 expression level was arbitrarily dichotomized using a cut-off of 15% as
suggested by other authors [24,34].

All patients were treated according to the institution’s standard protocol with chemotherapy
regimen related to the stage of disease, age and institutional internal protocol. Eighty-two patients
were treated according to R-CHOP (Rituximab, Cyclophoshpamide, Hydroxydaunomycin, Oncovin,
Prednisone) regimen, sixty-eight with R-DHAP (dexamethasone, cytarabine, cisplatin), thirty-nine with
R-Bendamustina, twenty-four with BCVPP (Carmustine, Cyclophosphamide, Vinblastine, Procarbazine,

178



Cancers 2019, 11, 1831

and Prednisone), twelve with MBVD (Myocet+BVD). In one case, chemotherapy was followed by the
involved field radiotherapy. Four patients (2%) underwent only radiotherapy due to the early stage of
disease (stage I).

4.2. 18F-FDG PET/CT Imaging and Interpretation

All patients underwent baseline 18F-FDG PET/CT and a subsequent PET/CT at completion of
first-line therapy (eotPET/CT). PET/CT studies were performed following EANM guidelines [35].
Baseline PET/CT was performed within 14 days before the first cycle of chemotherapy and
end-of-treatment PET/CT was done at least three weeks after the completion of chemotherapy
or 12 weeks after completion of radiotherapy.

18F-FDG-PET/CT was performed after at least 6 h of fasting and with glucose level lower than 150
mg/dL. An activity of 3.5–4.5 MBq/Kg of 18F-FDG was administered intravenously and scans were
acquired about 60 min after injection, usually from the skull basis to the mid-thigh. Owing to the
multicenter nature of the study, the exams were acquired on different PET/CT scanners: Discovery
STE or 690 (GE Healthcare Technologies, Milwaukee, Wisconsin, USA), Discovery IQ (GE Healthcare
Technologies), Discovery LS (GE Healthcare Technologies), Gemini TFEGXL (Philips Medical Systems,
Cleveland, OH, USA) and Biograph 16 (Siemens Healthcare, Erlangen, Germany). Standard parameters
used were: CT: 80 mA, 120 Kv without contrast; 2.5–4 min per bed-PET-step of 15 cm; the reconstruction
was performed in a 128 × 128 matrix and with a 60 cm field-of-view.

Patients were instructed to void before imaging acquisition, no oral or intravenous contrast agents
were administrated and no bowel preparation was used for any patient; written consent was obtained
before studies. The PET images were visually analyzed and readers had knowledge of clinical history.
PET/CT scans were interpreted visually by two nuclear medicine physicians (DA, SA) with experience
in this field and the discordance was resolved by a consensus between the two imaging readers.

For the interpretation of images, each focal tracer uptake deviating from physiological distribution
and background and uptake higher than liver activity was considered as suggestive for lymphoma.

In the evaluation of BM involvement, PET/CT findings were considered positive in the presence
of isolated/multiple focal uptakes in the BM that could not be explained by benign findings on the
underlying CT scan or patient’s medical history (like fractures, spondylodiscitis, etc.). In the evaluation
of GI involvement, PET/CT findings were considered positive in the presence of isolated/multiple
intense focal uptakes in the GI tract. Accuracy of 18F-FDG PET/T results was evaluated considering
further evaluations: lesions with 18F-FDG PET/CT uptakes were considered as true-positives if further
analyses confirmed the malignant nature, and false-positive if further evaluations showed no malignant
lesions. Lesions without 18F-FDG PET/CT uptakes were considered as true negative if further analyses
confirmed the absence of neoplastic lesions and false-negative if further evaluations showed malignant
ones. Eot 18F-FDG PET/CT was interpreted by visual analysis using the Deauville 5-point scale [4].
According to Deauville Criteria (DC), 18F-FDG PET was interpreted as follows: 1 = no uptake above
background, 2 = uptake equal to or lower than mediastinum, 3 = uptake higher than mediastinum and
lower than liver, 4 = uptake moderately increased compared to the liver and 5 = uptake markedly
increased compared to the liver. Eot 18F-FDG PET/CT scans were considered negative for scores 1 to 3
and positive for scores 4 to 5.

4.3. Statistical Analysis

Our statistical analysis was carried out using MedCalc Software version 17.1 for Windows (Ostend,
Belgium). Categorical variables were described as the calculation of simple and relative frequencies,
while the numeric variables were described as average, minimum and maximum. We calculated SE,
SP, PPV, NPV and AC based on Bayes’s law, with 95% confidence intervals, considering final diagnosis
as a reference.
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The PFS was calculated from the date of diagnosis of MCL to the date of first relapse, progression
of disease or the last follow-up date. The OS was calculated from the date of diagnosis of MCL to the
date of death from any cause or the last follow-up date.

Survival curves were plotted according to the Kaplan–Meier method and differences between
several groups were investigated by using a two-tailed log rank test. Cox regression was used to
evaluate the hazard ratio (HR) and its confidence interval (CI). A p-value of <0.05 was considered
statistically significant and the adjusted significant p-value after Bonferroni’s correction was 0.038.

5. Conclusions

In conclusion, in this study, we demonstrated that MCL is an FDG-avid lymphoma and that
18F-FDG PET/CT is a useful tool for staging purpose, which should be considered in the diagnostic
flow-chart of this patients in concert with other modalities.

PET/CT showed good specificity for BM and GI evaluation but suboptimal sensitivity. Moreover,
eotPET post-therapy PET/CT results, evaluated according to Deauville criteria, can be considered
powerful prognostic information in order to stratify the progressive patients.
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Abstract: Recently, there has been increasing interest in methodological aspects of advanced imaging,
including the role of guidelines, recommendations, and experts’ consensus, the practice of self-referral,
and the risk of diagnostic procedure overuse. In a recent Delphi study of the European Association
for Nuclear Medicine (EANM), panelists were asked to give their opinion on 47 scientific questions
about imaging in prostate cancer. Nine additional questions exploring the experts’ attitudes and
opinions relating to the procedure of consensus building itself were also included. The purpose was
to provide insights into the mechanism of recommendation choice and consensus building as seen
from the experts’ point of view. Results: Regarding the factors likely to influence the willingness to
refer a patient for imaging, the most voted were incorporation into guidelines and data from scientific
literature, while personal experience and personal relationship were chosen by a small minority.
Regarding the recommendations more relevant to prescribe an imaging procedure, it resulted
the incorporation into guidelines promoted by scientific societies (59% of votes); these guidelines
also resulted the more trusted. With respect to patients’ preferences considered when prescribing
an imaging procedure, the most voted was accuracy, resulted more important than easy access and
time to access to the procedure. The majority of the experts expressed the opinion that there is
a scarce use of imaging procedures in prostate cancer. With respect to the most relevant factor to build
consensus, it resulted the transparency of the process (52% of votes), followed by multidisciplinarity
of contributors. The main obstacle to incorporation of modern imaging procedures into guidelines
resulted the lack of primary literature on clinical impact. Conclusions: Firstly, the panelists portray
themselves as having Evidence-Based Medicine oriented and scientifically inclined attitudes and
preferences. Secondly, guidelines and recommendations from scientific societies, especially clinical
ones, are positively taken into account as factors influencing decisions, but panelists tend to consider
their own appraisal of the scientific literature as more relevant. Thirdly, in respect of overuse, panelists
do not think that advanced diagnostic procedures are overutilized in the specific case of Prostate
Cancer, but rather they are underutilized.

Keywords: nuclear medicine; guidelines; prostate cancer; overutilization; epistemology; consensus

1. Introduction

Production of clinical practice guidelines (hereinafter “guidelines”) and consensus statements
is of paramount importance for the medical community. This is because the availability of
an increasing number of therapeutic and diagnostic options for many diseases requires careful
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choices, and evidence-based data such as meta-analyses are not always sufficient to drive appropriate
use of medical options [1,2]. This is arguably more relevant in the field of advanced medical imaging,
where the evaluation of a new diagnostic technique is often not obtainable from evidence cased on
randomized controlled trials (RCT), for both conceptual and practical reasons [3].

Even though conspicuous efforts have been made recently to improve and standardize
guidelines [4,5], they are still far from being a perfect tool, as philosophers of medicine and
methodologists have outlined. They are inevitably outdated in respect of the development of
new technologies, they are seldom followed in clinical practice, and they intrinsically need further
clinical judgment in order to be appropriately applied to the individual patient’s case [6–9]. Moreover,
it has recently been pointed out that scarce adherence to guidelines and recommendations favors
self-referral and excessive compliance with patients’ requests, factors that may cause overuse of
diagnostic procedures [10,11]. In addition to these problematic aspects, guidelines are likely to be
affected by bias as they are promoted by professional organizations which may tend to select experts
from among their members [12,13].

Literature on the functioning of guideline development groups and their attitudes (the view from
inside) is relatively scarce [14–16]. Here we take Prostate Cancer (PC) as a case study and illustrate and
discuss how experts themselves involved in a consensus conference judge the procedures of consensus
building, referral, and compliance with guidelines.

Available diagnostic options at various stages of the disease require careful consideration.
A number of imaging methods to study PC have been suggested. These include methods which
have been available for decades, for example, computed tomography (CT), bone scintigraphy
(BS), and trans rectal ultrasound (TRU), as well as methods which have been introduced more
recently, such as whole-body magnetic resonance imaging (MRI), multiparametric MRI, and positron
emission tomography (PET). However, there is significant disagreement about the usefulness of such
approaches [17–19].

In light of this, the European Association for Nuclear Medicine (EANM), representing nuclear
medicine specialists who have been at the forefront of advances in molecular imaging techniques
for PC, launched EANM Focus 1 to develop consensus statements in PC. EANM Focus 1 was held
in February 2018 and resulted in a consensus on molecular imaging for diagnosis and treatment of
prostate cancer. The findings were published in Lancet Oncology in December 2018 [20].

The organizers of EANM focus 1 were also interested in knowing the experts’ attitudes and
opinions relating to the procedure of consensus building itself as well as guidelines and their problematic
aspects. For this reason, the final questionnaire included nine questions specifically focusing on these
issues. This article reports and discusses the results of the aforementioned survey. Our goal is to
provide insights into the mechanism of recommendation choice and consensus building as seen from
the experts’ point of view. We are aware that experts’ declared attitudes and opinions may not be
identical to the actual reasons motivating their decisions in practice. Nevertheless, we believe that
their perception of their own role may be of interest in understanding the epistemology of consensus
procedures, especially in the relatively new field of imaging epistemology. Moreover, we submit
that experts’ reflection and self-appraisal on methodological and ethical issues may enhance their
commitment to their scientific role.

2. Materials and Methods

EANM Focus 1 was based on a clinical questionnaire proposed and then agreed among the
panelists. A modified Delphi process was used to generate consensus on the topics identified. Overall,
the questionnaire contained 47 questions, and a 70% cut-offwas adopted to determine consensus [21–25].
Three Delphi rounds were conducted, and consensus was achieved in 36 out of 47 clinical questions
(77%), as detailed in [20].

In order to address the specific problem of bias from affiliation to a scientific society,
a multidisciplinary expert panel was established (hereinafter “the panelists”). The panel consisted of
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24 people with representation from all fields involved to ensure a similar number of oncologists (5),
urologists (5), radiation oncologists (2), radiologists (4), and nuclear medicine specialists (7). All the
panelists were selected on the basis of their international reputation. Furthermore, one pathologist,
one molecular biologist, and one radio pharmacist were involved, as well as two patient advocates.
The full list of panelists is enclosed in Appendix A.

During the first Delphi round, in addition to the 47 clinical questions, panelists were given nine
additional questions specifically designed to evaluate the role of guidelines in respect of clinical
practice and the overall approach to consensus building. Questions 48 to 55 are grouped by topic,
and their results are shown below. An informal discussion of the findings, without statistical analysis,
then follows.

3. Results and Discussion

3.1. Factors to Refer PC Patients for Imaging

Question number 48 was, “Which factors are likely to influence your willingness to refer a patient
for an imaging procedure, assuming that availability is not limited?”, and panelists were asked to
choose all that apply. Results are reported in Table 1.

Table 1. Consensus outcomes for question number 48.

Which Factors are Likely to Influence your Willingness to Refer a Patient for an Imaging
Procedure, Assuming that Availability is not Limited?

Incorporation into guidelines 76.2%

Data from scientific literature 90.5%

Study on cost-effectiveness 52.4%

Patients preferences 42.8%

Personal relationship with imaging professionals 19.0%

Personal experience 23.8%

Out of pocket cost to patient 19.0%

Abstain 4.3%

Unqualified to answer 4.3%

Before moving to further consideration, it is necessary to clarify some possible implications
deriving from this question (number 48), as well as from the next (number 49). Some of the answers,
and in particular “personal relationship” and “personal experience”, may raise an ethical issue.
If a “personal relationship” between a medical professional and the imaging professional has the ability
to influence the outcome of the patient care, then we could have a major ethical violation. However,
this was not the meaning of the answers and rather referred to professional trust that is developed
when you personally know the imaging specialist and you are used to personally contacting him in
case of any doubtful findings. Wording may seem somewhat vague, and therefore it is important to
emphasize that all questions were reviewed and approved by all panelists, before being submitted,
and no ethical concern was raised. The main reason to offer those possible answers was related to
awareness that doctors may prescribe imaging exams not recommended by guidelines, for nonscientific
reasons [26], and we were aimed at evaluating such possibility.

The panelists considered all the possible factors as potential influencers, but some of them were
chosen by a small minority. In particular, the personal relationship with imaging professionals was
regarded as a possible influencer by less than 20% of the panel. This indicates strong independence
from a factor that may have either positive or negative implications.

Indeed, the personal relationship does not have much scientific value. It may be speculated that
long-lasting collaboration may result in a fruitful professional relationship. Nonetheless, this factor
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seems less reliable than others. Surprisingly, the out of pocket cost of the examination for the patient
gained the same low percentage of votes, while being a more relevant factor for appropriateness.
It could be speculated that the experts regarded as minor the expense of an imaging procedure as
compared with the overall costs of treatment. Further considerations regarding patient preference are
detailed in question number 51 (see below).

A relatively low number of votes was also scored by the influence of the prescriber’s personal
experience, confirming that all the factors relating to nonscientific data were regarded as less relevant.
Indeed, the first three answers are clearly related to objective scientific facts and gained a clear
preference among the experts, while the two answers relating to individual personal perception did not
obtain many votes. Factors relating to patient perspective scored somewhere in between. These results
are in line with a scientifically oriented approach of the panelists, who clearly preferred rational,
evidence-based factors to less measurable issues.

Question number 49 was as question 48, but in this case, panelists were asked to choose one
answer only: results are reported in Table 2.

Table 2. Consensus outcomes for question number 49.

Which is the most Relevant Factor Influencing Referral to Imaging? Choose One

Incorporation into guidelines 23.8%

Data from scientific literature 81.9%

Study on cost-effectiveness 9.5%

Patients preferences 4.7%

Personal relationship with imaging professionals 4.7%

Personal experience 0.0%

Out of pocket cost to patient 0.0%

Abstain 4.3%

Unqualified to answer 4.3%

When it comes to identifying the most relevant factor among the many proposed, there was
a clear winner in data from scientific literature. Please note the sum of percentages is greater than
100% because several panelists, despite the question explicitly asking them not to, chose more than
one answer. A formal consensus was reached regarding the most relevant factor (data from scientific
literature), with almost 82% of the panelists voting for it. This consensus is in line with the principles of
EBM (Evidence-based medicine) which consider scientific articles published in peer-reviewed journals
as the most valuable source of evidence to decide whether to use a certain imaging procedure or not.

The panelists also considered incorporation into guidelines as a relevant factor, but to a minor
extent. It should be mentioned that data from the literature is the prerequisite for proper incorporation
into guidelines. Therefore, this factor implies the existence of the previous and most selected factor.
The impression is that experts tend to prefer their own evaluation of original articles over guidelines,
given that guidelines are only updated several months later.

There is much debate about the problems of timing required to have a new imaging method
incorporated into PC guidelines. Previously, before the development of an EBM culture, conventional
imaging methods such as CT and BS were incorporated without any formal evaluation of the
positive effects on patient outcome. In the 1970’s, these methods were simply introduced and rapidly
considered mandatory without a specifically designed clinical trial being undertaken. Thirty years
later, rapid developments in the field of imaging still pose issues for guideline development. Indeed,
new methods such as MRI and PET are available and have been adopted in clinical practice before
evidence-generating clinical trials have been performed, resulting in a significant increase in their use.
With the growth of medical imaging, the concern that not all examinations are necessary has increased,
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and it is argued that up to 40% of diagnostic imaging studies may be inappropriate17-18. Furthermore,
as mentioned, there are intrinsic problems in building EBM literature for diagnostic imaging11 and
this fact has led to significant disagreement in the field of PC imaging. At the Advanced Prostate
Cancer Consensus Conference held in St. Gallen there was no consensus on most questions relating to
advanced PC imaging [27]. The problem of reliability in the sources of recommendations was further
investigated in the next question.

3.2. Source of Recommendations

Question number 50 was, “Which recommendations are more relevant for you when prescribing
an imaging procedure?”: results are reported in Table 3.

Table 3. EANM (European Association for Nuclear Medicine) consensus outcomes for question
number 50.

Which Recommendations are more Relevant for you when Prescribing an Imaging Procedure?

Guidelines published by Evidence-Based
Medicine/Health Technology Assessment authorities 13.6%

Guidelines promoted by scientific societies (imaging) 19.2%

Guidelines promoted by scientific societies (clinical) 59.0%

Local healthcare recommendation 0.0%

Proceeding of consensus multidisciplinary congresses 13.6%

None of the above 9.9%

Abstain 0.0%

Unqualified to answer 4.3%

There could be several reasons why a minority of the panelists chose the option of EBM/Health
Technology Assessment-promoted guidelines. Firstly, in the area of prostate cancer, there is a complete
lack of such guidelines, and the panel was surely aware of that even if the question did not focus on
PC. A more general reason might be the resistance of clinicians to guidelines developed outside their
professional control. See also question no. 54.

It is interesting to note that experts regard published studies as the most reliable evidence to
influence their willingness to refer a patient for imaging (see question no. 49). On the other hand,
EBM guidelines resulting directly from scientific data review are perceived as less reliable than scientific
society guidelines.

It is noteworthy that not a single panelist considers local healthcare recommendations as relevant.
Once again, this result could relate to the composition of the panel, which is made up of clinicians
selected on the basis of their international reputation. This means they may not be keen to adhere to
local rules that often tend to limit access to expensive and innovative imaging methods.

3.3. Patients’ Preferences

Question number 51 was “Which part of patients’ preference are you considering when prescribing
an imaging procedure?”, and panelists were asked to choose all that apply: results are reported in
Table 4.

The suggested answers to this question were slightly tricky because only the first four are genuinely
related to patient preference and the fifth (accuracy of the procedure) relates to a scientific point of view.
Indeed, it was this answer that received the largest majority of preferences (almost 82%), with the others
being selected, but not to such a great extent. It is clear that this finding is related to the paternalistic
approach of doctors to patients. When a final decision has to be taken, all patient preferences are duly
taken into account, but the most relevant factor remains purely scientific evidence. In other words,
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the doctor is deciding in favor of the best diagnostic option, the value of which is more important than
other factors.

Table 4. EANM consensus outcomes for question number 51.

Which Part of Patients’ Preference are you Considering when Prescribing an Imaging Procedure?

Easy access to the procedure (distance and availability) 54.5%

Time to access to the procedure (waiting list) 45.4%

Cost of the procedure (irrespective whether or not it is
covered by healthcare system or insurance) 22.7%

Out of pocket cost to patient 22.7%

Accuracy of the procedure (best available option) 81.8%

None of the above 9.9%

Abstain 0.0%

Unqualified to answer 4.3%

3.4. Degree of Use of Imaging Procedures (See Below)

Question number 52 was, “Which is your overall opinion about the use of imaging procedures in
PC?”: results are reported in Table 5.

Table 5. EANM consensus outcomes for question number 52.

Which is your Overall Opinion about the Use of Imaging Procedures in PC?

Overall there is excessive use of imaging procedures in PC 25.0%

There is excessive use of modern imaging procedures in PC 20.0%

Overall there is scarce use of imaging procedures in PC 10.0%

There is scarce use of modern imaging procedures in PC 60.0%

Use of imaging procedures in PC is optimal 10.0%

Abstain 8.7%

Unqualified to answer 4.3%

Question 53 was, “Which is your overall opinion about the use of imaging procedures in PC for
BCR/APC (Biochemical Recurrence/Advanced Prostate Cancer)?”: results are reported in Table 6.

Table 6. EANM consensus outcomes for question number 53.

Which is your Overall Opinion about the Use of Imaging Procedures in PC for Biochemical
Recurrence (BCR)/Advanced Prostate Cancer(APC)?

Overall there is excessive use of imaging procedures in PC for BCR/APC 10.5%

There is excessive use of modern imaging procedures in PC for BCR/APC 15.8%

Overall there is scarce use of imaging procedures in PC for BCR/APC 5.2%

There is scarce use of modern imaging procedures in PC for BCR/APC 52.6%

Use of imaging procedures in PC is quite optimal for BCR/APC 15.8%

Abstain 9.0%

Unqualified to answer 4.5%
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3.5. Trustworthiness of Recommendations

Question 54 was, “Which recommendations do you consider more trustworthy regarding imaging
usage?”. Results are reported in Table 7.

Table 7. EANM consensus outcomes for question number 54.

Which Recommendations do you Consider more Trustworthy Regarding Imaging Usage?

Guidelines promoted by clinical scientific societies
(European Association of Urology, or similar) 52.4%

Guidelines promoted by imaging scientific societies
(European Association for Nuclear Medicine or similar) 19.2%

Guidelines promoted by EBM/HTA authorities 4.7%

Proceeding of consensus multidisciplinary congresses 14.3%

Equally all of the above 14.3%

Abstain 4.5%

This question is closely linked to question number 50, but with the emphasis placed on
trustworthiness of recommendations. Once again there is a clear preference for guidelines promoted
by clinical scientific societies. This point deserves further consideration. It seems that overall results
are mainly influenced by the actual scenario of existing recommendations in the field. As already
mentioned, guidelines promoted by clinical scientific societies are more common and more usual.

3.6. Building Consensus

Question number 55 was, “Which factor do you consider most relevant to build consensus on
imaging procedures?”. Results are reported in Table 8.

The issue of consensus building is complex and controversial, with a number of factors involved
and significant consequences for any healthcare system. Despite the fact that only one question in
this questionnaire specifically covered the issue, some comments are necessary. The panelists clearly
considered transparency of the process as the most relevant factor, thus favoring an EBM-oriented
procedure. This is undoubtedly in line with current scientific opinion but contradicts the answers
to question nos. 50 and 54, where EBM guidelines gained limited preferences. In other words,
EBM methodology is widely recognized as the best option when making a recommendation, but there
is resistance to guidelines promoted by EBM/HTA authorities. This fact is easily recognizable in the
current practice of preparation of EAU guidelines, which are the most widely used in the treatment
of PC.

Table 8. EANM consensus outcomes for question number 55.

Which Factor do you Consider most Relevant to Build Consensus on Imaging Procedures?

Transparency of the process (evidence based medicine oriented) 52.4%

Participation of expert panelists (imaging specialist) 9.5%

Participation of multidisciplinary expert panelists (clinical specialist) 19.0%

Contribution of all stakeholders (specialists, patients, healthcare) 28.6%

Cost-effectiveness analysis 4.7%

Translational and primary literature data 9.5%

Abstain 0.0%

Unqualified to answer 4.5%
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3.7. Incorporation of Imaging into Guidelines

Question 56 was, “Which factor do you consider the most relevant obstacle for the lack of
incorporation of modern imaging procedures into guidelines and clinical practice?”. Results are
reported in Table 9.

Table 9. EANM consensus outcomes for question number 56.

Which Factor do you Consider the most Relevant Obstacle for the Lack of Incorporation of
Modern Imaging Procedures into Guidelines and Clinical Practice?

Lack of primary literature on accuracy (Multicentric Prospective Trials) 9.5%

Lack of primary literature on clinical impact (Multicentric Prospective Trials) 66.6%

Lack of secondary literature (systematic reviews and meta-analyses) 4.7%

Lack of cost-effectiveness analyses 0.0%

Difficulties of access to modern imaging methods 19.0%

Difficulties in communications with imaging specialists 0.0%

Abstain 0.0%

Unqualified to answer 4.5%

This question is based on recognition that modern imaging procedures, such as MRI and PET,
have gained widespread use in some countries despite a lack of incorporation into guidelines. Lack of
primary literature on the clinical impact of modern imaging procedures is identified as the most
relevant factor.

4. Conclusions

We cautiously assume that the panelists’ answers to the meta-questions show what they consider
to be the right attitudes and preferences to have rather than the attitudes and preferences they actually
have. The general picture that emerges is that experts, in their role as panelists, are adequately
conscious of their role, that is, of which factors should be taken into account in deciding on imaging
procedures within an EBM framework.

The results reported so far can be summarized as follows.
Firstly, the panelists show themselves to have EBM-oriented and scientifically inclined attitudes

and preferences (questions 49, 55, and 56).
Secondly, guidelines and recommendations from scientific societies, especially clinical ones,

are positively taken into account as factors influencing decisions, but panelists tend to consider their
own appraisal of the scientific literature as more relevant and reliable. This is in line with a widespread
need to rethink guidelines.

Thirdly, in relation to overutilization, panelists do not think that advanced diagnostic procedures
are overutilized in the specific case of PC, but rather they are underutilized. Moreover, in line with
the EBM-inclined attitude, they do not consider patient preferences as factors that should influence
their decision whether to prescribe a test or not. This result suggests that the issue of overutilization of
diagnostic procedures should be considered on a case-by-case basis. Furthermore, additional research
should be done to compare the inclinations of medical specialists with those of general practitioners
and patients with regard to this topic.

Fourthly, various problems specific to the field have also emerged. These include the relative
scarcity of primary literature on the clinical effectiveness of some imaging tests and the predominance
of the clinical importance of the procedure over its intrinsic diagnostic accuracy in evaluation
and recommendation.

As a final and general suggestion, we submit that questions such as the ones we have posed and
analyzed may, in general, enhance the experts’ self-appraisal of their role when actively participating
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in Delphi and consensus procedures, may act as a reminder of good scientific practices, and, therefore,
may contribute to better performance on their part.
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Appendix A. —Expert Panel

Name of Expert Institute Field of Expertise

Gerald Antoch University Hospital Düsseldorf, Germany Radiology

Ian Banks ECCO & European Men’s Health Forum Patient Advocate

Alberto Briganti San Raffaele University Hospital, Milan, Italy Urology

Ignasi Carriò Hospital de la Santa Creu i Sant Pau, Barcelona, Spain Nuclear Medicine

Arturo Chiti Instituto Clinico Humanitas, Milan, Italy Nuclear Medicine

Noel Clarke The Christie Hospital Urological Oncology

Johann De Bono The Institute of Cancer Research, London, United Kingdom Medical Oncology

Matthias Eiber Klinikum rechts der Isar, TUM, München, Germany Nuclear Medicine

Karim Fizazi Institut Gustave Roussy, Paris, France Medical Oncology

Silke Gillessen Kantonsspital St. Gallen, Switzerland Medical Oncology

Sam Gledhill Movember Foundation Patient Advocate

Uwe Haberkorn University Hospital Heidelberg, Germany Nuclear Medicine

Ken Herrmann Universitätsklinikum Essen, Germany Nuclear Medicine

Rodney Hicks Peter Mac Callum Cancer Institute, Melbourne, Australia Nuclear Medicine

Frédéric Lecouvet Clinique Universitaires Saint-Luc UCL, Brussels, Belgium Radiology

Rodolfo Montironi Ospedali Riuniti Ancona, Italy Pathology

Joe O’Sullivan Queen’s University Belfast, United Kingdom Radiation Oncology

Piet Ost Ghent University Hospital, Belgium Radiation Oncology

Anwar Padhani Mount Vernon Cancer Centre, London, United Kingdom Radiology

Jack Schalken Radboud UMC, Netherland Molecular Biology

Howard Scher Memorial Sloan Kettering Cancer Center, New York, USA Medical Oncology

Bertrand Tombal Cliniques Universitaires Saint-Luc; Belgium Urology

Jeroen van Moorselaar VU Medisch Centrum, Netherland Urology

Hendrik Van Poppel KU Leuven Urology
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Abstract: Purpose: Detection of breast cancer (BC) metastasis at the early stage is important
for the assessment of BC progression status. Image analysis represents a valuable tool for the
management of oncological patients. Our preliminary study combined imaging parameters from
hybrid 18F-FDG-PET/MRI and the expression level of the transcriptional factor Yin Yang 1 (YY1)
for the detection of early metastases. Methods: The study enrolled suspected n = 217 BC patients
that underwent 18F-FDG-PET/MRI scans. The analysis retrospectively included n = 55 subjects.
n = 40 were BC patients and n = 15 imaging-negative female individuals were healthy subjects (HS).
Standard radiomics parameters were extracted from PET/MRI image. RNA was obtained from
peripheral blood mononuclear cells and YY1 expression level was evaluated by real time reverse
transcription polymerase chain reactions (qRT-PCR). An enzyme-linked immuosorbent assay (ELISA)
was used to determine the amount of YY1 serum protein. Statistical comparison between subgroups
was evaluated by Mann-Whitney U and Spearman’s tests. Results: Radiomics showed a significant
positive correlation between Greg-level co-occurrence matrix (GLCM) and standardized uptake value
maximum (SUVmax) (r = 0.8 and r = 0.8 respectively) in BC patients. YY1 level was significant
overexpressed in estrogen receptor (ER)-positive/progesteron receptor-positive/human epidermal
growth factor receptor2-negative (ER+/PR+/HER2-) subtype of BC patients with synchronous
metastasis (SM) at primary diagnosis compared to metachronous metastasis (MM) and HS (p < 0.001)
and correlating significantly with 18F-FDG-uptake parameter (SUVmax) (r = 0.48). Conclusions:
The combination of functional 18F-FDG-PET/MRI parameters and molecular determination of YY1
could represent a novel integrated approach to predict synchronous metastatic disease with more
accuracy than 18F-FDG-PET/MRI alone.

Keywords: breast; imaging; marker; radiomics; Yin Yang 1

1. Introduction

PET and MRI scans are useful instruments to diagnose the presence of metastatic disease providing
both morphological and metabolic information [1–3]. However, an exclusive use of imaging technique,
has some limitations, such as high cost, sensitivity and specificity [4]. We are confident that the
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combination of non-invasive methods with the parameters derived from image analysis will be of
great interest for clinical practice.

A growing amount of data has established that polycomb oncoprotein Yin Yang 1 (YY1) has a
prognostic impact in malignancy [5–7]. YY1 is frequently overexpressed in a wide range of solid and
non-solid tumors, regulating a broad class of genes involved in control of both cell cycle and apoptosis.
In vitro and in vivo studies have reported the expression of YY1 has been associated with development
of a malignant phenotype in some human cancers, tumor progression, metastasis formation, and
correlating with poor prognosis and drug/immune resistance [8–17]. However, conflicting results have
been shown when YY1 was evaluated during the progression and metastasis of breast cancer (BC).
The role of YY1 in metastatic BC has recently been verified by meta-analysis showing that YY1 exhibited
significantly high mRNA levels in basal-like BCs versus normal tissues [18]. In contrast, Lieberthal et al.
reported an increased expression of YY1 in invasive BC cells [19]. Furthermore, recently, YY1 was
reported as anti-oncogene in invasive human BC cells [20]. Specifically, three potential binding sites
for YY1 were found on a lincRNA involved in occurrence and progression of human cancers [20].
Moreover, about 70%–80% of diagnosed BCs are estrogen receptor positive and treated with endocrine
therapy. However, this treatment is ineffective for patients with metastatic disease [21].

This study represents the first assessment of YY1 mRNA and protein expression levels in
peripheral blood from BC patients, which have been correlated with imaging parameters from hybrid
18F-FDG-PET/MRI in order to improve the early detection of metastatic disease.

2. Materials and Methods

2.1. Study Cohort

The study was approved by the institutional ethics committee (IRCCS Fondazione SDN) in
accordance with the ethical standard of the Declaration of Helsinki. A written informed consent was
obtained from all subjects enrolled (healthy subjects (HS) and BC patients). All clinical-pathological
characteristics are reported in Table 1. Exclusion criteria included age <18 years, pregnancy, different
cancer detection, and general contraindications for contrast agent injection. All eligible patients
had 18F-FDG-PET/MRI scans between 2014 and 2018. Our retrospective study enrolled consecutive
suspected n = 217 oncological patients that underwent 18F-FDG-PET/MRI scans. Individuals with
negative imaging were considered HS (n = 15) (Figure 1) [22].

Table 1. Patient clinical-pathological characteristics.

Number or Values

Total Cohort 52

Healthy Subjects “Control group” 15
Breast cancer group “Synchronous metastasis” (SM) 11

Breast cancer group “Metachronous metastasis” (MM) 26
Mean age (years) 57
Range (min–max) 32–88

TNM 13
T0 1
T1 2
T2 7
T3 3
NA 24
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Table 1. Cont.

Number or Values

Tumor Grade 10
G2 8
G3 2
NA 27

Ki 67 Status a 12
Low 4
High 8
NA 25

ER Status 15
Negative 3
Positive 12

NA 22

PR Status 15
Negative 3
Positive 12

NA 22

Her2 Status b 13
Negative 9
Positive 3

NA 24
a Ki67 ≥ 20% was considered High. b one Her2 Status was equivocal. NA = Not available.

Figure 1. Eligible patients included in the study. Subject flow chart describing inclusion and exclusion
criteria for the selection of the patients.

2.2. Sample Collection

Peripheral blood mononuclear cells (PBMCs) and serum aliquots were isolated as previously
described [23]. Briefly, PBMCs were isolated by density gradient centrifugation on Histopaque-10771
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(Sigma-Aldrich). After centrifugation, white blood cells were recovered and washed twice with
phosphate-buffered saline (PBS) pH7.4 (Gibco; Life Technologies/Gibco, Italy). White cells and serum
aliquots were frozen at −80 ◦C at the IRCCS SDN Biobank [24].

2.3. RNA Extraction and Real-Time Quantitative Reverse Transcription Polymerase Chain Reaction
(qRT-PCR) Assay

Total RNAs were extracted using Trizol solution (Life Technologies/Gibco, Italy), according to
the manufacturer’s instructions. The specificity of oligonucleotide pair used was verified with the
Basic Local Alignment Search Tool (BLAST), NCBI program and through in-silico polymerase chain
reaction (PCR) analysis by UCSC (Genome Browser website) [23]. Primers were designed by Primer 3
software (http://bioinfo.ut.ee/primer3-0.4.0/) and synthesized by Life Technologies [23]. Quantitative
real-time PCR was performed according to the supplier protocols (BioRad). Melt curve analysis was
performed to verify a single product species. Selective primer sequences used for YY1 (NM_003403)
were 5′-CAAAACTAAAACGACACCAAC-3′ (Forward) and 5′-TGAAGTCCAGTGAAAAGCGT-3′
(Reverse). Ribosomal protein S18 (RPS18; NM_022551) was used as housekeeping gene [23]. All
reactions were carried out at least in triplicate for every cDNA template and qRT-PCR data were
analyzed by Ct (threshold cycle) approach. The expression levels of the target gene normalized with the
internal housekeeping gene were presented as delta-Ct (ΔCt), calculation [23]. The relative expression
was estimated among groups considered.

2.4. YY1 Enzyme-Linked Immunosorbent Assay (ELISA) Test

Prior analysis, serum samples were stored at -80 ◦C. All samples were thawed only once prior to
use. For the detection and quantification of our antigen of interest, enzyme-linked immunosorbent
assay (ELISA) was used, according to the manufacturer’s instructions with signals detection at 450 nm
(Biocompare, Italy Cat. number ABIN4973888). Kit detection range was 0.156–10 ng/mL with sensitivity
<0.059 ng/mL.

2.5. Hybrid 18F-FDG-PET/MRI Technique

All patients were acquired on both a PET/CT device and on a 3T hybrid PET/MRI system (mMR
Biograph; Siemens, Erlangen, Germany, with system sensitivity of 13.2 cps/kBq, transverse resolution of
4.4 mm and axial resolution of 4.5 mm) equipped with a dedicated breast coil, according to previously
described acquisition protocols [25,26]. After fasting for 8 hours, patients were administered about
401 ± 32 MBq (mean ± standard deviation) of 18F-FDG was administered to the patients, through
an antecubital catheter. 18F-FDG-PET/MRI images were performed concurrently after an uptake
period of more than 60 minutes. The protocol was optimized for accurate detection and staging as
previously described [25,27], briefly: an axial T2 turbo spin echo sequence; axial and coronal T2 turbo
inversion recovery; diffusion weighted imaging (DWI), considered the most specific technique for the
breast study. To investigate both morphological and dynamic breast parameters, all patients were
injected with gadolinium diethylene triamine pentacetate (GD-DTPA; Magnevist) at 0.1 mmol/kg body
weight, The dynamic study provides six axial spoiled gradient echo (SPGRE) 3D VIBE sequence before,
during and after injection of contrast agent with variable flip-angle thus making a fat suppression.
The attenuation correction is given by the segmentation (DIXON) in tissue classes, obtaining both
water and fat maps. PET data are related only to these specific elements. Considering the PET data,
the process of image reconstruction is done through an iterative algorithm called OSEM composed
by three iterations on a matrix 172 × 172. Its main feature is the noise reduction in regions of low
absorption. Image noise control is obtained by dividing data into 21 subsets analyzed cyclically.

2.6. Image Analysis

This study enrolled consecutive n. 217 subjects, of whom n. 15 HS and n. 202 oncological
patients that underwent PET/MRI scans (Figure 1). After screening criteria, n. 52 female subjects were
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retrospectively available for analysis; in detail, 37 were BC patients and 15 HS (Figure 1). BC primary
lesions were classified according to the American Joint Committee on Cancer Disease (AJCC) [28]. BC
histology was confirmed by immunohistochemistry (IHC) analysis only for few patients diagnosed.
Quantitative analysis was performed using PMOD (Version 3.8; PMOD Technologies, Switzerland),
which consists of a complete set of tools, able to extrapolate quantitative parameters from the image.
After importing all the 18F-FDG-PET/MRI examinations into the PMOD software, the breast lesion
automatic segmentation was done on the PET image. A reference cut-off of 41% of the standardized
uptake value maximum (SUVmax) and volume of interest (VOI) were reported also on MRI images.
Axial T2, DWI, apparent diffusion coefficient (ADC) and post administration 3D VIBE sequence were
analyzed. One representative patient case was shown in Figure 2. For all subjects, we considered the
following parameters: VOI, SUVmax and standardized uptake value minimum (SUVmin), average,
standard deviation (SD), number of pixels and hot average (mean of pixels that presents higher values)
of SUV body-weighted (SUVbw) and of SUV lean body mass (SUVlbm). SUVbw was expressed
like c(t)/(Injected dose/body weight), where c(t) is tissue radioactivity concentration at time t. While
SUVlbm referred to the value of standardized lean body mass absorption. Some texture indices
referred to the histogram pixel within a VOI, and others based on to the gray-level co-occurrence
matrix (GLCM). This latter matrix is defined as the distribution of co-occurring pixel values (grayscale
values, or colors) at a given offset. In this stud, texture indices were: GLCM contrast (measure of the
contrast intensity between pixels and its close over the entire image); Statistic Energy (the sum of the
squared elements in the GLCM); GLCM sum variance (heterogeneity measure on close pixels).

Figure 2. 18F-FDG-PET/MRI scan Images of a 57-year-old patient with a breast heteroplasia with lymph
node and bone metastases. The yellow circle indicates the lesion located on the left breast: (A) PET
image showing uptake after 60 minutes of a segmented lesion (pink depicted); (B) Lesion revealed on
T2 weighted image acquired on the axial plane; (C) hyperintensity of the lesion on diffusion-weighted
magnetic resonance imaging; (D) 18F-FDG-PET/MRI fusion image.

2.7. Statistical Analysis

Statistical analyses were performed using R environment (http://www.R-project.org).
The distribution of biomedical imaging data (PET and MRI) was tested by Shapiro–Wilk test normality.
The correlation between the statistical and textural parameters mostly used for breast lesions was
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evaluated using (Spearman’s correlation test). In addition, the Wilcoxon–Mann–Whitney test was used
to establish the statistical significance of molecular signature between the different BC groups and HS.
To compare different hormone receptor subtypes, Kruskal–Wallis test was performed. For all tests a
p value was considered for statistical significance when p ≤ 0.05 and most significant when p ≤ 0.01.
Spearman’s correlation was calculated to compare values of SUV max and YY1 levels.

3. Results

3.1. Study Population and Imaging Features

The mean age of all subject enrolled was 50 ± 4.6 years in HS compared to 53 ± 2.8 years in
BC patients.

Moreover, within the metastatic BC cancer patients, we had patients with primary metastases
(synchronous disease) and patients who developed metastases during follow-up (metachronous
disease),.Thus, the cohort was divided in three groups: (i) “Healthy Subjects” (HS) (n = 15);
(ii) “Synchronous Metastasis” (SM), which includes BC patients with one or multiple metastases at
primary diagnosis (n = 11); and (iii) “Metachronous Metastasis” (MM), including BC patients who
developed metastasis at follow up (n = 26). The metastasis were localized in bone (n = 9) and in
different site, such as liver, uterus, lung, thyroid, and axillar and thoracic lymph nodes (n = 17).

Several features were extrapolated in order to investigate the sensitivity, specificity, and
accuracy of 18F-FDG-PET/MRI technique. By integration of high sensitivity of PET with the high
spatial and temporal resolution of MRI we obtained information and characterized on the tumor
malignancy (Figure 2) and detect small metastasis present in the body (Tumor Volume ≥1.2 cm3 and
GLCM_contrast_T2 ≥ 0.002). All features were related to the media pixel histogram within a VOI and
to the GLCM, as highlighted by PET and MRI images as reported in Tables 2 and 3.

Table 2. Descriptive statistics of features extracted from PET images.

Synchronous Metastasis Group

Features Mean ± SD Median Min Max Range
Volume 9.54 ± 7.06 8.73 1.91 23.30 21.39

SUV_max 5.16 ± 4.19 3.78 1.33 13.24 11.91
n_voxels 721.86 ± 1247.68 247.00 54.00 3516.00 3462.00

Statistic_Energy 1.01 ± 0.01 0.01 0.01 0.01 0.00
GLCM_contrast 0.04 ± 0.03 0.03 0.00 0.09 0.09

Metachronous Metastasis Group

Features Mean ± SD Median Min Max Range
Volume 27.76 ± 40.35 7.21 2.86 122.19 119.33

SUV_max 5.26 ± 4.88 2.54 1.19 15.14 13.95
n_voxels 945.78 ± 1617.10 142.00 81.00 4998.00 4917.00

Statistic_Energy 1.01 ± 0.01 0.01 0.01 0.01 0.01
GLCM_contrast 0.03 ± 0.03 0.02 0.00 0.10 0.09

200



Cancers 2019, 11, 1444

Table 3. Descriptive statistics of features extracted from MRI images.

Synchronous Metastasis Group

Features Mean ± SD Median Min Max Range
Volume 9.33 ± 6.40 8.73 1.56 23.30 21.75

T2_mean 8.72 ± 8.22 6.58 0.16 24.81 24.65

GLCM_contrast_T2 1.87 ± 2.45 0.03 0.00 7.39 7.39

GLCM_entropy_T2 1.87 ± 1.72 0.39 0.06 5.47 5.41

B_value 5.75 ± 4.71 4.42 0.02 14.54 14.52

ADC_mean 5.94 ± 5.06 5.29 0.82 16.23 15.40

GLCM_contrast_ADC 1.01 ± 0.02 0.02 0.00 0.07 0.06
GLCM_entropy_ADC 1.34 ± 0.06 0.37 0.25 0.40 0.15

Metachronous Metastasis Group

Features Mean ± SD Median Min Max Range

Volume 17.15 ± 22.04 5.02 2.86 54.53 51.67
T2_mean 5.16 ± 5.71 2.09 1.18 15.74 14.56

GLCM_contrast_T2 1.01 ± 0.03 0.01 0.00 0.09 0.08
GLCM_entropy_T2 1.35 ± 0.03 0.36 0.31 0.41 0.10

B_value 4.07 ± 4.14 1.88 1.44 11.58 10.14
ADC_mean 2.97 ± 2.94 1.53 0.45 8.50 8.04

GLCM_contrast_ADC 1.07 ± 0.15 0.01 0.00 0.41 0.40
GLCM_entropy_ADC 0.32 ± 0.13 0.37 0.04 0.38 0.34

3.2. YY1 Molecular Expression in Breast Cancer (BC) Patient

In order to analyze the expression level of YY1, from all patients PBMCs were recovered and total
RNAs were extracted. Gene YY1 expression was evaluated in BC patients compared to control samples
by real time RT-PCR. Same amount of YY1 has been shown in the MM group compared HS group.
Conversely, in the SM group showed a 20-fold increase of YY1 mRNA compared with the HS group
and 19-fold increase compared with the MM group (p ≤ 0.01) using the non-parametric Wilcoxon test
(Figure 3A). Moreover, the expression levels of YY1 (mRNA) were compared between MM and SM groups
also considering the bone and no bone metastasis, respectively (Figure 3B). In contrast, YY1 protein
level, dosed with ELISA assay, showed a significant increase in BC patients (MM and SM respectively,
p < 0.01; p < 0.01). Differently from the expression trend, protein level of YY1 marker was higher into MM
compared with HS group, although we did not know the underlying mechanism (Figure 4A,B).

Up-regulation of YY1 has been shown in estrogen receptor-positive (ER+) BCs [29] however,
the regulatory mechanisms are still unknown. In our preliminary analysis, we also found YY1
overexpression in ER+ compared to ER- tumors, taking into account a total of n = 15 patients (see
Table 1). Interestingly, we observed that YY1 mRNA specifically increased in (ER)-positive/- progesteron
receptor-positive (PR+)/-human epidermal growth factor receptor2-negative (HER2-) (ER+/PR+/HER2-)
compared to the “triple negative” (ER-/PR-/HER2-) and “triple positive” (ER+/PR+/HER2+) BC subtypes
(p= 0.27, Kruskal-Wallis test) (Figure 5). Therefore, these data needs to be further elucidated, taking into
account larger cohort including also different HER2+ and HER2- combinations such as ER-/PR-/HER2+,
not diagnosed in our cases.

3.3. Correlation Between YY1 and FDG-PET/MRI in BC Patients

In order to select 18F-FDG-PET/MRI parameters to correlate with YY1, first we evaluated the
association between all imaging features by Spearman correlation test [30]. As shown in Figure 6, a
significant positive correlation was observed between textural parameters: GLCM_contrast, SUVmin
and SUVmax (r = 0.8; r = 0.8 respectively) (Table 2, Table 3 and Supplementary Materials Table S1) [30].
Subsequently, the Spearman test significantly correlated YY1 mRNA level (-ΔCt values) and
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18F-FDG-uptake (SUVmax) (r = 0.48) in SM patients with invasive BC cancer (Figure 7A,B). As reported
in Figure 7B, pink color indicates that there was a negative correlation between YY1 expression
reported as ΔCt values and 18F-FDG-uptake. However, considering that small ΔCt values correspond
to high gene expression, our preliminary results showed that YY1 mRNA expression and SUVmax
reported the same trend (Figure 7B). Instead, no correlation was observed between YY1 protein and
18F-FDG-PET/MRI parameters (data not shown). Overall, our study is the first attempts to evaluate the
potential of combining imaging differences between SM and MM breast patient subgroups and YY1
gene expression, for a better diagnostic analysis of tumor metastasis (see Discussion).

Figure 3. YY1 mRNA level and metastatic breast cancer. Expression level of YY1 in BC patients clustered
into “Healthy Subjects” (HS), “Metachronous Metastasis” (MM) and “Synchronous Metastasis” (SM)
group. (A) YY1 mRNA level in PBMCs from BC patients (n = 11 SM and n = 26 MM) and HS patients
(n = 15). Data are reported as (-ΔCt). Each group was compared. (B) BC patients for SM and MM group
were classified in two categories: no bone metastasis (n = SM and n =MM, respectively) and bone
metastasis (n = 5 SM and n = 17 MM, respectively); the distribution did not show statistically significant
difference between two categories included in each group. Statistical analysis was performed by the
Wilcoxon test, and p value < 0.05 was considered significant.

Figure 4. YY1 protein level and metastatic breast cancer. Serum protein level of YY1 in BC patients
grouped as “Healthy Subjects” (HS), “Metachronous Metastasis” (MM) and “Synchronous Metastasis”
(SM) group. (A) Comparison of YY1 protein level between BC patients (n = 11 SM and n = 26 MM)
and HS patients (n = 15). Protein concentration is reported as ng/mL. Enzyme-linked immunosorbent
assay (ELISA) YY1 protein level in BC patient sera indicated a media concentration of 1.8 ± 0.3 ng/ml
in MM and 1.7 ± 0.3 ng/ml in SM patients compared to 0.8 ± 0.3 ng/ml in HS (p < 0.01; p < 0.01).
(B) Comparison of YY1 protein level in SM and MM patients subgrouped as: no bone metastasis
(n = 5 SM and n = 17 MM, respectively) and bone metastasis (n = 5 SM and n = 17 MM, respectively);
Statistical significance was determined by Wilcoxon test, p value < 0.05 was considered significant.
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Figure 5. YY1 levels and receptor status in metastatic breast cancer. Comparison of YY1 mRNA level
between estrogen receptor -positive/progesteron receptor-positive/human epidermal growth factor
receptor2-negative (ER+/PR+/HER2-) compared to the “triple positive” (ER+/PR+/HER2+) and “triple
negative” (ER-/PR-/HER2-) BC receptor status. Relative expression is reported as (-ΔCt). Statistical
significance was determined by Kruskal-Wallis test, p value <0.05 was considered significant.

Figure 6. Correlation matrix for radiomics features of PET and MRI images. Correlation charts
represent the correlation matrix between the statistical and textural parameters extracted from PET
images (A) and MRI images (B) mostly used for breast lesions. The distribution of each variable is
shown on the diagonal. On the bottom of the diagonal: the bivariate scatter plots with a fitted line are
displayed. On the top of the diagonal: the value of the correlation plus the significance level as stars.
Each significance level is associated to a symbol: p values 0.001; 0.01; 0.05; with symbols “***”; “**”;
“*” respectively.
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Figure 7. Radiomic features and YY1 molecular analysis. Correlation plot illustrates the Spearman test
coefficient between YY1 expression level and PET/RMI parameters across “Synchronous Metatstasis”
(SM) (A,B) and “Metachronous Metatstasis” (MM) BC patients (C,D). Color scale bar shows the positive
correlation in blue and the negative correlation in pink; color intensity represents the strength of the
correlation coefficient. Data indicated a statistical significant correlation between YY1mRNA and
SUVmax in patients with SM ρ = 0.48. In the Supplementary Materials Table S1 are reported all
analyzed findings for each patient at primary diagnosis.

4. Discussion and Conclusions

This preliminary study evaluated the feasibility of using diagnostic imaging and blood circulating
level of YY1 as prospective tool to assess the presence of metastasis and tumor grade at diagnosis.
The combination of imaging parameters and molecular biomarkers to improve the sensitive and
specificity of primary tumor and metastatic lesions diagnosis it is of great interest for both better
clinical decision-making and treatment management. To date, an accurate diagnosis of BC patients
is difficult due to the tumor heterogeneity of clinical presentation and the co-presence of almost
undetectable micro-metastasis. Moreover, based on the expression of hormone receptors in tumor
tissues, approximately 70%–80% of BC is ER+ [31–34].

The multifunctional factor YY1 is overexpressed in many types of cancer, including BC [14,35–40]
with potential clinical significance [6–10], although Lieberthal et al. reported that a decreased YY1
expression might contribute to the invasive phenotype of metastatic BC cells [19]. However, other
authors also previously reported that the YY1 protein level is lower in BC tissue than in the normal
breast tissues [29,41,42]. Clearly, more intensive studies are needed to clarify the role of YY1 and
its molecular mechanism in BC. Our preliminary data indicated that YY1 transcript in PBMCs of
BC subjects showed a significant increase in patients with metastasis at primary diagnosis than the
“Healthy Subjects” group. We indicated this group as “Synchronous Metastasis”. Interestingly, YY1
was particularly higher in patients BC with bone metastasis although not statistically significant.
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In our analysis, we included SM patients with specific BC receptor status; indeed our cohort
included about 80% of ER+ tumors, which reflects the recurrence of the majority of breast cancer.
As well-known, hormone receptor status is crucial for medical decision-making since strongly related
to hormone therapy response. Preliminary data indicated that YY1 might play an important role in
ER+ compared to ER- tumors in according to other receptors. Prompted by Lieberthal et al. results
on BC model cell lines [19] we evaluated YY1 mRNA level in PBMCs from patients stratified as
ER/PR-positive tumors with respect to triple negative (ER-/PR-/HER2-) and triple positive receptor
status (ER+/PR+/HER2+). In particular, we observed that YY1 mRNA specifically increased in hormone
receptor positive BCs (ER+/PR+/HER2-) compared to the “triple positive” (ER+/PR+/HER2+) and
“triple negative” (ER-/PR-/HER2-) subtypes although not statistically significant.

18F-FDG-PET is the gold standard for in vivo evaluation of tumor glucose metabolism and 18F-FDG
uptake. In particular, post-contrast MR images were highly correlated to the molecular subtypes of
BC, such as normal-like, luminal A and B, HER2-enriched, and basal-like [43]. Additionally, several
radiomics features, such as GLCM textural features and SUVs are currently used to classify BC tumor
grade [44–46]. In particular, SUVmax is common feature of 18F-FDG-PET that potentially reflects the
tumor biology, prognosis and response to treatment [44–46]. Here, we reported for the first time, a
correlation of 18F-FDG-PET parameters with YY1 molecular marker. We showed that SUVmax were
statistically correlated with blood circulating YY1 mRNAs in a small number of BC patients (r = 0.48),
suggesting that at higher tumor uptake correspond to high blood level of YY1 (mRNAs). In summary,
our study attempts to include another layer of information, which is imaging “phenotype” to tumor
metastasis diagnosis. However, imaging phenotype differences between the BC synchronous (SM) and
metachronous metastasis (MM) groups, have been so far poorly investigated [47–49]. We assessed if
the addition of imaging layer could contribute to better discriminate SM and MM BC subgroups in
combination with YY1 gene expression.

Our results, showed a quite weak correlation between imaging and molecular features, although
other information could be useful for further consideration. For instance, we found a positive
correlation between YY1 expression (mRNA) and SUVmax for SM rather than MM subgroups.
SUVmax is routinely used imaging diagnostic parameter [50]. In BC studies, it usually indicates the
degree of tumor metabolism and hence can predict its behavior and prognosis [51].

In spite of our observations, the pathogenic role, the release mechanism and cell origin of
circulating YY1 in blood remain unknown.

Furthermore, the present study has some limitations, which probably affected also our correlation
analysis. It was a retrospective study performed at a single institution with a relatively small number
of patients, and recurrence was documented in very few subjects. Moreover, we were unable to analyze
overall survival because there were no disease-related deaths among the study population. In detail,
in our study, the ROI segmentation was performed automatically. Maybe a manual segmentation
could provide more accurate data. Furthermore, the knowledge of the tumor status for each patient
would allow a potential correlation between YY1 with the invasiveness of BC. Surely, a larger number
of subjects with the same characteristics could improve data sensitivity and specificity. In addition,
the data could not be validated internally. Finally, an external validation of our findings would allow
us to generalize the results and discriminate YY1 trend in all BC subtypes.

Nevertheless, although there are all the previous limitations and further multicenter studies are
needed to confirm our results, all the preliminary data reported above are promising and suggest that
a combined approach between different technologies for the clinical diagnosis of BC can provide more
differentiated information related to the detection of metastases for treatment decision.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-6694/11/10/1444/s1:
Table S1: Findings evaluated for each BC patient at primary diagnosis.
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Abstract: The purpose of this study was to evaluate the prognostic significance of computed
tomography (CT)-attenuation of tumor-adjacent breast adipose tissue for predicting recurrence-free
survival (RFS) in patients with breast cancer. We retrospectively enrolled 287 breast cancer patients
who underwent pretreatment 18F-fluorodeoxyglucose (FDG) positron emission tomography (PET)/CT.
From non-contrast-enhanced CT images of PET/CT, CT-attenuation values of tumor-adjacent breast
adipose tissue (TAT HU) and contralateral breast adipose tissue (CAT HU) were measured. Difference
(HU difference) and percent difference (HU difference %) in CT-attenuation values between TAT HU
and CAT HU were calculated. The relationships of these breast adipose tissue parameters with tumor
factors and RFS were assessed. TAT HU was significantly higher than CAT HU (p < 0.001). TAT
HU, HU difference, and HU difference % showed significant correlations with T stage and estrogen
receptor and progesterone receptor status (p < 0.05), whereas CAT HU had no significant relationships
with tumor factors (p > 0.05). Patients with high TAT HU, HU difference, and HU difference % had
significantly worse RFS than those with low values (p < 0.001). In multivariate analysis, TAT HU and
HU difference % were significantly associated with RFS after adjusting for clinico-pathologic factors
(p < 0.05). CT-attenuation of tumor-adjacent breast adipose tissue was significantly associated with
RFS in patients with breast cancer. The findings seem to support the close contact between breast
cancer cells and tumor-adjacent adipocytes observed with imaging studies.

Keywords: breast cancer; Hounsfield unit; computed tomography; prognosis; adipose tissue

1. Introduction

Adipose tissue is one of the major components of the human body, found all around the body [1].
In non-lactating human breast tissue, up to 56% of the total breast volume consists of adipose tissue [2].
Although adipose tissue is mainly composed of adipocytes, it is also comprised of various other kinds
of cell types including immune cells, endothelial cells, pre-adipocytes, and fibroblasts [1,3]. For a
long time, adipose tissue was considered to function as a simple storage organ of excessive energy;
however, evidence showed that adipose tissue also function as an endocrine organ secreting hundreds
of cell signaling proteins, called adipokines [4]. Previous studies published over the last decade have
continuously demonstrated that adipose tissue could play a role in cancer growth, progression, and
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metastasis by secreting multiple kinds of adipokines, inducing inflammatory micro-environment,
remodeling the extracellular matrix, and providing energy to tumor cells [1,3,5]. Furthermore,
adipocytes in the close vicinity of cancer cells can have crosstalk with cancer cells, which increases
the potential of tumor progression and metastasis [1,3,6]. Because of the close localization between
mammary epithelium and breast adipose tissue, breast cancer is considered as one of the most
representative malignancies that is in close contact with adipose tissue, along with gastric, colon,
and ovary cancers [1,3]. In previous cell-culture and histopathological studies of breast cancer, it has
already been proven that breast cancer cells have active interaction with peritumoral adipose tissue,
which further enhances aggressiveness and invasiveness of breast cancer cells [1,3,7–9].

In recent clinical studies with imaging examinations, the clinical implication of adipose tissue
features on diagnostic images has been investigated in various diseases [10–12]. In addition to the amount
of adipose tissue, the qualitative characteristics of adipose tissue has also been studied using imaging
modalities such as computed tomography (CT) and positron emission tomography (PET) [10,12–15].
One of the most commonly used imaging features representing qualitative changes in adipose tissue is
CT-attenuation of adipose tissue measured on non-contrast-enhanced CT images [10,12–14]. In recent
clinical studies with diverse kinds of malignancies, increased CT-attenuation on unenhanced CT
images has shown a significant association with worse clinical outcomes, suggesting that increased
CT-attenuation might reflect a microenvironment of adipose tissue which promotes cancer cell
progression [12–14]. Considering the close localization between breast cancer and breast adipose tissue,
the qualitative characteristics of peritumoral breast adipose tissue might have a significant association
with the characteristics and clinical outcomes of breast cancer [1]. However, few studies have evaluated
the clinical significance of the peritumoral adipose tissue environment using imaging studies [16].

In breast cancer, previous studies have shown the clinical significance of 18F-fluorodeoxyglucose
(FDG) PET/CT for staging, differentiating molecular subtypes, and predicting clinical outcomes;
therefore, currently, FDG PET/CT is widely used in patients with breast cancer [17–20]. In the present
study, we used unenhanced CT images of pretreatment 18F-fluorodeoxyglucose (FDG) PET/CT for
measuring CT-attenuation of tumor-adjacent breast adipose tissue and investigated whether it has a
significant association with recurrence-free survival (RFS) in patients with breast cancer who underwent
curative surgical resection.

2. Results

2.1. Patient Characteristics

Baseline characteristics of the 287 patients enrolled in the present study are shown in Table 1.
Of the enrolled patients, 33 (11.5%) were histopathologically confirmed as having triple negative
breast cancer. Neoadjuvant chemotherapy was performed in 32 patients (11.1%), and, after curative
surgical resection, 282 patients (98.3%) received adjuvant treatments. The median interval between
FDG PET/CT and initial treatment was 5.0 days (range, 2–14 days). On PET/CT image analysis of
primary breast cancer, 89 patients (31.0%) had a metabolic tumor volume (MTV) of 0.0 cm3, because
maximum standardized uptake values (SUVs) of the primary breast cancer were less than 2.50. The
median follow-up duration of the patients was 55.1 months with a range of 6.1–88.9 months, and
during the follow-up period, cancer recurrence was found in 30 patients (10.5%).
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Table 1. Baseline characteristics of patients (n = 287).

Characteristics Number (%) Median (Range)

Age (years) 52 (30–85)
Body mass index 23.8 (16.4–35.2)

Menopausal status Premenopausal 108 (37.6%)
Postmenopausal 179 (62.4%)

Histopathology Intraductal carcinoma 252 (87.8%)
Intralobular carcinoma 35 (12.2%)

T stage T1 136 (47.4%)
T2 128 (44.6%)
T3 23 (8.0%)

N stage N0 190 (66.2%)
N1 58 (20.2%)
N2 21 (7.3%)
N3 18 (6.3%)

Tumor size (cm) 2.0 (0.4–8.0)
Histologic grade Grade 1 67 (23.4%)

Grade 2 143 (49.7%)
Grade 3 77 (26.9%)

Estrogen receptor statue Positive 213 (74.2%)
Negative 74 (25.8%)

Progesterone receptor status Positive 177 (61.7%)
Negative 110 (38.3%)

HER2 status Positive 142 (49.5%)
Negative 145 (50.5%)

Ki67 expression status Positive 177 (61.7%)
Negative 110 (38.3%)

Maximum SUV of primary tumor 4.06 (1.10–35.59)
MTV of primary tumor (cm3) 1.14 (0.0–235.30)

TAT HU −87.69 (−104.88–−63.36)
CAT HU −97.54 (−116.85–−70.74)

HU difference 8.66 (−2.67–35.84)
HU difference % 8.94 (−3.15–30.67)

Neoadjuvant chemotherapy Yes 32 (11.1%)
No 255 (88.9%)

Adjuvant treatment CTx + RTx + HTx 139 (48.4%)
RTx + HTx 82 (28.6%)
CTx + HTx 17 (5.9%)
CTx + RTx 3 (1.0%)

HTx 24 (8.4%)
CTx 16 (5.6%)
RTx 1 (0.3%)
No 5 (1.7%)

HER2, human epidermal growth factor receptor 2; SUV, standardized uptake value; MTV, metabolic tumor volume;
TAT HU, CT-attenuation of tumor-adjacent breast adipose tissue; CAT HU, CT-attenuation of contralateral breast
adipose tissue; HU difference, difference of CT-attenuation; HU difference %, percent difference of CT-attenuation;
CTx, chemotherapy; RTx, radiotherapy; HTx, hormonal therapy.

2.2. Breast Adipose Tissue Measurement

On the assessment of reproducibility of breast adipose tissue measurement, substantial agreement
was shown between the two reviewers for CT-attenuation values, expressed in Hounsfield unit (HU),
of tumor-adjacent breast adipose tissue (TAT HU) (concordance correlation coefficient: 0.953; 95%
confidence interval: 0.934–0.968) and CT-attenuation values of contralateral breast adipose tissue
(CAT HU) (concordance correlation coefficient: 0.951; 95% confidence interval: 0.924–0.972).

Among the enrolled patients, TAT HU was higher than CAT HU in 269 patients (93.7%), showing
significant difference between TAT HU and CAT HU (p < 0.001). Body mass index (BMI) showed
significant negative correlation with both TAT HU (r = −0.136, p = 0.001) and CAT HU (r = −0.274,
p < 0.001) but showed weaker correlation with TAT HU and no significant correlation with the
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difference in CT-attenuation values between tumor-adjacent and contralateral breast adipose tissues
(HU difference) (p = 0.231) and percent difference of CT-attenuation values between tumor-adjacent
and contralateral breast adipose tissues (HU difference %) (p = 0.425).

In correlation analysis between breast adipose tissue parameters and tumor stage, increased
CT-attenuation of peritumoral breast adipose tissue was related with advanced stage (Table 2). For
T stage, significant differences of TAT HU, HU difference, and HU difference % were shown on
Kruskal—Wallis test (p < 0.001 for all; Figure 1). On post-hoc analysis, each T stage group showed
significant difference of TAT HU from each other, and HU difference and HU difference % in T2 and T3
stage groups were significantly higher than those in the T1 stage group (p < 0.05). For N stage, patients
with regional lymph node metastasis had significantly higher HU difference and HU difference %
than those with no lymph node metastasis (p < 0.001 for all). In contrast, there were no significant
differences of CAT HU according to T stage and N stage (p > 0.05).

Table 2. Relationship between breast cancer adipose tissue parameters and clinico-histological factors.

Clinico-Histological
Factors

TAT HU CAT HU HU Difference HU Difference %

T stage T1 −88.95 ± 6.53 −96.95 ± 6.61 7.99 ± 6.06 8.08 ± 6.02
T2 −86.33 ± 5.72 −97.15 ± 7.22 10.82 ± 6.69 10.87 ± 6.23
T3 −82.67 ± 5.68 −95.43 ± 7.39 12.76 ± 6.18 13.14 ± 5.66

p-value <0.001 * 0.505 * <0.001 * <0.001 *

N stage N0 −87.64 ± 6.26 −96.95 ± 6.82 8.63 ± 6.43 8.76 ± 6.27
N1-3 −86.56 ± 6.56 −98.06 ± 7.97 11.61 ± 6.34 11.63 ± 5.92

p-value 0.176 0.203 <0.001 <0.001

Histologic grade Grade 1 −87.62 ± 7.21 −96.28 ± 7.61 8.65 ± 7.11 8.76 ± 6.75
Grade 2 −87.65 ± 6.23 −96.87 ± 6.71 9.23 ± 6.42 9.32 ± 6.21
Grade 3 −86.27 ± 5.85 −97.58 ± 6.84 11.21 ± 6.09 11.29 ± 5.83
p-value 0.288 * 0.391 * 0.013 * 0.013 *

ER status Positive −88.03 ± 6.26 −96.76 ± 6.91 8.73 ± 6.34 8.81 ± 6.09
Negative −85.11 ± 6.25 −97.36 ± 7.07 12.25 ± 6.46 12.36 ± 6.15
p-value <0.001 0.528 <0.001 <0.001

PR status Positive −87.94 ± 6.47 −96.60 ± 6.76 8.16 ± 5.73 8.34 ± 5.69
Negative −86.22 ± 6.09 −97.23 ± 7.06 12.01 ± 7.08 11.97 ± 6.58
p-value 0.026 0.318 <0.001 <0.001

HER2 status Positive −87.54 ± 5.71 −97.56 ± 6.34 10.02 ± 6.79 10.03 ± 6.49
Negative −87.02 ± 6.97 −96.29 ± 7.45 9.27 ± 6.29 9.43 ± 6.10
p-value 0.488 0.122 0.336 0.426

Ki67 expression
status Positive −86.72 ± 6.10 −96.88 ± 6.83 10.16 ± 6.76 10.25 ± 6.42

Negative −88.01 ± 7.01 −96.72 ± 7.37 8.72 ± 6.25 8.82 ± 6.17
p-value 0.115 0.856 0.083 0.076

Recurrence No
recur −87.74 ± 6.27 −96.90 ± 6.74 9.16 ± 6.37 9.25 ± 6.17

Recur −83.35 ± 6.00 −97.10 ± 8.62 13.75 ± 6.71 13.85 ± 5.91
p-value <0.001 0.882 <0.001 <0.001

* Performed using Kruskal—Wallis test.; ER, estrogen receptor; PR, progesterone receptor; HER2, human epidermal
growth factor receptor 2; TAT HU, CT-attenuation of tumor-adjacent breast adipose tissue; CAT HU, CT-attenuation
of contralateral breast adipose tissue; HU difference, difference of CT-attenuation; HU difference %, percent difference
of CT-attenuation.
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Figure 1. CT-attenuation of tumor-adjacent breast adipose tissue (TAT HU) (a), CT-attenuation of
contralateral breast adipose tissue (CAT HU) (b), difference of CT-attenuation (HU difference) (c), and
percent difference of CT-attenuation (HU difference %) (d), according to T stage.

In correlation analysis with histopathological results, increased CT-attenuation of peritumoral
breast adipose tissue was related with aggressive features of breast cancer (Table 2). Patients with
negative estrogen receptor (ER) and progesterone receptor (PR) showed higher values of TAT HU, HU
difference, and HU difference % than those with positive ER and PR, respectively (p < 0.05). Moreover,
significant differences of HU difference and HU difference % were observed according to the histologic
grade of the primary tumor, showing significantly higher HU difference and HU difference % in
patients with histologic grade 3 tumors than in those with grade 1 and grade 2 tumors on post-hoc
analysis (p < 0.05). In contrast, human epidermal growth factor receptor 2 (HER2) status and Ki67
expression status had no significant correlation with any breast adipose tissue parameters (p > 0.05).

In correlation analysis with FDG PET/CT parameters of primary breast cancer lesions, TAT HU,
HU difference, and HU difference % showed significant but weak positive correlations with maximum
SUV (r = 0.125, p = 0.034 for TAT HU, r = 0.266, p < 0.001 for HU difference, and r = 0.265, p < 0.001 for
HU difference %) and MTV of primary tumor (r = 0.135, p = 0.023 for TAT HU, r = 0.248, p < 0.001 for
HU difference, and r = 0.241, p < 0.001 for HU difference %).

In comparison, the breast adipose tissue parameters of patients with recurrence showed
significantly higher values of TAT HU, HU difference, and HU difference % than those with no
recurrence (p < 0.001; Figure 2). In contrast, there is no significant difference in CAT HU between those
two groups (p = 0.882; Figure 2)
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Figure 2. CT-attenuation of tumor-adjacent breast adipose tissue (TAT HU) (a), CT-attenuation of
contralateral breast adipose tissue (CAT HU) (b), difference of CT-attenuation (HU difference) (c),
and percent difference of CT-attenuation (HU difference %) (d) between patients with no recurrence
and recurrence.

2.3. Survival Analysis

The prognostic values of breast adipose tissue parameters for predicting RFS were evaluated
using univariate Cox regression analysis along with clinico-histological factors and PET/CT parameters
of the primary breast cancer. In univariate analysis, TAT HU, HU difference, and HU difference %
were significantly associated with RFS (p < 0.001 for all; Table 3), while CAT HU showed no statistical
significance (p = 0.786). Among clinico-histological factors and PET/CT parameters, T stage, N stage,
histologic grade, ER status, PR status, Ki67 index, triple negative tumor, and maximum SUV and MTV
of primary tumor showed significance in predicting RFS (p < 0.05; Table 3).

TAT HU, HU difference, and HU difference % were included in the multivariate analysis for RFS
with the addition of eight different covariates in three different models (Table 4). TAT HU and HU
difference % remained as significant positive predictors for RFS in all three models after adjustment
for age, T stage, N stage, ER status, PR status, Ki67 index, maximum SUV, and MTV (p < 0.05). On
the other hand, HU difference showed significant association with RFS in models with adjustment
for age, T stage, N stage, ER status, PR status, and Ki67 index (p < 0.05) but failed to show statistical
significance after correcting for maximum SUV and MTV (p = 0.054).
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Table 3. Univariate analysis for recurrence-free survival.

Variables p-Value Hazard Ratio (95% CI)

Age (1-year increase) 0.562 1.01 (0.98–1.04)
BMI (1 kg/m2 increase) 0.283 0.93 (0.82–1.06)

Menopausal status (pre vs. post) 0.799 0.91 (0.44–1.89)
T stage T1 stage - 1.00

T2 stage 0.001 11.24 (2.62–48.25)
T3 stage <0.001 37.90 (8.17–175.80)

N stage (N0 vs. N1-3) 0.004 2.92 (1.42–6.09)
Histologic grade Grade 1 - 1.00

Grade 2 0.873 1.10 (0.34–3.58)
Grade 3 0.008 4.42 (1.48–13.16)

ER status (positive vs. negative) <0.001 3.41 (1.66–7.00)
PR status (positive vs. negative) <0.001 5.22 (2.32–11.74)

HER2 status (positive vs. negative) 0.254 0.65 (0.31–1.36)
Ki67 index (negative vs. positive) 0.005 7.79 (1.85–32.83)
Triple negative tumor (no vs. yes) 0.011 3.00 (1.28–7.03)

Maximum SUV (1.0 increase) <0.001 1.08 (1.03–1.13)
MTV (1.0 cm3 increase) <0.001 1.03 (1.02–1.04)

TAT HU (1.0 HU increase) <0.001 1.10 (1.05–1.16)
CAT HU (1.0 HU increase) 0.786 0.99 (0.94–1.05)

HU difference (1.0 HU increase) <0.001 1.10 (1.05–1.16)
HU difference % (1.0% increase) <0.001 1.12 (1.06–1.18)

BMI, body mass index; ER, estrogen receptor; PR, progesterone receptor; HER2, human epidermal growth
factor receptor 2; SUV, standardized uptake value; MTV, metabolic tumor volume; TAT HU, CT-attenuation of
tumor-adjacent breast adipose tissue; CAT HU, CT-attenuation of contralateral breast adipose tissue; HU difference,
difference of CT-attenuation; HU difference %, percent difference of CT-attenuation; HU, Hounsfield units; CI,
confidence interval.

Table 4. Multivariate models for recurrence-free survival.

Models
TAT HU HU Difference HU Difference %

(1.0 HU Increase) (1.0 HU Increase) (1.0% Increase)

Model 1 * p-value 0.012 0.001 0.001
Hazard ratio 1.08 1.07 1.09

(95% CI) (1.02–1.15) (1.02–1.19) (1.02–1.15)
Model 2 † p-value 0.018 0.044 0.033

Hazard ratio 1.08 1.06 1.07
(95% CI) (1.01–1.16) (1.00–1.12) (1.01–1.14)

Model 3 ‡ p-value 0.014 0.054 0.038
Hazard ratio 1.09 1.05 1.07

(95% CI) (1.02–1.16) (1.00–1.11) (1.00–1.13)

* Adjusted for age, T stage and N stage; † Adjusted for age, T stage, N stage, estrogen receptor status, progesterone
receptor status, and Ki67 index; ‡ Adjusted for age, T stage, N stage, estrogen receptor status, progesterone receptor
status, Ki67 index, maximum standardized uptake value, and metabolic tumor volume; CI, confidence interval;
TAT HU, CT-attenuation of tumor-adjacent breast adipose tissue; HU difference, difference of CT-attenuation; HU
difference %, percent difference of CT-attenuation; HU, Hounsfield units.

For Kaplan—Meier analysis, TAT HU, HU difference, and HU difference % were categorized
into two groups according to the optimal cut-off values (−82.50 for TAT HU, 8.50 for HU difference,
and 10.00 for HU difference %) determined by receiver operating characteristic (ROC) curve analysis.
Kaplan—Meier analysis of enrolled patients stratified by TAT HU, HU difference, and HU difference %
showed significantly worse RFS in patients with high values than in those with low values (p < 0.001 for
all; Figure 3). Patients with high values of TAT HU (75.7% vs. 93.1%), HU difference (82.7% vs. 96.3%),
and HU difference % (80.0% vs. 96.8%) showed lower 5-year RFS rates than those with low values.
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Figure 3. Survival curves. Recurrence-free survival stratified by CT-attenuation of tumor-adjacent
breast adipose tissue (TAT HU) (a), difference of CT-attenuation (HU difference) (b), and percent
difference of CT-attenuation (HU difference %) (c).

While comparing recurrence rates based on the combination of T stage and TAT HU (Table 5),
patients with high TAT HU showed a higher recurrence rate than those with low TAT HU, irrespective
of T stage (5.3% vs. 0.9% for T1 stage; 34.1% vs. 12.7% for T2–T3 stage).

Table 5. Recurrence rates according to the combination of T stage and TAT HU.

TAT HU
T Stage

T1 Stage T2–T3 Stage

TAT HU <−82.50 HU
1/117 14/110
(0.9%) (12.7%)

≥−82.50 HU
1/19 14/41

(5.3%) (34.1%)
p-value 0.260 0.003

TAT HU, CT-attenuation of tumor-adjacent breast adipose tissue; HU, Hounsfield units.

3. Discussion

In the present study, CT-attenuation of tumor-adjacent breast adipose tissue and difference of
CT-attenuation between tumor-adjacent and contralateral breast adipose tissues showed significant
association with T stage, tumor characteristics, and RFS in patients with breast cancer. In previous
studies with histopathological analysis of resected breast cancer tissue, profound modifications of
phenotype and biological features were found in the adipocytes that were present at the invasive
front of the breast cancer cells [8,9]. The adipocytes in the vicinity of the breast cancer cells showed
decreased cell size and less lipid content when compared to the adipocytes that are located far away
from the breast cancer cells [8,9]. These alterations of adipocytes were reproduced in adipocytes
which were co-cultivated with cancer cells, showing less differentiated features of adipocytes with
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decreased expression of adipocyte markers such as adiponectin and resistin and increased expression
of matrix metalloproteinase 11, osteopontin, and pro-inflammatory cytokines including tumor necrosis
factor-alpha and interleukin-6 [1,8,9,21]. These modified adipocytes are now called cancer-associated
adipocytes [1,8,22]. The cancer-associated adipocytes are known to have an active bidirectional
crosstalk with cancer cells, inducing fibrotic change in adipose tissue, stimulating tumor progression
and metastasis by secreting multiple cytokines and adipokines, and releasing lipid content within the
cell to provide source of energy to cancer cells [1,3,21–23]. Previous studies with breast cancer have also
demonstrated that expressions of cancer-associated adipocytes-related protein are different according
to the subtypes of breast cancer and the interactions between tumor cells and adipocytes can contribute
to growth, proliferation, and epithelial-mesenchymal transition of breast cancer cells [23–26].

In a previous study that evaluated the correlation between CT-attenuation of adipose tissue and
histopathological results of adipose tissue collected at necropsy in non-human primates, increased
CT-attenuation of adipose tissue was significantly associated with smaller adipocytes and increased
extracellular matrix fibrosis, which corresponded to the findings in the peritumoral adipose tissue
affected by cancer cells [8,10,14]. Therefore, CT-attenuation of adipose tissue has been used as
an imaging parameter for the qualitative alterations of adipose tissue in patients with malignant
diseases [13,14]. In our study, we measured CT-attenuation in both tumor-adjacent and contralateral
breast adipose tissue and tried to find out whether CT-attenuation of tumor-adjacent breast adipose
tissue had different features compared to that of the contralateral side. The results of our study
demonstrated that increased CT-attenuation was observed in tumor-adjacent breast adipose tissue
compared to the contralateral side. Moreover, TAT HU, HU difference, and HU difference % had
a significant correlation with the T stage, hormone receptor status, and FDG PET/CT parameters
of the primary tumor, while CAT HU showed no significant association with them. These results
suggested that qualitative changes had occurred in the peritumoral adipose tissue, which has a positive
relationship with tumor aggressiveness.

Given that cancer-associated adipocytes conversely affect the growth and metastasis of cancer
cells, it could be hypothesized that CT-attenuation of adipose tissue in patients with malignant diseases
has significant prognostic significance for predicting clinical outcomes [5,7,13–15]. In previous studies,
CT-attenuations of subcutaneous and visceral adipose tissue measured in the abdomen at the level
of the lumbar spine were found to be significant predictors for disease progression-free survival
and overall survival [12–15,27]. Previous studies consistently showed that increased CT-attenuation
of adipose tissue was significantly associated with worse survival not only in malignant diseases
that have close localization with adipose tissue such as pancreatic and prostate cancers, but also in
malignant diseases that are remote from abdominal adipose tissue such as head and neck cancer and
extremity sarcoma [12–14,27]. In a broad way, breast adipose tissue might be considered as a part
of subcutaneous adipose tissue, but it permanently interacts with surrounding mammary epithelial
cells consequently having distinctive characteristics from subcutaneous adipose tissue in other body
compartments [7]. Considering that even the subcutaneous adipose tissue in remote location had
association with cancer progression [13], it is no surprise that tumor-adjacent breast adipose tissue
had significant association with cancer recurrence. The results of our study demonstrated that TAT
HU and HU difference % were independently associated with RFS event after adjusting for age,
tumor stage, ER and PR status, ki67 index, maximum SUV, and MTV, suggesting that perceiving the
qualitative characteristics of peritumoral breast adipose tissue, as well as primary tumor features, might
be of importance for predicting breast cancer recurrence after surgical resection. Furthermore, the
combination of T stage and TAT HU can further improve the stratification of recurrence risk, suggesting
that imaging features of tumor-adjacent breast adipose tissue might provide additional prognostic
value to tumor stage. Recently, adipocytes have been considered as a new attractive treatment target for
breast cancer [7,28,29]. The results of the present study might provide a clue for selecting candidates
for future therapy that targets adipocytes in breast cancer patients.
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Since the changes in the normal tissue surrounding breast cancer have drawn the attention of
researchers, several recent studies have evaluated the clinical implication of imaging findings of
tumor-adjacent breast parenchyma on magnetic resonance imaging (MRI) [30,31]. However, in the
literature, only a single study has investigated the clinical significance of tumor-adjacent breast adipose
tissue on imaging studies [16]. A previous study by Obeid et al. [16] retrospectively enrolled 63 patients
with early breast cancer and investigated the association between imaging features of peritumoral
breast adipose tissue on MRI images and axillary lymph nodal status. Similar to our study, they
defined the peritumoral region as the area which is within a 1-cm spherical extension from the tumor
contour. They generated peritumoral adipose volume using voxel intensity filtering and measured five
imaging features of peritumoral tissue: mean voxel intensity, standard deviation of voxel intensity, total
volume, fat-specific volume, and the fat ratio. Their study demonstrated that significant association
was only shown between the fat ratio of peritumoral tissue and the ratio of positive-to-total axillary
lymph nodes. On the other hand, the peritumoral fat ratio showed no significant correlation with
other histopathologic features such as tumor grade, lymphovascular invasion, extracapsular extension,
and tumor size, and the axillary lymph node status also showed no significant correlation with other
imaging features of peritumoral tissue including mean voxel intensity. Because different imaging
modalities were used in both studies, a direct comparison between our study and the previous studies
would be limited. Although both CT and MRI are accurate and effective imaging modalities for
adipose tissue measurement, each has different advantages and disadvantages [32,33]. CT is the most
well-established method for adipose tissue measurement, and HU is consistent between images on
difference scans, while CT scanning has the risk of exposure to high doses of ionizing radiation [32,33].
In contrast, adipose tissue measurements on MRI are expressed in arbitrary units that are difficult to
compare between studies and are less reproducible than CT images [32,33]. Therefore, further studies
using both CT and MRI in the same patients would be needed to compare the adipose tissue parameters
of both modalities. Furthermore, CT-attenuation of only the breast adipose tissue was measured in our
study, whereas voxel intensity of whole peritumoral breast tissue, including breast parenchyma and
adipose tissue, was measured in the aforementioned study, which could cause differences in the results
between the studies [16]. Nonetheless, our study also revealed no significant relationship between N
stage and TAT HU, suggesting that the qualitative characteristics of tumor-adjacent breast tissue might
have limited value for predicting axillary lymph node metastasis.

Recently, a dual-energy CT system has been introduced to improve tissue differentiation [34].
Using dual-energy CT, virtual non-contrast CT images can be synthesized, which could replace a
precontrast CT scan, thereby reducing radiation exposure [34]. In previous studies, CT-attenuation
values of various organs in virtual non-contrast CT images have shown close agreement with those
in true unenhanced CT images [35,36]. Therefore, future studies are needed to clarify whether
CT-attenuation of breast adipose tissue measured on virtual non-contrast CT images of dual-energy
CT also has prognostic significance in breast cancer patients, which may form an imaging protocol for
evaluating both tumor factors and tumor-adjacent breast tissue factors using a single CT scan.

There are several limitations to our study. Because the study was retrospectively performed in
a single center and only the patients who had sufficient breast adipose tissue for the image analysis
were included, selection bias is inevitable, which may limit the general application of the results of the
present study. Furthermore, having a small number of patients who experienced recurrence could affect
the results of survival analysis. Because of the retrospective nature of the study, we cannot compare the
histopathological features of tumor-adjacent adipose tissue according to the CT-attenuation. Further
studies with histopathological evaluation are needed to elucidate the mechanisms of our results. Lastly,
as the present study is the first study to measure the tumor-adjacent breast adipose tissue, there is no
established method of calculating CT-attenuation of breast adipose tissue [12,13]. A more sophisticated
method, which could properly measure CT-attenuation of tumor-adjacent breast adipose tissue even in
patients with a small amount of adipose tissue, would be helpful to confirm the association between
breast adipose tissue parameters and clinical outcomes.

220



Cancers 2019, 11, 1135

4. Materials and Methods

4.1. Study Population

This study was approved by the Institutional Review Board of Soonchunhyang University (Ethic
code: SCHCA 2019-05-023, Date: 20 March 2019), and the requirement to obtain informed consent was
waived by the board due to its retrospective nature. All procedures in this study were in accordance
with the Declaration of Helsinki. Electronic medical records of 393 female patients who had biopsy
proven invasive breast cancer and underwent pretreatment FDG PET/CT between February 2012
and December 2016 in our medical center were retrospectively reviewed. Among them, patients (1)
who were diagnosed with distant metastasis on staging examinations, (2) who were diagnosed with
ductal carcinoma in situ, (3) who had any kind of treatment before FDG PET/CT, (4) who had bilateral
breast cancers, (5) who had a previous history of breast surgery, (6) who had a previous history of
another malignancy, and (7) who were lost to follow-up within two years after the initial treatment
without event were excluded from the study, and 355 patients met the initial eligibility criteria of the
study. Of the 355 patients, 68 were excluded from the study during PET/CT image analysis due to
insufficient breast adipose tissue for analysis (n = 55) and diffuse infiltration of breast cancer lesion
(n = 13). Therefore, the remaining 287 female patients finally comprised the subjects of the study.

All enrolled patients underwent pretreatment staging examinations which consisted of blood
tests, breast ultrasonography, breast MRI, bone scintigraphy, and FDG PET/CT. The BMI for each
patient was calculated using the height and weight measured at the time of staging work-up. With
the results of staging examinations, clinical TNM stage according to the 7th Edition of the American
Joint Committee on Cancer staging system was determined for each patient. ER, PR, HER2, and Ki67
expression status were obtained from histopathological records. ER and PR positive tumors were
defined as tumors with 10% or more positively stained cells using immunohistochemistry. A HER2
positive tumor was defined as a tumor with a 3+ score on immunohistochemistry or a tumor with
gene amplification on fluorescence in situ hybridization. A tumor with 14% or more Ki67 expression
using immunohistochemistry was defined as a Ki67 positive tumor. After staging examinations, all
enrolled patients underwent curative surgical resection of breast cancer with or without neoadjuvant
chemotherapy and/or adjuvant treatment. All patients were regularly followed up at intervals of
3–6 months with blood test and imaging studies. The duration of follow-up was calculated from
the date of the initial treatment to the last date of clinical follow-up at our medical center or to the
occurrence of cancer recurrence.

4.2. Image Analysis

All patients underwent FDG PET/CT scanning from the skull base to the proximal thigh in a
supine position using a Biograph mCT 128 scanner (Siemens Healthcare, Knoxville, TN, USA) after at
least six hours fasting. One hour after intravenous injection of approximately 4.07 MBq/kg of FDG, a
non-contrast-enhanced attenuation correction CT scan was performed at 100 mA and 120 kVp with
a slice thickness of 5 mm followed by a PET scan at 1.5 min per bed position. PET images were
reconstructed using point-spread-function modeling and time-of-flight reconstruction (2 iterations and
21 subsets) with attenuation correction.

Two expert readers independently reviewed FDG PET/CT images of all patients without knowing
clinico-pathological and follow-up results. A United States Food and Drug Administration-approved
medical image viewer (OsiriX MD 10.0.3, Pixmeo, Geneva, Switzerland) was used for image analyses.
For breast adipose tissue measurement, non-contrast-enhanced CT images of FDG PET/CT were used.
A total of four parameters (TAT HU, CAT HU, HU difference, and HU difference %) were measured
from breast adipose tissue. We used a 1-cm distance from the tumor margin for defining tumor-adjacent
breast adipose tissue. A spheroid-shaped volume-of-interest (VOI) that includes the entire breast
cancer lesion and surrounding breast tissue within a 1-cm distance to the tumor margin was manually
drawn (Figure 4). Afterwards, another spheroid-shaped VOI of the same size was drawn over the
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contralateral breast tissue in the same quadrant of the breast tissue (Figure 4). A CT-attenuation range
of −200 and −50 HU was used to define breast adipose tissue within VOIs. The mean CT-attenuation
value of the area within the CT-attenuation range of breast adipose tissue was measured for each VOI
and defined as TAT HU and CAT HU. Using TAT HU and CAT HU, HU difference and HU difference %
were calculated as follows: (HU difference) = (TAT HU) − (CAT HU) while (HU difference %) = ((CAT
HU) − (TAT HU))/(CAT HU) × 100. Using FDG PET images, we measured two metabolic parameters
of primary breast cancer lesion, maximum SUV and MTV. A spheroid-shaped VOI was drawn over the
primary cancer lesion on fused PET/CT images including the whole tumor lesion. The maximum SUV
of the primary breast cancer lesion was measured. A total volume of voxels that had SUV of 2.50 or
greater within VOI was measured and defined as MTV of primary cancer lesion.

 

Figure 4. Measurement example of CT-attenuation of tumor-adjacent breast adipose tissue and
contralateral breast adipose tissue. A 62-year-old woman underwent FDG PET/CT for staging work-up
of right breast cancer, histopathologically confirmed as invasive ductal carcinoma. A mass lesion with
intensely increased FDG uptake is observed in outer aspect of right breast, (a,b), showing maximum
SUV of 8.44. A spheroid-shaped volume-of-interest that includes peritumoral breast tissue within
a 1-cm distance from the tumor margin was manually drawn over the ipsilateral breast tissue, (c,d).
Another spheroid-shaped volume-of-interest of the same size was drawn over the contralateral breast
tissue in the same quadrant of the breast, (c,d). Within the volume-of-interests drawn in bilateral breast
tissues, the area of breast adipose tissue defined as an area with CT-attenuation range between −200
and −50 HU was automatically delineated. Mean CT-attenuation value of breast adipose tissue was
measured for each VOI (c): −92.463 HU for tumor-adjacent breast adipose tissue and −108.743 for
contralateral breast adipose tissue.

4.3. Statistical Analysis

To assess the reproducibility of measurement of TAT HU and CAT HU between the two readers,
concordance correlation coefficients for TAT HU and CAT HU were calculated. Paired t test was
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performed to assess the difference between TAT HU and CAT HU. A Student’s t test and Kruskal—Wallis
test were performed to compare the differences in four breast adipose tissue parameters between
groups. After performing the normality test, Spearman rank correlation coefficients were calculated
for the breast adipose tissue parameters with regard to BMI and maximum SUV and MTV of the
primary breast cancer lesion. The primary endpoint of the present study was RFS. Univariate and
multivariate survival analyses using the Cox proportional hazards regression model were performed
to assess the association between variables and RFS. Of the four breast adipose tissue parameters,
those with a p-value of less than 0.10 in univariate analysis were included in multivariate analysis.
In the multivariate analysis of breast adipose tissue parameters, three different models with eight
different covariates (age, T stage, N stage, ER status, PR status, Ki67 index, maximum SUV, and MTV)
were constructed. The significances of the association between breast adipose tissue parameters and
RFS were evaluated after adjusting for these eight covariates. For breast adipose tissue parameters
that showed statistical significance in univariate survival analysis, the optimal cut-off values were
determined using ROC curve analysis, and survival curves for RFS according to the cut-off values were
estimated using the Kaplan—Meier method. All statistical analyses were performed using MedCalc
Statistical Software version 19.0.3 (MedCalc Software bvba, Ostend, Belgium). A p-value of <0.05 was
considered statistically significant.

5. Conclusions

TAT HU and HU difference % were independent predictors for RFS in patients with breast cancer,
suggesting that qualitative alterations of tumor-adjacent breast adipose tissue may have significant
association with tumor recurrence. TAT HU and HU difference % had a significant relationship with
T stage and hormone receptor status of breast cancer, and patients with increased CT-attenuation of
peritumoral adipose tissue had worse survival. Although further studies are warranted to confirm the
results, the results of our study seem to support the close interaction between breast cancer cells and
tumor-adjacent adipocytes observed with imaging studies.
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Abstract: Recent progress in breast cancer research has led to the identification of Vascular Cell
Adhesion Molecule-1 (VCAM-1) as a key actor of metastatic colonization. VCAM-1 promotes
lung-metastases and is associated with clinical early recurrence and poor outcome in triple negative
breast cancer (TNBC). Our objective was to perform the in vivo imaging of VCAM-1 in mice models
of TNBC. The Cancer Genomic Atlas (TCGA) database was analyzed to evaluate the prognostic role
of VCAM-1 in TNBC. MDA-MB-231 (VCAM-1+) and control HCC70 (VCAM-1-) TNBC cells were
subcutaneously xenografted in mice and VCAM-1 expression was assessed in vivo by single-photon
emission computed tomography (SPECT) imaging using 99mTc-cAbVCAM1-5. Then, MDA-MB-231
cells were intravenously injected in mice and VCAM-1 expression in lung metastasis was assessed
by SPECT imaging after 8 weeks. TCGA analysis showed that VCAM-1 is associated with a poor
prognosis in TNBC patients. In subcutaneous tumor models, 99mTc-cAbVCAM1-5 uptake was 2-fold
higher in MDA-MB-231 than in HCC70 (p < 0.01), and 4-fold higher than that of the irrelevant control
(p < 0.01). Moreover, 99mTc-cAbVCAM1-5 uptake in MDA-MB-231 lung metastases was also higher
than that of 99mTc-Ctl (p < 0.05). 99mTc-cAbVCAM1-5 is therefore a suitable tool to evaluate the role of
VCAM-1 as a marker of tumor aggressiveness of TNBC.

Keywords: triple negative breast cancer; VCAM-1; SPECT imaging; sdAbs

1. Introduction

Breast cancer (BC) is the most common female malignancy, accounting for more than 30% of
all malignant tumors in women [1]. Breast cancer is a heterogeneous disease consisting of various
subtypes with distinct molecular and pathological profiles [2,3]. Triple Negative Breast Cancer (TNBC)
subtypes represent 10% to 20% of BC and are characterized by the lack of progesterone receptor,
estrogen receptor and human epidermal growth factor receptor 2 expression [4]. TNBC are mostly

Cancers 2019, 11, 1039; doi:10.3390/cancers11071039 www.mdpi.com/journal/cancers227
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associated with poor clinical outcome and high rate of metastasis and relapse following treatment [5,6].
Lung, bones, brain and liver are the most common sites of distant metastasis. Despite intense clinical
research efforts, only limited advances have been obtained in the management of BC metastases.

Recent studies have led to the identification of new genes and mechanisms that mediate metastatic
colonization [7]. Among them, Vascular Cell Adhesion Molecule-1 (VCAM-1) plays a key role in BC
progression and metastatic processes [8,9]. VCAM-1 belongs to the immunoglobulin super family
group of adhesion molecules. It is a 110 kDa glycoprotein mainly expressed at the endothelial cells
surface during inflammation, but also by macrophages and dendritic cells [10]. The ability of VCAM-1
expressed by endothelial cells to bind tumor cells suggest that it could contribute to metastatic spread.
Indeed, VCAM-1 expression on endothelial cells plays a key role in angiogenesis, in tumor cell
transmigration, and therefore promotes tumor development and dissemination of tumor cells [11].

In the last few years, a growing interest into VCAM-1 expression on tumor cells has emerged.
In BC, the overexpression of VCAM-1 on tumor cells correlates with early relapse and poor
patient outcome [12,13]. The direct interaction of VCAM-1 with its ligand Very-Late Antigen -4
(VLA-4) expressed on leukocytes allows tumor cell survival in lungs and consequently lung
metastasis [14]. Moreover, VCAM-1 is involved in the transition from dormant micro-metastases to
overt macro-metastases in bones, a turning point in BC progression [13,15]. Inhibition of the VCAM-1
and VLA-4 interaction impairs bone metastasis progression and lung colonization [13,14,16]. VCAM-1
is also involved into chemoresistance and tumor immune escape [17–19]. Therefore, VCAM-1 is a key
player with multiple functionalities in directing the metastatic spread. VCAM-1 expression could be
induced by pro-inflammatory cytokines, such as Tumor Necrosis Factor-α (TNF-α), IL-1 or IL-6, major
mediators of tumor progression [19].

To assess the role of VCAM-1 in the metastatic phenotype of BC, nuclear imaging may represent a
powerful tool. We recently developed a single domain antibody (sdAb)-based radiotracer targeting
VCAM-1 called 99mTechnetium-cAbVCAM1-5 (99mTc-cAbVCAM1-5), which is ongoing clinical transfer
for detection of inflamed atherosclerosis lesions [20,21]. The aim of the present study was to assess
VCAM-1 expression using 99mTc-cAbVCAM1-5 in subcutaneous and lung metastasis mice models
of TNBC.

2. Results

2.1. VCAM-1 Is Overexpressed in TNBC and Associated with Decreased OS

980 breast cancer patients of The Cancer Genomic Atlas (TCGA) were analyzed for VCAM-1
mRNA levels and subsequent overall survival (OS) follow-up (Figure 1). VCAM-1 expression was
higher in TNBC (n = 114) as compared to non-TNBC patients (n = 866) (p < 0.001, Figure 1A). High
VCAM-1 expression was associated with decreased OS in TNBC but not in non-TNBC patients
(respectively p = 0.035 and p = 0.6886, Figure 1B,C). TNF-α mRNA expression is overexpressed in
TNBC as compared to non-TNBC patients (p < 0.001, Figure 1A).

2.2. MDA-MB-231 Cells Overexpress VCAM-1 mRNA and Protein

The expression of VCAM-1 was first assessed on two TNBC cell lines. VCAM-1 mRNA levels were
undetectable at the basal level or following TNF-α stimulation in HCC70 cells. However, MDA-MB-231
cells expressed VCAM-1 mRNA basal levels. They were induced by a 3.5-fold upon TNF-α stimulation
(1.0 ± 0.1 vs. 3.5 ± 1.3, p < 0.05, Figure 2A). Consistently, VCAM-1 protein was undetectable in HCC70
cells whereas MDA-MB-231 expressed basal VCAM-1 protein levels and TNF-α induced a 3.5-fold
increase of these basal levels (Figure 2B,C, Figure S1).
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Figure 1. VCAM-1 is overexpressed in Triple-Negative Breast Cancer (TNBC) and associated with a
decrease of overall survival. (A) Expression of VCAM-1 and TNF-α in TNBC and Non-TNBC were
compared in TCGA datasets for breast cancer. Values represent the z scores for log2-transformed
normalized RNA-seq read counts. (B,C) Kaplan-Meier analysis of OS of TNBC (B) and Non-TNBC
(C) patients. OS (months) were calculated from patient subgroups with VCAM-1 mRNA levels that
were less or greater than the median value. Statistical significance (p-value) is indicated. *** p < 0.001.
Nb: Number.

Figure 2. MDA-MB-231 cells overexpress VCAM-1 mRNA and protein upon TNF-α stimulation.
MDA-MB-231 and HCC70 cells were treated or not for 18 h with TNF-α (50 ng/mL) and VCAM-1
expression was assessed by RT-qPCR (A) and WB (B). (C) Bands of WB were quantified using ImageJ
software. (D) 99mTc-AbVCAM1-5 binding was performed on MDA-MB-231 cells stimulated or not
with TNF-α, in the presence or absence of a 100-fold excess of unlabeled cAbVCAM1-5. Unspecific
binding was estimated by 99mTc-AbVCAM1-5 incubation on HCC70 cells. Results are expressed in
fold-change vs. untreated and unstimulated MDA-MB-231 N = 6 per condition. * p < 0.05; ** p < 0.01;
*** p < 0.001; ND, not detected.
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2.3. 99mTc-cAbVCAM1-5 Binds Specifically to VCAM-1 Expressing TNBC Cells

Unlabeled cAbVCAM1-5 bound to VCAM-1-positive MDA-MB-231 but not to VCAM-1-negative
HCC70 cells (Figure S2). 99mTc-cAbVCAM1-5 affinity was evaluated on both mouse and human
recombinant protein and found to be in the nanomolar range scale (Kd = 12.5 ± 3.6 nM for mVCAM-1
and 36.3 ± 7.0 nM for hVCAM-1) (Figure S3). To further demonstrate the specificity of the binding on
MDA-MB-231 cells, in vitro competition studies were then performed to determine the ability of the
radiolabeled 99mTc-cAbVCAM1-5 to bind specifically to MDA-MB-231 (Figure 2D). 99mTc-cAbVCAM1-5
binding to TNF- α stimulated cells was 5-fold higher than to unstimulated cells (5.8 ± 2.6 vs. 1.0 ± 0.2,
respectively, p < 0.001). Moreover, the addition of an excess of unlabeled cAbVCAM1-5 significantly
decreased 99mTc-cAbVCAM1-5 binding on unstimulated and on stimulated MDA-MB-231 cells by 42%
(p < 0.01) and 90% (p < 0.001), respectively. These results demonstrated that 99mTc-cAbVCAM1-5 binds
specifically to VCAM-1 expressing cells.

2.4. SPECT/CT Imaging of VCAM-1 in Subcutaneous Tumor Model

99mTc-cAbVCAM1-5 potential to perform in vivo imaging of VCAM-1-expressing tumors was
then evaluated. Whole-body SPECT/CT images of mice subcutaneously implanted with MDA-MB-231
and HCC70 tumors are presented in Figure 3A and in Figure S4. 99mTc-cAbVCAM1-5 uptake was
readily detectable in MDA-MB-231 tumors, whereas a weak signal was detectable from HCC70 tumor
and from MDA-MB-231 or HCC70 tumors using the irrelevant 99mTc-Ctl (Figure 3A). Quantification of
SPECT images confirmed that 99mTc-cAbVCAM1-5 uptake in MDA-MB-231 tumors (1.7 ± 0.5% ID/cm3)
was significantly higher than in HCC70 tumors (0.9 ± 0.2% ID/cm3, p < 0.01), whereas 99mTc-Ctl uptake
was similar in HCC70 and in MDA-MB-231 tumors (0.6 ± 0.1 vs. 0.6 ± 0.2% ID/cm3, respectively)
(Figure 3B) and significantly lower than 99mTc-cAbVCAM1-5 tumor uptake in MDA-MB-231 (p < 0.01)
and HCC70 tumors (p < 0.05). The biodistribution of 99mTc-cAbVCAM1-5 and 99mTc-Ctl determined
ex vivo by gamma-well counting was in accordance with that obtained following SPECT image
quantification, thereby demonstrating the accuracy of the method (Figure 3C and Figure S5). Specific
99mTc-cAbVCAM1-5 uptake in lymphoid organs was observed which was consistent with VCAM-1
expression (Table S1).

2.5. Ex Vivo Assessment of VCAM-1 Expression in Subcutaneous Tumors

Since VCAM-1 is also involved in inflammatory and angiogenic processes, we next determined
which part of its expression was attributable to tumor cells (human VCAM-1), or to the inflammatory
and endothelial cells (mouse VCAM-1) using RT-qPCR (Figure 4). Consistently with in vitro results,
hVCAM-1 mRNA was expressed by MDA-MD-231 but was not detectable in HCC70 tumors. Moreover,
hVCAM-1 expression was nearly 4-fold higher than that of mVCAM-1 in MDA-MB-231 xenograft
tumors (p < 0.001), suggesting that the hVCAM-1 expression by tumor cells was the predominant
form present in MDA-MB-231 subcutaneous xenografts. Interestingly, no significant difference was
observed in mVCAM-1 mRNA expression between HCC70 and MDA-MB-231 tumors (1.6 ± 1.0
vs. 1.0 ± 0.1). This results strongly suggests that the signal obtained on SPECT/CT images reflects
VCAM-1-expressing tumor cells.

2.6. SPECT/CT Imaging of VCAM-1 in an Experimental Metastasis Model

Because VCAM-1 is involved in lung colonization we next investigated the ability of
99mTc-cAbVCAM1-5 to perform its imaging in an experimental metastasis model. Representative
SPECT/CT images are presented in Figure 5A and in Figure S6.
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Figure 3. In vivo biodistribution of 99mTc-cAbVCAM1-5 in mice bearing HCC70 and MDA-MB-231
tumor xenografts. (A) Representative coronal and transversal views of fused SPECT/CT images of
HCC70 (right hind limb, white arrow) and MDA-MB-231 (left hind limb, yellow arrow) tumor-bearing
mice at 1 h after i.v injection of 99mTc-cAbVCA1M-5 or 99mTc-Ctl. (B) In vivo quantification of
99mTc-cAbVCAM1-5 and 99mTc-Ctl tumor uptake from SPECT images. (C) Ex vivo quantification of
99mTc-cAbVCAM1-5 and 99mTc-Ctl tumor uptake from post-mortem biodistribution studies. Results
were expressed as % ID/cm3 (imaging) and % ID/g (ex vivo) of tumor. Statistics: * p < 0.05, ** p < 0.01
vs. 99mTc-Ctl; ## p < 0.01 vs. HCC70.

Figure 4. Ex vivo assessment of VCAM-1 expression by RT-qPCR. 50 mg of MDA-MB-231 and
HCC70 xenografts were harvested and tested for human and mice VCAM-1 expression by RT-qPCR.
*** p < 0.001 vs. MDA-MB-231 mVCAM-1.

99mTc-cAbVCAM1-5 lung uptake was readily observable, whereas a weak signal was obtained
with 99mTc-Ctl (Figure 5A). Quantification of SPECT/CT images confirmed that the lung uptake was
2.5-fold higher with 99mTc-cAbVCAM1-5 than 99mTc-Ctl (1.7 ± 0.4 vs. 0.7 ± 0.1% ID/cm3, p < 0.05,
Figure 5B). When performing image quantification of pulmonary activity, the volume of interest contains
a mixture of tissue and air, thereby leading to an underestimation of the uptake. 99mTc-cAbVCAM1-5
lung uptake was therefore further evaluated using ex vivo gamma-well counting (Figure 5C) and
autoradiography (Figure 6A,B). Using these two technics, 99mTc-cAbVCAM1-5 uptake was found to
represent ~3% ID/g and 4–5 fold-higher value than that obtained with 99mTc- Ctl (p < 0.05 for both
technics). 99mTc-cAbVCAM1-5 uptake was also evaluated in lung-metastasis free mice and found to be
3-fold lower than lung-metastasis bearing mice (p < 0.05, Figure S7).
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Figure 5. In vivo biodistribution of 99mTc-cAbVCAM1-5 in a pulmonary experimental metastasis
model. (A) Representative coronal and transversal views of fused SPECT/CT images of MDA-MB-231
lung metastases at 1 h after i.v. injection of 99mTc-cAbVCAM1-5 or 99mTc-Ctl. (B) In vivo quantification
of 99mTc-cAbVCAM1-5 and 99mTc-Ctl lung uptake from SPECT images. (C) Ex vivo quantification of
99mTc-cAbVCAM1-5 and 99mTc-Ctl lung uptake from post-mortem biodistribution studies. Results
were expressed as % ID/cm3 (imaging) and % ID/g (ex vivo) of tumor. Statistics: * p < 0.05 vs. 99mTc-Ctl.

Figure 6. Ex vivo assessment of 99mTc-cAbVCAM1-5 uptake in metastatic nodules and assessment
of VCAM-1 expression by RT-qPCR. (A) Autoradiography on 20 μm metastasis-containing lung
slices. (B) Autoradiographic image quantification of 99mTc-cAbVCAM1-5 and 99mTc-Ctl uptake in
MDA-MB-231 metastatic nodules. * p < 0.05 vs. 99mTc-Ctl. (C) 50 mg of lung containing metastases
(MDA-MB-231) were harvested and tested for human and mice VCAM-1 expression by RT-qPCR.
*** p < 0.001 vs. MDA-MB-231 mVCAM-1.
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2.7. Ex Vivo Assessment of VCAM-1 Expression in the Experimental Metastasis Model

As in the subcutaneous xenograft study, VCAM-1 lung expression was assessed by RT-qPCR
(Figure 6C). Both mVCAM-1 and hVCAM-1 mRNA were expressed, with the predominant expression
of hVCAM-1 in tumors. Indeed, hVCAM-1 was nearly 3-fold more expressed than mVCAM-1 (2.8 ± 1.1
vs. 1.0 ± 0.1, p < 0.001). This results strongly suggests that the 99mTc-cAbVCAM1-5 imaging reflects
VCAM-1 tumor cells expression in this model.

3. Discussion

Despite major advances in fundamental knowledge and therapeutic opportunities, BC remains
the leading form of malignancy among women [1]. If the 5-year relative survival of BC is almost 100%
when the cancer is restricted to the breast, the prognosis of patients with metastatic BC is unfavorable
with a 5-year survival rate of 25% [22]. Moreover, among women initially diagnosed without metastasis,
20 to 25% will develop a metastatic disease in the next 5 years [23]. Despite intense clinical research
efforts, there is still a strong need for novel molecular target and therapies to improve management of
BC metastases [24]. The identification of genes and mechanisms involved in metastatic processes and
the development of effective treatments against metastatic BC are outstanding challenges in current
experimental and clinical research. In the past few years, growing interest into tumorigenicity and
metastatic processes has led to the identification of VCAM-1 as a key actor for tumor growth, metastasis
and angiogenesis [25].

In BC, VCAM-1 expression on tumor cells is an important actor for metastatic colonization
of lungs and bones [9]. In the lungs VCAM-1 binds to α4β1 integrin expressed on macrophages
triggering the activation of the PI3K/Akt survival pathway in cancer cells [14]. In bone, VCAM-1
expressing tumor cells binds to α4β1 integrin-expressing osteoclast progenitors to mediate osteolytic
metastasis [13]. Moreover, VCAM-1 expression seems to be correlated to poor outcome in BC [12].
The results provided by the TCGA analysis showed that VCAM-1 is overexpressed in TNBC in
comparison to Non-TNBC. Moreover, VCAM-1 expression is associated with a poor prognosis only
in TNBC patients. In addition to BC, VCAM-1 increased expression has also been described in other
cancer types such as glioblastoma, gastric and ovarian cancer. In these cancers, VCAM-1 expression
correlated with the tumor grade [26–28]. Considering the role of VCAM-1 in directing the metastatic
spread, VCAM-1 imaging agents could be used to (1) understand the biological role of VCAM-1 in
metastatic processes and (2) to evaluate the prognostic value of VCAM-1 expression in clinical practice.
Therefore, radiotracers have been developed for VCAM-1 imaging in tumors [29,30].

Our group recently developed 99mTc-cAbVCAM1-5, a radiotracer targeting VCAM-1 which is
ongoing clinical transfer for the detection of inflamed atherosclerotic lesions [20,21,31]. The purpose of
the present study was to evaluate this new tool for the pre-clinical nuclear imaging of VCAM-1 in TNBC.
Two TNBC cell lines were employed, MDA-MB-231 and HCC70. The MDA-MB-231 cell line is highly
metastatic whereas few results were available on HCC70. In vitro experiments demonstrated that
MDA-MB-231 expressed hVCAM-1 mRNA and protein, and that expression was increased after TNF-α
stimulation which is consistent with previous studies [19]. TNF-α is a key activator of VCAM-1 through
NF-κB signaling [32]. A bundle of evidences links TNF-α and NF-κB pathway to tumor survival,
growth and invasion [33,34]. The results provided by the TCGA showed higher TNF-α expression in
TNBC in comparison to Non-TNBC tumors. These results suggest that the TNF-α/VCAM-1 axis is a
relevant target in TNBC. As demonstrated by in vitro competition studies, the 99mTc-cAbVCAM1-5
tracer specifically binds human VCAM-1. Using this imaging agent, subcutaneous MDA-MB-231
tumors were successfully visualized by SPECT/CT imaging, whereas significantly lower signals
were found in HCC70 tumors (which do not express hVCAM-1 mRNA and protein) or using the
negative irrelevant control sdAb, thereby indicating that the signal was specific and predominantly
attributable to tumor cell expressing VCAM-1 rather than murine endothelial or inflammatory cells.
These results were in agreement with the level of murine and human VCAM-1 mRNA determined
in tumor biopsies by RT-qPCR. Additional studies are however warranted in order to investigate if,
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similarly to that has been observed in vitro, in vivo hVCAM-1 expression in MDA-MB-231 tumor cells
can be increased by TNF-α or other cytokines present in the microenvironment, leading to increased
99mTc-cAbVCAM1-5 uptake.

Therefore, 99mTc-cAbVCAM1-5 is a validated tool to investigate the role of VCAM-1 in metastatic
processes. However our results support that using VCAM-1 as a tumor inflammatory marker should
be carefully considered due to the potential expression of VCAM-1 by tumor cells themselves.

Because of VCAM-1 is aberrantly expressed in BC cells and mediates lung metastasis,
99mTc-cAbVCAM1-5 imaging was further studied in an experimental lung metastasis model with
MDA-MB-231 cells. According to SPECT/CT quantifications, 99mTc-cAbVCAM1-5 lung uptake
was 3-fold higher than that of 99mTc-Ctl whereas it was found to be 5-fold higher by ex vivo
gamma-well counting. This difference can be attributed to the fact that when performing in vivo lung
imaging quantification, the volume of interest contains a mixture of tissue and air, thereby leading to
underestimation of the uptake.

Autoradiography further confirmed that 99mTc-cAbVCAM1-5 uptake was localized in metastatic
nodules, and RT-qPCR showed that, in the whole lung, hVCAM-1 expression was found to be 3-fold
higher than mVCAM-1 indicating that 99mTc-cAbVCAM1-5 uptake highlights presence of tumor cells
rather than inflammatory processes. This result is consistent with a previous study demonstrating
VCAM-1 tumor expression rather than endothelial cells one in lung metastasis of BC patients [14].
99mTc-cAbVCAM-1 is therefore a validate tool to study the prognostic value of VCAM-1 in the
metastatic disease.

Other VCAM-1-targeting radiotracers have been developed. 99mTc-cAbVCAM1-5 tumor uptake
was comparable to that obtained by Scalici et al. using 111In-tVCAM-4, an indium-111 labeled
peptide targeting VCAM-1 [30]. Indeed, in an experimental mouse model of metastatic ovarian cancer,
111In-tVCAM-4 uptake in tumor was of ~2% ID/g at 4 h post-injection. Using a 68Ga-labeled Single Chain
Variable Fragment, Zhang et al. obtained a ~5% ID/g tumor uptake in a mouse model of melanoma.
Nevertheless, due to the fast blood clearance of sdAbs-based imaging agents, 99mTc-cAbVCAM1-5
tumor-to-blood ratio (5 at 2 h) favorably compared to that of this imaging agent (2 at 3 h) [29].

4. Materials and Methods

4.1. Patients—Online Data

Normalized RNA sequencing (RNA-Seq) data of The Cancer Genome Atlas (TCGA) were
downloaded from cBioportal (Breast Invasive Carcinoma—TCGA Provisional; RNA-Seq V2) [35]. Data
were available for 980 BC tumor samples (866 Non-TNBC and 114 TNBC). The results published here
are based upon data generated by the TCGA Research Network [36,37].

4.2. Cell Lines and Culture Conditions

MDA-MB-231 cells were cultured with Dulbecco’s Modified Eagle’s Medium supplemented
with 10% fetal bovine serum and 1% penicillin-streptomycin. HCC70 cells were cultured using
Roswell Park Memorial Institute-1640 medium, supplemented with 10% fetal bovine serum and
1% penicillin-streptomycin.

4.3. RT-qPCR Assay

HCC70 and MDA-MB-231 cells were stimulated or not with Tumor Necrosis Factor-α (TNF-α,
50 ng/mL, Peprotech®, Rocky Hill, NJ, USA) for 18 h. Cell lysis and extraction of total RNA
from cell lines were performed using PureLinkTM RNA Mini Kit (ThermoFisher Scientific, Illkirch,
France) according to the manufacturer’s protocol. Reverse transcription (RT) was performed
using an iScript Reverse transcription kit (iScript RT supermix; BioRad, Hercules, CA, USA).
The reaction mixtures were incubated at 25 ◦C for 5 min, 46 ◦C for 20 min, 95 ◦C for 1 min and
held at 4 ◦C. For the assessment of VCAM-1 expression in xenograft tumors and in metastatic
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nodules, 20–50 mg of tissue was ground (PureLinkTM RNA Mini Kit; ThermoFisher Scientific),
and the same protocol as for the in vitro assay was applied. Quantitative Polymerase Chain
Reaction (qPCR) was performed on the resulting cDNA with the Fast SYBR Green Master Mix
(ThermoFisher Scientific, Illkirch, France), using a Real Time PCR system (Applied Biosystem
StepOne Plus; ThermoFisher Scientific). The primer sequences were as follows: human
VCAM-1 (hVCAM-1) Forward, 5′-AGTTGAAGGATGCGGGAGTA-3′, Reverse 5′-ACCCCTTCAT
GTTGGCTTTTC-3′; murine VCAM-1 (mVCAM-1) Forward, 5′- GCCACCCTCACCTTAATTGC -3′,
Reverse 5′- TCAGAACAACCGAATCCCCA-3’. The expression levels of mRNAs were normalized
to the endogenous control actin, and were calculated with the formula 2−ΔΔCT. The primer sequence
for actin was as follows: Forward, 5′-CTCCTGAGCGCAAGTACTCC-3′, Reverse 5′-TGTTTTCT
GCGCAAGTTAGG-3′.

4.4. Western Blot Assay

HCC70 and MDA-MB-231 cells were treated or not with TNF-α (50 ng/mL) for 18 h. Total
proteins were extracted with RIPA buffer. Proteins were separated by 7.5% denaturing SDS-PAGE and
transferred onto a nitrocellulose membrane. The membrane was incubated with the anti-VCAM-1
antibody (1/2000; Rabbit anti-VCAM-1, ab134047 Abcam®, Cambridge, UK). As a loading control,
the membrane was probed with an anti-β-actin antibody (1/10,000; Beckton Dickinson). Revelation
was assessed using the chemiluminescence ECL kit (BioRad). Bands were quantified by densitometry
using ImageJ software.

4.5. Flow Cytometry

MDA-MB-231 and HCC70 cells (200.000) treated or not with TNF-α (50 ng/mL) for 18 h were
collected and washed with phosphate buffered saline solution (PBS). Cells were incubated with
cAbVCAM1-5 (10μg/mL) and then with an anti-poly histidine antibody (anti-6x His tag antibody, ab9108
Abcam), followed by a AlexaFluor®488-anti-Rabbit-IgG (Goat anti-Rabbit IgG H&L, AlexaFluor®488,
ab150077 Abcam). Binding was measured on a FACS Accuri C6 analyzer (BD Biosciences, San Jose,
CA, USA). Background fluorescence was determined by measuring the fluorescent signal from cells
stained with the irrelevant control sdAb.

4.6. Saturation Binding Experiments and In Vitro Competition Studies

Saturation binding experiments was determined on 96-well plates coated with mouse or human
recombinant VCAM-1 protein (100 ng/well; R&D Systems, Minneapolis, MN, USA). Serial diluations
of 99mTc-cAbVCAM1-5 were incubated for 1 h at room temperature before being washed 5 times with
PBS-polysorbate 0.1%. The radioactivity in each well was then determined using a γ-counter (Wizard2;
Perkin Elmer, Courtaboeuf, France) and corrected for unspecific binding. Binding curves were fitted
using a non linear regression equation (specific binding: y = Bmax × x/(KD + x), with x being the
radioligand concentration, KD being the dissociation constant, and Bmax being the maximum number
of binding sites, or receptor density) (GraphPad Prism, version 6, software, San Diego, CA, USA),
to determine KD values.

For in vitro competition studies, 12,000 HCC70 and MDA-MB-231 cells were coated in 96-well
plates (StripwellTM Plate, Corning®, Corning, NY, USA) in their respective culture medium. After 24 h,
cells were treated with 50 ng/mL of TNF-α for 18 h. Then, cells were rinsed with PBS and fixed
with paraformaldehyde (PFA) 4% for 10 min. Following 1 h of saturation with PBS-BSA 1%, cells
were incubated with 30 nM of 99mTc-cAbVCAM1-5 in the absence or presence of a 100-fold excess of
unlabeled cAbVCAM1-5 at room temperature for 1 h before being washed 5 times with PBS-Tween
0.05%. Bound activity was determined using a gamma-counter (Wizard2, Perkin Elmer) and results
were corrected from nonspecific binding determined on HCC70 cells.
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4.7. Tumor Models

All animal procedures conformed to French government guidelines (Articles R214-87 to R214-126;
European directive 2010/63/UE). They were performed in an approved facility (C385161 0005) under
permit APAFIS#3690-2016011916045217 v4 and APAFIS#8683-2017012611031820 v3 from the French
Ministry of Research. To evaluate 99mTc-cAbVCAM1-5 biodistribution and tumor uptake, 12 female
BALB/c nu/nu mice (5 weeks old) were subcutaneously inoculated into the left flank with MDA-MB-231
(3 × 106) and into the right flank with HCC70 (3 × 106), in a 2:1 PBS/Matrigel® (Corning) mixture.
The tumors were allowed to grow for 3 weeks to reach ~150–200 mm3. For the experimental
metastasis model, 9 female C.B17 SCID (Severe Combined ImmunoDeficient) mice (5 weeks old) were
intravenously injected with MDA-MB-231 cells (1 M in 150 μL) in PBS. Eight weeks later, SPECT/CT
imaging and biodistribution studies were performed.

4.8. SPECT/CT Imaging

For the subcutaneous xenograft study, mice were divided in 2 groups: tumor bearing mice injected
with (i) the human/mouse cross-reactive sdAb 99mTc-cAbVCAM1-5 (n = 6) or (ii) with the irrelevant
control sdAb, 99mTc-Ctl (n = 6). The previously described BcII10a control sdAb was used in this study
(20). SPECT/CT acquisitions were performed 1 hour after intravenous injection of 57.6 ± 9.8 MBq of
99mTc-cAbVCAM1-5 or 99mTc-Ctl. The cAbVCAM1-5 and control sdAbs were radiolabeled as previously
described using the tricarbonyl method [20]. Whole body SPECT/CT acquisitions were performed using
a dedicated system (nanoSPECT-CT; Mediso, Budapest, Hungary). For the experimental metastasis
study, mice were injected with 61.9 ± 16.2 MBq of 99mTc-cAbVCAM1-5 (n = 5) or the irrelevant 99mTc-Ctl
(n = 4). Biodistributions were also performed on healthy mice (n = 4). SPECT/CT acquisition was
centered on the thoracic region. CT and SPECT acquisitions were reconstructed and fused using
Nucline software (Mediso), and SPECT quantification based on CT was performed using VivoQuantTM

(InviCRO, Boston, MA, USA). For the xenograft tumor model, a 50 mm3 sphere was drawn at the
center of the tumor on the basis of the CT image. For the metastasis assay, total quantification of
pulmonary tracer uptake based on the CT image was performed. 99mTc-sdAbs activity was expressed
as a percentage of the injected dose per cm3 (% ID/cm3).

4.9. Post-Mortem Analysis

Two hours after injection and immediately following SPECT/CT image acquisitions, anesthetized
mice were euthanized using CO2 and tumors (either subcutaneous or the whole lungs with metastasis)
were harvested along with other organs. Samples were weighed and their radioactivity determined
with a γ-counter (Wizard2, PerkinElmer, Courtaboeuf, France). Results were corrected for decay,
injected dose and organ weight and expressed as % ID/g. Subcutaneous tumors were then immediately
frozen in −40 ◦C isopentane, whereas metastatic lungs were inflated with a 1:1 mixture of PBS/Optimal
Cutting Temperature prior being frozen. In order to investigate whether the VCAM-1 expression
status determined in vitro on HCC70 and MDA-MB-231 cells was preserved in vivo, RT-qPCR was
performed on HCC70 and MDA-MB-231 subcutaneous tumor slices and tissue samples. Moreover, due
to the fact that ex vivo counting on lung with metastases reflects a mixture of healthy tissue and tumor
uptake, lung autoradiography was performed to precisely evaluate the tumor uptake. To that purpose,
20 μm-thick lung slices, together with reference organs of known activities, were exposed overnight
on an autoradiographic film which was then scanned using a phosphoimager (Fujifilm BAS-5000,
FUJIFILM, Montigny, France). Slices were then stained with hematoxylin-eosin and regions of interest
were delineated on tumor nodules, thereby allowing the quantification of 99mTc-cAbVCAM1-5 or
99mTc-Ctl uptake as a percentage of injected dose per gram (% ID/g).
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4.10. Statistics

For the in vitro and mice experiments: Data were expressed as mean ± standard deviation
and analyzed using an unpaired Mann Whitney test for inter group analysis. Significance of linear
correlations was assessed with a Pearson’s test. p values < 0.05 were considered significant. Data were
analyzed with Prism 7.0 (GraphPad Software).

For patients: The Student’s t-test was used to compare continuous variables. Overall survival
(OS) was defined as the time between surgery and the date of death from any cause. The Kaplan-Meier
method was used to produce survival curves and analyses of censored data were performed using Cox
models. Data were analyzed with Prism 7.0 (GraphPad Software).

5. Conclusions

In the two mouse models of TNBC, SPECT imaging of VCAM-1 was successfully performed
and the signal originated from the tumor was found to reflect hVCAM-1 expression by cancer cells
rather than mVCAM-1 expression by the tumor stroma. 99mTc-cAbVCAM1-5 can therefore be used as
a preclinical tool to evaluate the role of VCAM-1 expression by tumor cells in tumor development and
metastasis. In clinical practice, VCAM-1 expression has been reported to be correlated with poorer
outcome in TNBC but also in other cancer type such as glioblastoma and ovarian cancer, and VCAM-1
imaging has been proposed as a tool for the assessment of tumor aggressiveness. Further studies
will however be necessary to evaluate the prognostic value of 99mTc-cAbVCAM1-5 tumor imaging in
clinical practice.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-6694/11/7/1039/
s1, Figure S1: MDA-MB-231 cells overexpress VCAM-1 protein upon TNF-α. Table S1: Biodistribution of
99mTc-cAbVCAM1-5 in athymic nude mice bearing HCC70 and MDA-MB-231 xenografts. Figure S2: cAbVCAM1-5
binds to MDA-MB-231 but not to HCC70 cells. Figure S3: Affinity of 99mTc-cAbVCAM1-5 for mVCAM-1 and
hVCAM-1. Figure S4: Representative Maximum Intensity Projection views of fused SPECT/CT images of HCC70
and MDA-MB-231 tumor-bearing mice 1h after i.v injection of 99mTc-cAbVCAM1-5 or 99mTc-Ctl. Figure S5:
Correlation between tumor uptake as determined by SPECT image quantification and by ex vivo biodistribution
studies. Figure S6: Representative Maximal Intensity (MIP) of fused SPECT/CT views of MDA-MB-231 lung
metastases at 1h after i.v injection of 99mTc-cAbVCAM1-5 of 99mTc-Ctl. One lung-metastases free mouse wal
also injected with 99mTc-cAbVCAM1-5. Figure S7: Ex vivo quantification of 99mTc-cAbVCAM1-5 in SCID mice
bearing MDA-MB-231 lung metastasis.
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Abstract: The aim of this study was to identify new disease-related circulating miRNAs
with high diagnostic accuracy for breast cancer (BC) and to correlate their deregulation with
the morpho-functional characteristics of the tumour, as assessed in vivo by positron emission
tomography/magnetic resonance (PET/MR) imaging. A total of 77 untreated female BC patients
underwent same-day PET/MR and blood collection, and 78 healthy donors were recruited as negative
controls. The expression profile of 84 human miRNAs was screened by using miRNA PCR arrays and
validated by real-time PCR. The validated miRNAs were correlated with the quantitative imaging
parameters extracted from the primary BC samples. Circulating miR-125b-5p and miR-143-3p were
upregulated in BC plasma and able to discriminate BC patients from healthy subjects (miR-125-5p
area under the receiver operating characteristic ROC curve (AUC) = 0.85 and miR-143-3p AUC = 0.80).
Circulating CA15-3, a soluble form of the transmembrane glycoprotein Mucin 1 (MUC-1) that is
upregulated in epithelial cancer cells of different origins, was combined with miR-125b-5p and
improved the diagnostic accuracy from 70% (CA15-3 alone) to 89% (CA15-3 plus miR-125b-5p).
MiR-143-3p showed a strong and significant correlation with the stage of the disease, apparent
diffusion coefficient (ADCmean), reverse efflux volume transfer constant (Kepmean) and maximum
standardized uptake value (SUVmax), and it might represent a biomarker of tumour aggressiveness.
Similarly, miR-125b-5p was correlated with stage and grade 2 but inversely correlated with the forward
volume transfer constant (Ktransmean) and proliferation index (Ki67), suggesting a potential role as a
biomarker of a relatively more favourable prognosis. In situ hybridization (ISH) experiments revealed
that miR-143-3p was expressed in endothelial tumour cells, miR-125-5p in cancer-associated fibroblasts,
and neither in epithelial tumour cells. Our results suggested that miR-125-5p and miR-143-3p are
potential biomarkers for the risk stratification of BC, and Kaplan-Maier plots confirmed this hypothesis.
In addition, the combined use of miR-125-b-5p and CA15-3 enhanced the diagnostic accuracy up
to 89%. This is the first study that correlates circulating miRNAs with in vivo quantified tumour
biology through PET/MR biomarkers. This integration elucidates the link between the plasmatic
increase in these two potential circulating biomarkers and the biology of untreated BC. In conclusion,
while miR-143-3b and miR-125b-5p provide valuable information for prognosis, a combination of
miR-125b-5p with the tumour marker CA15-3 improves sensitivity for BC detection, which warrants
consideration by further validation studies.

Keywords: circulating miRNAs; breast cancer; imaging parameters; PET/MRI; biomarkers
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1. Introduction

According to GLOBOCAN 2018, a project of the International Agency for Research on Cancer
(IARC), approximately 2.1 million women (1.7 million in 2012) were diagnosed with breast cancer
(BC) worldwide, and there were approximately 6.9 million women (6.3 million in 2012) who had
been diagnosed with BC in the previous five years [1]. BC is also the most common cause of cancer
death among women, with 627,000 deaths in 2018. Early diagnosis plays a major role in fighting
BC. However, on a worldwide scale, breast imaging techniques such as screening mammography
and ultrasound have intrinsic limitations related to economic costs, limited technology availability in
underdeveloped countries, the necessity of well-trained radiologists, and an overall unsatisfactory
performance regarding the images. Screening mammography performance indexes vary considerably
for sensitivity and specificity, influencing the ability of mammography to reach its full potential
for decreasing BC mortality [2]; moreover, ultrasound plus mammography can indicate cancers in
high-risk women, but the number of false positives are increased [3].

Circulating biomarkers are biomolecules released into the bloodstream by both tumour cells
and other types of neighbouring cells [4]. Their quantification and identification are considered an
economical, non-invasive diagnostic method that provides information on the presence and/or absence
of the disease as well as its evolution. To date, the carcinoembryonic antigen (CEA) [5] and the
soluble form of Mucin 1 (MUC-1) protein (CA15-3) [6] are the most commonly used serum biomarkers
for the clinical monitoring of BC patients. Although these biomarkers have been recognized from
the international healthcare system as molecules used for the management of BC patients, current
guidelines suggest that they fail in the early diagnosis of the disease, having a clinical role only during
follow-up [7]. Therefore, there is a compelling need to discover potential biomarkers that might be
useful for diagnosing BC. The ideal tumour marker should have high specificity, sensitivity and
predictive value and be detectable by an accurate, rapid, simple and inexpensive method that might
also be used in countries with less access to expensive technology. In recent decades, non-coding
RNA molecules (miRNAs) have emerged as a new class of regulatory genes involved in many
cellular processes, such as development, differentiation, proliferation, apoptosis and the response
to stress. In their mature form, these single-stranded small molecules are 19 to 25 nucleotides in
length and are able to silence gene expression at the post-transcriptional level, thus inhibiting protein
translation. They act by recognizing a sequence within the 3’ and/or 5’ untranslated region (UTR) of
their mRNA target [8]. miRNAs can exert their action in cancers through both tumour suppression and
oncogenic mechanisms [9,10]. Due to their structural characteristics, functions and tissue specificity,
miRNAs have been proposed as a new class of biomarkers for the screening of different tumours.
Recent discoveries have shown that miRNAs are also present in biological fluids, such as blood [11],
urine [12], sputum [13] and saliva [14]; moreover, they were found to be aberrantly expressed in
different human cancers and feature unprecedented levels of diagnostic specificity and sensitivity
that are associated with tumour burden and malignant progression [15,16]. Additionally, circulating
miRNAs are extremely stable against degradation by RNase, easily collected through non-invasive
methods (blood sampling), resistant to repeated freeze/thaw cycles and easily identified by nucleic
acid amplification techniques (real-time PCR). These factors also make their collection possible in
third-world countries and underserved areas. Taken together, these findings highlight the potential
usefulness of these molecules as promising biomarkers. To date, many studies have identified different
circulating miRNAs as new biomarkers for BC detection; however, the results are discordant [17].
Moreover, they have not been assessed in conjunction with diagnostic imaging, which is used for
quantifying the extent of the disease and provides information related to tumour aggressiveness
representing an obligatory step for treatment planning. The use of diagnostic imaging to extract
quantitative parameters related to the morphology, metabolism and functionality of tumours, as well as
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to correlate specific imaging parameters with tissue biomarkers, is an emerging research topic [18,19].
The aim of our study was to identify potential new disease-related circulating miRNAs with high
diagnostic accuracy for BC and to elucidate the relationship between their circulating deregulation and
tumour characteristics, including stage at presentation and the functional quantification of tumour
metabolism and perfusion, by using same-day positron emission tomography/magnetic resonance
(PET/MR) imaging. Since PET/MR scanners have been approved for use less than 8 years ago, with
very few installed worldwide, PET/MR is currently clinically used for BC diagnosis and treatment
planning in only an extremely limited number of highly specialized centres that have both the expertise
of scanner use and a strong oncologic breast programme. In these centres, PET/MR is used for the
whole-body and local staging of newly diagnosed BC cases that are amenable to curative resection,
either without or after neoadjuvant treatments, and as problem-solving technology in complicated,
more advanced cases. PET/MR is currently not mentioned in the National Comprehensive Cancer
Network (NCCN) guidelines or in any other scientific organization/society guidelines despite its
higher performances than those of any other non-invasive imaging modality. In fact, the accuracy
of PET/MR staging outperformed that of PET/computed tomography (CT) (the most accurate of the
routinely clinically approved imaging modalities) on a per patient analysis (98% versus 75%) and
was also capable of demonstrating bony metastases not detected by same-day PET/CT in up to 12%
of the cases [20,21]. These results have been confirmed by other authors who showed that, in a
lesion-per-lesion analysis, PET/MR had higher sensitivity than PET/CT in detecting bony lesions (0.924
and 0.6923, respectively). Moreover, PET/MR also had a better sensitivity than PET/CT in detecting
contralateral tumours (1 and 0.25, respectively) and all lesions together (0.89 and 0.77, respectively) [22].
To the best of our knowledge, this is the first study that aimed to correlate the deregulated expression
of disease-related circulating miRNAs with the morphological, metabolic and functional parameters
of BC lesions (tumour metabolism, cellular density and vascularisation) extracted through a hybrid
PET/MR scanner. The plasma samples of BC patients and healthy donors were analysed for miRNA
expression, and for each BC patient, PET/MR was used to ascertain the stage of the disease as well as
the metabolic, diffusion and perfusion characteristics of the primary cancer. In silico studies and in situ
hybridization (ISH) experiments were also performed to better understand miRNA expression in tissue
and their cellular localization. Last, we correlated the expression levels of the validated miRNAs with
immunohistochemical markers of BC, stage of disease and PET/MR-derived functional and metabolic
biomarkers of primary cancer.

2. Results

2.1. Identification and Validation of a Plasma miRNA Signature for Breast Cancer Detection

The study design is illustrated in Figure 1A. The healthy and BC subjects were age-matched
(p-value = 0.157), and the clinicopathological characteristics of the study participants are reported
in Table 1. By using the miScript miRNA PCR Array, we found that five (miR-125b-5p, miR-143-3p,
miR-145-5p, miR-100-5p and miR-23a-3p; Figure 1B–D) out of the 84 miRNAs analysed were significantly
(p-value < 0.05) upregulated in the plasma samples of 27 BC patients vs. 14 healthy donors, with a
fold change ≥1.5. RT-PCR was conducted to confirm the array results in a study population of 46
healthy donors and 64 naïve BC patients (Supplementary Figure S1). Then, a logistic regression model
(Supplementary Table S1A) identified miR-125b-5p and miR-143-3p as the circulating miRNAs able
to effectively discriminate affected from unaffected subjects. A logistic stepwise regression model
confirmed these results (Supplementary Table S1B). Moreover, the results were corroborated by
expanding the case studies to 78 healthy donors and 77 naïve BC patients (Figure 1A, Validation II).
In fact, as shown in Figure 2A,B, we confirmed that miR-125b-5p and miR-143-3p were significantly
upregulated in the plasma of BC patients with a fold change of 3.3 and 3.2, respectively. These results
were confirmed by logistic stepwise regression analysis (Figure 2C).
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Table 1. Detailed clinicopathological characteristics of the study participants.

Healthy Control Samples (n = 78)

Age range 28–84 years
Mean ± S.D. 51.05 ± 11.26

Breast Cancer Samples (n = 77)

Age range 28–82 years
Mean ± S.D. 53.68 ± 12.02

Subtype

Luminal A 16
Luminal B 50

HER2+ 7
Triple negative 4

Ki67

Low (1–20%) 21
High (21–100%) 56

Grade

G1 1
G2 41
G3 35

Stage

Stage I 1
Stage II 12
Stage III 42
Stage IV 22

S.D.: standard deviation; HER2+: Human epidermal growth factor receptor positive.

Figure 1. Cont.
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Figure 1. Study design for the identification of circulating miRNAs and protein biomarkers able to
discriminate breast cancer (BC) patients from healthy donors (A). miRNA expression analysis in a set
population of 14 healthy donors (CTR) and 27 BC subjects. Expression analysis of 84 miRNAs by using
a 96-well miScript miRNA PCR Array (B). * miRNAs significantly upregulated (p < 0.05) in BC patients
vs. healthy donors (C,D).

Figure 2. Validation II. Relative expression of miRNAs selected in a study population of 78 healthy
donors (CTR) and 77 breast cancer (BC) subjects. Box plot analyses performed to show the relative
expression of miR-125b-5p (A) and miR-143-3p (B) in the plasma samples of healthy donors vs. BC
patients. Logistic stepwise regression analysis (C). * miRNAs that significantly (p < 0.05) estimate the
probability of having BC.
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2.2. Diagnostic miRNA Signature-Based Model Compared with Established BC Markers

Receiver operating characteristic (ROC) curve analyses showed that miR-125b-5p (area under
the ROC curve (AUC) = 0.85) and miR-143-3p (AUC = 0.80) were able to discriminate BC patients
from healthy donors (Figure 3A,B). Then, we compared the AUC value of the selected miRNAs with
the AUC value of the traditional BC biomarkers CA15-3 and CEA. As reported in Figure 3C,D, the
AUC values of CA15-3 (0.70) and CEA (0.68) were lower than those calculated for miR-125b-5p and
miR-143-3p. Based on these results, a logistic stepwise regression analysis was performed considering
the miR-125b-5p, miR-143-3p, CA15-3 and CEA molecules as independent variables (Figure 1A,
Validation III). According to Table 2, miR-125b-5p, miR-143-3p and CA15-3 were significantly correlated
with the disease, although the statistical significance of CA15-3 was lower than that of the miRNAs.
Based on these findings, the diagnostic accuracy of each biomarker was evaluated. To this end, the
cut-off values of miR-125b-5p and miR-143-3p were calculated, and the clinical cut-off values of CA15-3
and CEA were already known (CA15-3 = 35 UI/mL and CEA = 3 UI/mL). Using the “closest to top-left”
method, we defined the cut-off value of miR-125b-5p as 0.0090 and that of miR-143-3p as 0.0064,
both related to relative expression. Among the analysed molecules, miR-125b-5p showed the highest
diagnostic accuracy (Table 3).

Table 2. Validation III. Logistic stepwise regression on the indicated molecules in a cohort of 78 CTR
and 77 BC subjects. * Molecules that significantly (p < 0.05) estimate the probability of having a tumour.

Circulating Biomarkers Estimate Std. Error p-Value

miR-125b-5p * 9.018 2.401 0.000248
miR-143-3p * 1.017 × 101 2.644 0.000179

CA15-3 * 2.123 × 10−3 8.984 × 10−4 0.01941
CEA 4.866 × 10−3 7.095 × 10−3 0.4939

Figure 3. ROC curve analyses and AUC values of miR-125-5p (A), miR-143-3p (B), CA15-3 (C), and
CEA (D) for discriminating BC patients from healthy controls in 76 BC patients and 78 healthy donors.
ROC: Receiver operating characteristic; AUC: area under the ROC curve; CEA: carcinoembryonic
antigen.
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Table 3. Diagnostic accuracy of the indicated circulating biomarkers.

miR-125b-5p Disease + Disease − Total Sensitivity Specificity
Diagnostic
Accuracy

Test + 61 (TP) 16 (FP) 77
0.79

(CI 0.68–0.88)
0.79

(CI 0.69–0.88)
0.79

(CI 0.72–0.85)Test − 16 (FN) 62 (TN) 78

Total 77 78 155

miR-143-3p Disease + Disease − Total Sensitivity Specificity
Diagnostic

accuracy

Test + 53 (TP) 20 (FP) 73
0.69

(CI 0.57–0.79)
0.74

(CI 0.63–0.84)
0.72

(CI 0.64–0.79)Test − 24 (FN) 58 (TN) 82

Total 77 78 155

CA15-3 Disease + Disease − Total Sensitivity Specificity
Diagnostic

accuracy

Test + 29 (TP) 1 (FP) 30
0.38

(CI 0.27–0.50)
0.99

(CI 0.93–1.00)
0.68

(CI 0.60–0.76)Test − 47 (FN) 75 (TN) 122

Total 76 76 152

CEA Disease + Disease − Total Sensitivity Specificity
Diagnostic

accuracy

Test + 25 (TP) 8 (FP) 73
0.33

(CI 0.23–0.45)
0.89

(CI 0.80–0.95)
0.61

(CI 0.53–0.69)Test − 51 (FN) 68 (TN) 82

Total 76 76 152

CI: confidence interval 95%; Disease +: BC patients, Disease −: healthy donors, TP: True Positive TP, FP: False
Positive, FN: False Negative and TN: True Negative. CEA: carcinoembryonic antigen and BC: breast cancer.

2.3. Co-Expression Analysis of Circulating miR-125b-5p, miR-143-3p and miR-145-5p and Their Association
with Immunohistochemical Markers of BC

Although miR-145-5p was not able to estimate the probability of pathology (Supplementary
Table S1), it is transcribed from a putative miR-143/145 cluster on chromosome 5 in humans (5q33).
Therefore, co-expression analyses by Spearman’s test were performed not only for miR-125b-5p
and miR-143-3p but also for miR-145-5p. As reported in Figure 4A, we found that miR-143-3p
and miR-145-5p were strongly co-expressed (ρ: 0.93; p-value < 2 × 10−16) in the plasma samples of
BC patients, and the expression levels of miR-125b-5p were significantly correlated with those of
miR-143-3p (ρ: 0.57; p-value = 2 × 10−4) and miR-145-5p (ρ: 0.56; p-value = 6 × 10−6), although to a
limited extent.

The immunohistochemical (IHC) reports of the enrolled BC patients were used to determine the
receptor status (oestrogen, progesterone, and human epidermal growth factor receptor 2), cellular
differentiation status (grade) and proliferation index (Ki67) of the tumour lesions. No association was
found between the expression levels of miR-125-5p, miR-143-3p and miR-145-5p and the hormonal
receptor status of the lesions (Estrogen Receptor positive or negative: ER+/−, Progesteron receptor
positive or negative: PR +/− and Human epidermal growth factor receptor positive or negative: HER2
+/−; Supplementary Table S2) or with tumour subtypes (all p-values > 0.05). Nevertheless, only
miR-125b-5p was significantly associated with the Ki67 proliferation index (Figure 4B, p-value = 0.038)
and the differentiation status of tumour cells (Figure 4C, p-value = 0.003). Specifically, we found that in
the presence of a low Ki67 index and a low grade, the expression levels of miR-125b-5p were increased,
suggesting its inverse correlation with the aggressiveness of the disease.
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Figure 4. Correlation studies. Co-expression analyses of miR-125b-5p, miR-143-3p and miR-145-5p
(A). Expression levels of miR-125b-5p vs. Ki67 (low <20%; high ≥20%) (B), and grade (C). Expression
levels of miR-125b-5p (D), miR-143-3p (E), and CA15-3 (F) vs. stage. Statistical significance (G).
Non-significant results are reported in bold.

2.4. Correlation Analysis of Circulating miR-125b-5p, miR-143-3p and miR-145-5p with Quantitative Imaging
Parameters of Tumour Lesions

The BC patients enrolled in this study underwent same-day contrast-enhanced fluorodeoxyglucose
(CE-FDG)-PET/MR and blood collection to better correlate circulating miR-125-5p and miR-143-3p
with the morphological, metabolic and functional imaging features of BC (Figure 4). No significant
correlations were found between the miRNA expression levels and lesion size (Supplementary Table S2).
The plasma levels of miR-125b-5p increased significantly at stage II, reaching higher expression levels at
stage III and remained unchanged at stage IV compared to stage III (Figure 4D,G). This trend confirmed
that the expression levels of miR-125b-5p were variable and depended on the severity of the disease.
Additionally, the expression levels of miR-143-3p (Figure 4E,G) became significantly higher in stage
III and drastically decreased in stage IV, reaching expression values close to those of healthy donors.
This result suggests that at stage IV, this molecule is not required for the maintenance of the pathology.
It is known that CA15-3 levels increase in the late stage of the disease, so its relationship with clinical
staging was also evaluated. As reported in Figure 4F,G, in our cohort, CA15-3 was not able to diagnose
stage II, but its levels increased significantly at stage III, reaching the maximum concentration at stage
IV. This was in agreement with the known performance of CA15-3. In addition, no correlations were
found between CA15-3 and grade (p-value = 0.761) or subtypes (p-value = 0.450).

Correlation analyses between miR-125b-5p and miR-143-3p levels and PET/MR-based tumour
biomarkers were performed by grouping the data according to staging. Only the statistically significant
results were reported (Table 4); we found a strong and significant correlation between circulating
miR-143-3p and the mean initial area under the concentration curve (iAUCmean) and the mean reverse
efflux volume transfer constant (Kepmean) (for both, ρ: 0.943, p-value = 0.005) in the stage II group.
Perfusion parameters such as iAUC and Kep are generally correlated with tumour vascularisation [23,24],
suggesting that the plasmatic overexpression of miR-143-3p in BC patients might correlate with
angiogenesis. The correlation between iAUC and miR-143-3p persisted at stage III but was lost at
stage IV, where its relative expression drastically decreased (see Figure 4B). Notably, there was a
strong correlation index between miR-143-3p and the maximum standardized uptake value (SUVmax)
(ρ: 0.829 and p-value = 0.042) at stage II, although the statistical significance was borderline. SUV
is a biomarker of tumour metabolism. This result together with those reported above suggest that
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miR-143-3p could be correlated with tumour aggressiveness. miR-125-5p was significantly inversely
correlated with the mean forward volume transfer constant (Ktransmean) and the proliferation index
Ki67 at stage IV (Table 4). Ktransmean, like iAUC and Kep, is a perfusion parameter linked to tumour
vascularisation [24]. Since the highest plasma concentration of miR-125b-5p was associated with a low
Ki67 index (Figure 4B) and grade G2 (Figure 4C) and inversely correlated with Ktransmean (Table 4),
these results suggest that the highest plasma values of miR-125b-5p might predict a better prognosis.

Table 4. Correlation studies among the miRNAs selected and the imaging parameters extracted from
tumour lesions. The table reports ρ and p-values (p < 0.05 was considered statistically significant).

Stage II Stage III Stage IV

iAUCmean Ki67 Kepmean SUVmax iAUCmean Ki67 Ki67 Ktransmean

miR-125-5p ns ns ns ns ns ns
−0.513
p-value

0.029

−0.421
p-value

0.040

miR-143-3p
0.943

p-value
0.005

ns
0.943

p-value
0.005

0.829
p-value

0.042

0.938
p-value

0.044
ns ns ns

ns indicates non-significant results. iAUCmean: area under the concentration curve; SUVmax: maximum standardized
uptake value; Kepmean: mean reverse efflux volume transfer constant; Ktransmean: mean forward volume transfer
constantin.

2.5. In Silico Studies

Large publicly funded projects have generated extensive and freely available multi-assay data
resources. To date, The Cancer Genome Atlas (TCGA) represents the largest available resource for
multi-assay cancer genomics data that includes ~30000 cases of major primary cancers, including BC
(TCGA-BRCA) [25]. To evaluate whether the upregulation of circulating miR-125b-5p, miR-143-3p
and miR-145-5p in the plasma samples of BC patients reflected their tumour tissue expression, we
performed in silico studies by using the TCGA-BRCA database. We also included miR-145-5p in
order to perform co-expression analyses. We found that in BC tissue specimens, the expression of
miR-125b-5p, miR-143-3p and miR-145-5p was significantly lower compared to that in normal tissues
(Supplementary Figure S2A) and that their downregulation was not correlated with the stage of the
disease (Supplementary Figure S2B).
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Figure 5. Kaplan-Meier plots, which are based on breast cancer data from the METABRIC database,
illustrate the survival probability for patients with low or high miR-125b (upper panel) and miR-143
(lower panel) expression levels in breast cancer. Hazard ratios (HRs) and p-values (log-rank test)
were generated.

In addition, we found that the downregulation of miR-143-3p and miR-145-5p in BC tissues
(Supplementary Figure S2C) showed a lower correlation index compared to that we found in the
plasma samples of BC patients (compare Figure 4A with Supplementary Figure S2C: ρ: 0.93 vs. ρ: 0.28).
Taken together, these results showed an opposite expression trend of miR-125-5p, miR-143-3p and
miR-145-5p in cancer tissue versus plasma.

Since we were unable to monitor patients during follow-up, a survival analysis was performed for
both miR-125b-5p and miR-143-3p by using the miRpower software (http://kmplot.com/analysis/index.
php?p=service&cancer=breast_mirna). This software uses publicly available BC data from different
databases, including data from large databases such as TCGA and Molecular Taxonomy of Breast
Cancer International Consortium (METABRIC). To generate Kaplan-Meier curves, we selected the
option to auto select the best cut-off for defining high and low groups. The algorithm computes all
possible cut-off values between the lower and upper quartiles and uses the best performing threshold.
The hazard ratios (HRs) and p-values (log-rank test) were calculated. By using the TCGA dataset,
the Kaplan-Meier plots were not statistically significant for miR-125b-5p or miR-143-3p (data not
shown), so the METABRIC dataset was used. As reported in Figure 5, we found that high tissue
expression levels of miR-125b-5p were associated with the best prognosis (upper panel), and this
result was in agreement with those obtained correlating this miRNA with grade, Ki67 and Ktransmean.
The effect of high expression levels of miR-143 on the survival of BC patients varied with age, and
higher values contributed to worse prognoses starting at 250 months (lower panel). This result was
in part in agreement with those obtained correlating this miRNA with the imaging parameters
linked with tumour aggressiveness. It is necessary to point out that the miRpower software did
not discriminate miR-143-3p from miR-143-5p, grouping them in miR-143, and miR-125b-5p from
miR-125b-3p, grouping them in miR-125b.

2.6. Cellular Origin of miR-125b-5p, miR-143-3p and miR-145-5p in Normal and BC Tissues

To corroborate the obtained results and confirm the in silico data, we performed ISH experiments.
We hypothesized that release of miR-125b-5p, miR-143-3p and miR-145-5p into the bloodstream did
not originate from tumour cells. As reported in Figure 6, the results confirmed that the expression
of miR-143-3p (B) and miR-145-5p (C) was low or absent in epithelial tumour tissue (right) but
high in endothelial cells, highlighting their vascular origin, as anticipated by correlation studies
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among miRNAs with image biomarkers. In addition, in benign breast tissue, miR-143-3p stained
in glandular epithelial and endothelial cells (Figure 6B, left), and miR-145-5p was expressed with
the strongest staining intensity in myoepithelial cells and endothelial cells (Figure 6C, left panel).
Moreover, miR-125b-5p was weakly expressed in normal tissue (Figure 6D, left) and low-to-absent in
neoplastic cells (Figure 6D, right). This supported the hypothesis that miR-125b-5p could have a stromal
origin. This hypothesis was further confirmed by the result shown in Figure 6E, in which miR-125b-5p
expression occurred in cancer-associated fibroblasts. Taken together, these results confirmed that the
BC plasma upregulation of miR-125-5p and miR-143-3p could be related to their overexpression in
endothelial and fibroblast cells and not in tumour epithelial cells.

 

Figure 6. In situ hybridization staining patterns in benign and malignant breast tissues. Scrambled
miR negative control probe and U6 positive control probe (A). miR-143-3p in normal (left) and BC
tissues (right) (B). miR-145-5p in normal (left) and BC tissues (right) (C). miR-125b-5p in normal (left)
and BC tissues (right) (D). miR-125b-5p in stromal tumour tissue (E). BC: breast cancer.

2.7. Combining Diagnostic test Results to Increase Accuracy

Since the relationship between upregulated circulating miRNA expression and the functional
characteristics of tumour lesions was clarified, we next sought to optimize their diagnostic role
by evaluating a combined detection of miR-125b-5p and miR-143-3p with CA15-3. As reported in
Figure 7A, we found that combining the diagnostic test results of miR-125b-5p and CA15-3 improved
the accuracy (AUC = 0.89) compared to the same molecules analysed individually (see Figure 3:
miR-125-5p, AUC = 0.85; CA15-3, AUC = 0.68). In contrast, combining miR-143-3p and CA15-3
reduced the diagnostic accuracy (data not shown). Additionally, the combined analysis of miR-125b-5p
and miR-143-3p did not improve the accuracy (Figure 7B, AUC = 0.85) in comparison to the same
molecules analysed individually (see Figure 3: miR-125-5p, AUC = 0.85; miR-143-3p, AUC = 0.80).
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Figure 7. ROC curve analyses and AUC values combining the profiles of miR-125b-5p and CA15-3
(A) and miR-125-5p and miR-143-3p (B) for discriminating BC patients from healthy patients. ROC:
Receiver operating characteristic; AUC: area under the ROC curve; BC: breast cancer.

3. Discussion

The detection of BC is pivotal for proper patient management, especially at an early stage. However,
the currently utilized technology, which is heavily based on screening mammography and ultrasound (in
specific patient populations), is imperfect, with limited accessibility in underdeveloped/underserved
areas and might be economically challenging. Therefore, there is a compelling need to identify
new biomarkers that might be diagnostically advantageous. Due to their structural and functional
characteristics, microRNAs have been proposed as a new class of biomarkers for cancer screening;
in fact, they are stable, deregulated, and found in different biological fluids, including blood that
can be easily withdrawn in the field and subsequently processed in centralized laboratories. To date,
circulating biomarkers that are able to diagnose BC with high specificity and sensitivity are lacking, so
our study aimed to (i) identify new circulating miRNAs for the diagnosis of BC; (ii) to elucidate the
relationship between their circulating deregulation and the functional characteristics of tumour lesions
for in vivo investigation through PET/MR; and (iii) understand the link between circulating miRNA
deregulation and their origin in the primary tumour.

By using the miScript miRNA PCR Array, we found that five miRNAs (miR-125b-5p, miR-143-3p,
miR-145-5p, miR-100-5p and miR-23a-3p) were significantly (p ≤ 0.0005) overexpressed in the plasma
samples of BC patients compared to healthy subjects and defined miR-125b-5p and miR-143-3p
as the best molecules able to estimate the probability of having the disease. The circulating levels
of miR-125b-5p and miR-143-3p are of intense debate in the scientific literature, especially in BC.
Matamala et al. [26] found that circulating miR-143 was upregulated in BC patients; on the contrary,
some studies showed a downregulation of circulating miR-143 in BC patients [27–30], and others found
no significant deregulation of circulating miR-125b and miR-143 in BC patients [30]. These discrepancies
could be explained by the usage of serum rather than plasma [31]. Regardless of whether the choice
of the biological sample can affect the result, different studies reported the upregulation of miR-125b
in the serum samples of BC patients [32–34]. These discrepancies highlight the need to standardize
protocols, including sample collection, storage, choice of the starting biological material, and processing.
To better understand the biological basis and clinical implications of miR-125b-5p and miR-143-3p, we
performed a correlation analysis between the circulating expression of the deregulated disease-related
miRNAs and the metabolic and functional characteristics of the primary tumour, also taking into
consideration the TNM (Tumour Lymph Nodes Metastasis) classification of malignant tumours stage
of the disease. For this purpose, we employed biomarkers extracted from a hybrid clinically approved
PET/MR scanner. We decided to use PET/MR since it couples two modalities (FDG-PET and MR)
capable of sampling different biological features of cancers in vivo, specifically glucose metabolism
through PET and cellular density plus tissue perfusion through MR. The advantages arising from
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the simultaneous acquisition of PET- and MR-derived biomarkers in investigating BC biology have
been shown by some exploratory studies that demonstrated the capability of PET/MR to predict BC
subtypes, including those with a better prognosis [19,35]. In this study, we found that the expression
of circulating miR-143-3p was strongly and significantly correlated with iAUCmean at stage II (ρ: 0.943,
p-value = 0.005) and at stage III (ρ: 0.938, p-value = 0.044) and with Kepmean at stage II (ρ: 0.943, p-value
= 0.005). Both iAUCmean and Kepmean are perfusion parameters that provide information on tumour
vascularisation, suggesting that miR-143-3p overexpression in the plasma samples of BC patients could
be linked to tumour angiogenesis. Our hypothesis was in agreement with the editorial comment of
Almeida and Calin [36] that argued the possible critical role of these miRNAs in the neoangiogenesis
of lung cancer. To confirm this hypothesis and to further validate our results, we performed ISH
experiments on BC and normal breast tissue specimens and found that miR-143-3p had a clear vascular
endothelial origin. In addition, we also found that miR-143-3p was correlated with SUVmax at stage
II (ρ: 0.829, p-value = 0.042). The SUV parameter reflects the metabolic activity of tumours, so we
speculate that miR-143-3p could have a role in neoangiogenesis and that its overexpression in the
plasma samples of BC patients could be correlated with the aggressiveness of the disease, both in terms
of tumour vascularisation and metabolic activity. This hypothesis was in part corroborated by the
survival analysis performed in silico by using the miRpower software.

Another interesting result correlated the expression levels of miR-125b-5p with IHC biomarkers
and imaging parameters. We concluded that miR-125b-5p was inversely associated with the
proliferation index Ki67 (p-value = 0.038), grading (p-value = 0.003) and the perfusion imaging
parameter Ktransmean (ρ: −0.421, p-value = 0.040) and that its expression occurred in cancer-associated
fibroblasts. These findings suggest that the highest concentration of miR-125b-5p could be correlated
with a better prognosis, and the survival analysis confirmed this hypothesis. This is in agreement
with the “seed and soil” hypothesis, which postulates that different components of the tumour
microenvironment (the soil) may have stimulatory or inhibitory effects on tumour progression (the
seed) [37], and with recent studies showing that miR-125b-5p overexpression in BC cell lines could
inhibit cell proliferation, migration and invasion [38,39].

One of the limitations of this study is the sample size (n = 77 BC patients). In fact, the heterogeneity
and complexity of BC make it challenging to find a unique circulating signature of pathology with
high diagnostic accuracy. Each circulating biomarker released in the blood of affected patients exists
as a consequence of genetic and/or epigenetic alterations linked to the pathology. Breast carcinoma
is divided into different subtypes with different genetic characteristics [40,41], which can affect the
release of specific miRNAs in the blood. Moreover, the variety of biomarkers and the difference in
concentration in the blood might be influenced by the stage, so the analysis of a cohort not homogeneous
for staging could be a limitation, and the BC patients included in this cohort are lacking stage I and
grade 1 (one patient for each condition). Therefore, a limitation of our study is the paucity of stage I
and II cancers. However, this is unavoidable in studies that recruit clinically justified PET acquisition
since, as per the Clinical Practice Guidelines in Oncology (NCCN guidelines), PET is not indicated
in the initial work-up of clinical stage I, II, or operable stage III (NCCN Guidelines Version 1.2019,
accessed on 22th May 2019).

This staging group heterogeneity might lead to different results in different cohorts. Another
limitation was the inability of monitoring patients during follow-up to better understand the prognostic
and predictive role of miR-125b-5p and miR-143-3p. Nevertheless, the strengths of this study included
the analysis performed on naïve patients as well as the availability of the same-day imaging parameters
that provided information related to the morpho-functional characteristics of the primary cancers
to correlate circulating miRNAs with in vivo quantified tumour biology. We performed a combined
detection of miR-125b-5p and miR-143-3p with CA15-3 to improve the diagnostic accuracy. As suggested
by guidelines, CA15-3 is not recommended for BC diagnosis [42,43], and our result (CA15-3AUC = 0.70)
was in agreement with those of Liu and colleagues (CA15-3AUC = 0.71 [44]), Zaleski and colleagues
(CA15-3AUC = 0.72 [45]) and Zajkowska and colleagues (CA15-3AUC = 0.70 [46]). Nevertheless, the
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coupled analysis of miR-125b-5p and CA15-3 increased the diagnostic accuracy up to AUC = 0.89.
To the best of our knowledge, this is one of the best results published so far and the first study that
combines the expression of a circulating miRNA with the expression of an established BC tumour
marker. The combined detection of plasma miR-125b-5p and serum CA15-3 improved the diagnostic
accuracy of BC detection up to ~90%, suggesting that this signature could be used for the diagnosis of
BC. In addition, for stage II, the expression levels of CA15-3 were not correlated with the pathology
(p-value = 0.658), whereas those of miR-125b-5p were (p-value = 0.002). The combined analysis of
miR-125b-5p and CA 15-3 not only improved diagnostic accuracy in its entirety but also provided
additional diagnostic information at less advanced pathological stages, suggesting the use of miRNAs
as potential diagnostic circulating biomarkers that warrants consideration by further validation studies.

4. Materials and Methods

4.1. Participants and Study Design

This Health Insurance Portability and Accountability Act–compliant prospective study was
approved by the institutional review board. All procedures performed in studies involving human
participants were in accordance with the ethical standards of the institutional and/or national research
committee and with the principles of the 1964 Declaration of Helsinki and its later amendments
or comparable ethical standards. Informed consent was obtained from all individual participants
included in the study. For study enrolment, all participants provided written informed consent before
undergoing imaging PET/MR and blood collection. Between September 2012 and November 2015 at
the IRCCS SDN Institute, 221 female Caucasian patients with BC who underwent a clinically indicated
same-day CE-FDG-PET/MR and blood collection were evaluated for inclusion in this study. Plasma
haemolysation was evaluated as described by Kirschner MB and colleagues [47]. The inclusion criteria
for BC patients were as follows: (i) diagnosis of BC by core biopsy report; (ii) absence of any prior
surgical or pharmacological treatment for BC (naïve); (iii) negative previous personal oncological
history; (iv) age > 18 years; (v) CE-FDG-PET/MR and blood collection were performed on the same
day; and (vi) fasting for at least 8 hours. The exclusion criteria for BC patients were as follows: (i)
pregnancy; (ii) blood glucose levels > 140 mg/dL (7.77 mmol/L); (iii) artefacts affecting PET/MR images;
(iv) standard contraindications for MR; (v) performance of CE-FDG-PET/MR and blood collection on
different days; and (vi) plasma haemolysation. Blood samples of age-matched healthy donors were
collected; their inclusion criteria were as follows: (i) >18 years of age; (ii) negative previous personal
oncological history; (iii) absence of suspected BC as confirmed by ultrasound and/or mammography
during the last 6 months from enrolment; iv) absence of a family history of BC; and (v) fasting for at
least 8 hours. The exclusion criteria for healthy donors were the presence of one or more of the criteria
reported above, including haemolysed plasma. We recruited 77 BC patients and 78 healthy donors for
a total of 155 plasma/serum samples. The clinicopathological characteristics of the enrolled patients
are reported in Table 1, and the whole study design is shown in Figure 1A.

This study was approved by the institutional Ethics Committee (Protocol Number: Prot2-11,
approved 06/07/2011 by Ethical Committee IRCCS Fondazione SDN). This article does not describe
any studies with animals performed by any of the authors

4.2. PET/MR Data Acquisition

PET/MR was performed with a Biograph mMR imager (Siemens Healthiness, Erlangen, Germany).
First, a whole-body protocol was used to assess the overall extent of cancer and provide the NM stage.
Thereafter, a dedicated breast protocol to provide both metabolic and functional biomarkers of primary
cancer and its T stage was acquired. For total body acquisition, we used a 16-channel head-neck coil
and three or four 12-channel body coils depending on the patient’s height; for breast acquisition, a
4-channel breast coil was employed. Acquisitions were performed according to previously described
protocols [19,20,35,48,49]. All patients fasted for at least 8 h before the procedure. They received
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401 ± 32 MBq (mean ± standard deviation) of 18F-FDG intravenously. After a 60-min incubation time,
PET and MR data were acquired simultaneously. The mean total time for the PET/MR examination
was 107.87 ± 18.92 min [19].

4.3. Data Processing and Multiparametric Analysis

The PET data obtained from the PET/MR examinations were processed with comparable
reconstruction and correction algorithms. Emission data were corrected for randomness, dead time,
scatter, and attenuation.

Lymph node involvement and distant metastases were assessed on the entire dataset of PET/MR
sequences for the purpose of NM staging. The primary tumour size and infiltration of neighbouring
structures were evaluated on the dedicated breast PET/MR protocol for T staging [50].

The dynamic contrast-enhanced (DCE)-MRI images were processed through commercially
available and clinically approved software for estimating tissue perfusion (Tissue 4D, Siemens
Healthiness) according to the same established procedures provided by the manufacturer manual and
widely used in the published literature. The pharmacokinetic modelling is based on a two-compartment
Toft’s model that allows for the calculation of the following: the transfer constant between vascular,
extravascular, and extracellular space (EES) (Ktrans); volume of EES (Ve); constant reflux between EES
and blood plasma (kep); initial area under the concentration curve (iAUC) [51,52]. Ktrans is a parameter
related to vessel permeability and tissue blood flow. The volume of the extravascular extracellular
space Ve is a marker of cell density, kep is a transfer constant from the extracellular/extravascular space
to plasma, and iAUC is related to the blood volume in the tissue of interest [51].

After automatic motion correction and registration of the pre- and post-contrast acquisitions,
T1 mapping was automatically obtained from the multiple flip angle pre-contrast part of the DCE-MRI
sequence. Arterial input function (AIF) was related to the gadolinium dose injected and automatically
modelled by a bi-exponential function using an intermediate population-derived mode provided by
the software. On each single slice, a region-of-interest (ROI) was manually plotted around the tumour
excluding the neighbouring vessels (internal mammary arteries and heart chambers) to compute the
MR perfusion biomarker maps that were stored in the system.

For the subsequent tumour ROI analysis, PET/MR datasets (PET acquisition, dynamic axial
T1 weighted post-contrast, dynamic axial T1 weighted subtracted contrast-enhanced images, axial
T2 weighted sequences, axial apparent diffusion coefficient (ADC) map, and perfusion maps for
Ktrans, Ve, kep and iAUC) were simultaneously evaluated on a clinically approved hybrid imaging
workstation (Syngo.via, Siemens Healthiness) allowing the visual and quantitative comparison of the
multiparametric data.

The maximum standardized uptake value (SUVmax) was automatically calculated by using an
iso-contour automatic volume-of-interest (VOI) method of tissue delineation that selected a fixed
threshold fraction (40%) of the peak activity in the tumour.

To obtain Ktrans, Ve, Kep and iAUC, the subtracted dynamic post-contrast T1-weighted series
that best visualized the tumour was chosen. ROIs were manually drawn around the tumour on each
image of that series, copied and then pasted on the corresponding Ktrans, Ve, Kep and iAUC maps.
The values of all the ROIs were averaged. To obtain the ADC values, the ROIs were drawn on each
image of the high-b value (800 s/mm2) diffusion-weighted imaging (DWI), copied and then pasted on
the ADC maps. The values of all the ROIs were averaged.

While the ROIs were drawn around the tumours, care was taken to avoid including large feeding
vessels and areas of frank necrosis, as seen on T2 weighted and subtracted dynamic post-contrast
T1-weighted images.

The maximal diameter of the tumour was measured on every single slice of the reference subtracted
dynamic post-contrast T1-weighted images. The measurements were performed by a radiologist and a
nuclear medicine physician with more than 5 years of experience. The whole-body and breast PET/MR
protocols were derived from the published literature [20,35].
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4.4. Plasma Sampling, RNA Extraction and Reverse Transcription

Blood samples were collected immediately before FDG injection. For each patient, a total of
10.5 mL of venous blood was collected in BD Vacutainer® 3 mL ethylenediaminetetraacetic acid (EDTA)
tubes (Becton Dikinson, Franklin Lakes, NJ, USA) and 7.5 mL serum separating tubes. Blood was
processed within 1 h of harvest. Plasma and serum were obtained from the whole blood samples by
centrifugation at 1900× g for 10 min at 4 ◦C. The supernatant was further centrifuged at 16,000× g for
10 min at 4 ◦C and stored in aliquots of 0.5 mL at −80 ◦C until analysis. The samples were stored at
−80 ◦C at the SDN Biobank (IRCCS DSN, Naples, Italy) [53]. The extraction of total RNA from 200 μL of
plasma was performed within 1 year of storage at−80 ◦C using an miRNeasy Serum/Plasma Kit (Qiagen,
Hilden, Germany) according to the manufacturer’s instructions. Briefly, 3.5 μL of Caenorhabditis elegans
miR-39 (cel-miR-39, 1.6 × 108 copies/μL) was added as the spike-in control after the denaturing solution.
Total RNA (including miRNAs) was eluted in 14 μL of RNase-free water. Reverse transcription was
performed using the miScript II RT Kit (Qiagen, Hilden, Germany) according to the manufacturer’s
instructions. Because extracellular miRNAs are less than 1% of the total RNA recovered [54] their
concentration is often under the detection limits of spectrophotometric devices, so we decided to use a
fixed volume rather than a fixed miRNA amount for qRT-PCR. To this aim, 1.5 μL of total RNA was
added to the HiSpect Buffer (Qiagen, Hilden, Germany), nucleic acid mix and reverse transcriptase
in a final volume of 20 μL. Reactions were incubated for 60 min at 37 ◦C and then for 5 min at 95 ◦C
to inactivate the miScript Reverse Transcriptase mix (Qiagen, Hilden, Germany). At the end of the
reactions, the resulting cDNAs were stored undiluted at −20 ◦C. The cycling conditions for real-time
PCR were as follows: 15 min at 95 ◦C as the initial activation step, followed by 3-step cycling including
denaturation (15 s at 94 ◦C), annealing (30 s at 55 ◦C) and extension (30 s at 70 ◦C) for a total of 40 cycles.

4.5. miRNA Microarray and Validation by Real-Time PCR (qRT-PCR)

By using the miScript miRNA PCR Array (Qiagen; MIHS-106Z), the expression profile of 84
human miRNAs (Supplementary Table S3) from the plasma samples of naïve BC patients and healthy
donors were screened according to the manufacturer’s protocol. The miScript miRNA PCR Array
profiles the expression of 84 human miRNAs known to be deregulated in different cancers and are best
characterized in miRBase. miRNA profiles were initially checked against a set population of 41 plasma
samples (14 plasma samples from healthy donors and 27 from BC patients at diagnosis) on a MyiQ
PCR system (Bio-Rad, Hercules, CA, USA). To identify interindividual variability, we did not pool
plasma samples from each group (BC patients and healthy donors), but each sample was individually
analysed by miRNA PCR arrays. The 96-well array also included n = 2 miRNA isolation controls,
n = 6 “Housekeeping” snRNAs, n = 2 miRNA Reverse Transcription Controls (miRTC) and n = 2
Positive PCR Controls (PPC). Briefly, 200 μL of RNase-free water was added to each 20 μL of reverse
transcription reaction, and 100 μL of diluted cDNA was used to prepare a reaction mix according to
the manufacturer’s protocol. For data analysis, the Baseline and Threshold settings, which were the
same across all PCR runs, were from cycle 2 to cycle 15 for Baseline and 20 for Threshold. By using a
data analysis tool (GeneGlobe Data Analysis Center, Qiagen, Hilden, Germany), the threshold cycle
(CT) values were exported, and the steps performed by the software were as follows: any CT value
≥ 33 was considered negative; if the RNA sample was of high quality, the cycling programme was
correctly run and the threshold was correctly defined, the value of the positive PCR control wells
from the CT samples (CTPPC) should be 19 ± 2 or 15 ± 2; if the CT values of the reverse transcription
control are less than 7, no inhibition of the reverse transcription reaction is apparent; the ΔCT value
for each mature miRNA profiled is calculated using the formula ΔCT = CTmiRNA - CTnormalizer.
The relative expression for each miRNA was calculated as 2−ΔCT, and the criteria for the selection of
miRNAs differentially expressed between the two populations with a statistical significance were a fold
change ≥1.5 and a p-value < 0.05. Data validations were performed by qRT-PCR screening for only the
following molecules: miR-125b-5p, miR-143-3p, miR-145-5p, miR-100-5p and miR-23a-3p. The Qiagen
miScript SYBR Green PCR Kit was used for qPCR according to the manufacturer’s protocol on the
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Bio-Rad MyiQ PCR system. To determine the best standard genes to normalize our data, BestKeeper
software was used [55]. By analysing n = 41 plasma samples, we found that the best normalizer
included in the miScript miRNA PCR Array was the exogenous cel-mir 39. The MiScript Primers
Assay was purchased from Qiagen (Qiagen, Hilden, Germany).

4.6. TCGA Data Processing

TCGA Breast Invasive Carcinoma (TCGA-BRCA project, February 2018) transcriptome profiling
data (miRNA Expression Quantification) and clinical metadata were extracted from the Genomic
Data Commons (GDC) portal (https://portal.gdc.cancer.gov/) for primary tumour (n = 1096 files for
1078 BC cases) and normal solid tissue (n = 104 files for 104 normal cases) using the open source R
software and the TCGAbiolinks R package [56]. For the miRNA datasets, we selected the level-3
miRNA-Seq data, which were produced on Illumina HiSeq 2000 sequencers (Illumina Ventures, San
Diego, CA, USA) The miRNA-Seq expression level-3 data contains raw read counts (n = 1881 miRNAs).
The miRNA raw counts were filtered as follows: we calculated the mean value for duplicated BC
cases and filtered out miRNA counts with null expression values on both conditions (tumour/normal)
for a total of 1625 filtered counts. We considered only 1625 filtered miRNAs for the normalization
step. Filtered raw counts were normalized using the Upper Quartile approach, and the patients with
“−Inf” normalized values were removed for a total of 1076 tumours. The normalized counts were
used to evaluate miR-125b-5p, miR-143-3p and miR-145-5p expression levels (tumour vs. normal) as
log2-transformed relative expression values. We performed a Wilcoxon test to assess the statistical
significance between tumour and normal conditions and calculated the adjusted p-value for each
selected miRNA profile. We also reported miRNA tumour expression profiles based on the American
Joint Committee on Cancer (AJCC) TNM staging. We grouped the clinical stages into four categories:
(1) stage I; (2) stage II; (3) stage III; and (4) stage IV. We filtered out data with unassessed stage (stage x)
or unreported information. Finally, we carried out a Spearman correlation analysis among the selected
miRNA profiles and reported the associated p-values.

4.7. In Situ Hybridization

ISH was performed on formalin-fixed and paraffin-embedded tissue specimens surgically resected
from patients diagnosed with BC. For each case analysed (a total of 22 breast tissues), we selected a
block of tissue fixed in formalin and embedded in paraffin representative of the tumour and used it
to obtain 4 μm-thick sections mounted on Superfrost Plus slides (Thermo Fisher Scientific, Waltham,
MA, USA). The paraffin sections were placed in an oven at 60 ◦C for 45 min the day before ISH was
performed and were stored overnight at 4 ◦C. Double digoxigenin (DIG)-labelled miRCURY LNA™
microRNA detection probes (Exiqon, Vedbæk, Denmark) were employed in this study. Specifically,
we used 60 nM miR-145-5p target probe (Exiqon, Cat #619865-360), 60 nM miR-143-3p target probe
(Exiqon, Cat #619872-360), 60 nM miR-125-5p target probe (Exiqon, Cat #611756-360), 40 nM scramble
miR negative control probe (Exiqon, Cat #90-001) and 10 nM U6 positive control probe (Exiqon, Cat
#90-002). The detection of microRNA by ISH was performed using the Enhanced miRCURY LNA
microRNA ISH Optimization Kit (Exiqon, Vedbæk, Denmark) according to the manufacturer’s protocol.
Briefly, formalin-fixed paraffin-embedded sections were deparaffinized in xylene, rehydrated through
solutions of ethanol to phosphate-buffered saline (PBS, pH 7.4) and pre-treated by enzymatic digestion
(Proteinase K at 20 μg/mL for 30 min at 37 ◦C). Hybridization was performed by adding 60 nM LNA
detection probes diluted in Exiqon hybridization buffer (Exiqon, Vedbæk, Denmark, Cat #90000) to each
slide and incubating for 1 h at 60 ◦C in a hybridizer oven. After hybridization, the sections were washed
under stringent conditions. Stringent washes were performed in pre-heated saline-sodium citrate (SSC)
buffers in 5-min washes at 60 ◦C: once in 5× SSC, twice in 1× SSC and twice in 0.2× SSC. Then, the slides
were placed in 0.2× SSC at room temperature and washed in PBS with 0.1% Tween-20. The sections were
blocked against the unspecific binding of the detection antibody using a blocking solution according to
the manufacturer’s recommendations at room temperature for 15 min. The chromogenic detection
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of the miRNA LNA-ISH probe was performed with anti- anti-digoxygenin -alkaline phosphatase
conjugate (1:800 dilution of the conjugate in blocking reagent, Roche Diagnostics GmbH, Mannheim,
Germany) and incubated at room temperature for 1 h. Enzymatic development was performed by
incubating the slides with 4-nitro-blue tetrazolium (NBT) and 5-bromo-4-chloro-3′-indolyl phosphate
(BCIP) substrate (Roche) at 30 ◦C overnight to allow the formation of dark-blue 4-nitro-blue tetrazolium
formazan precipitate. The following day, the sections were washed twice for 5 min in KTBT buffer
(50 mM Tris–HCl, 150 mM NaCl, 10 mM KCl) and then shortly twice in water. Counterstaining using
ISH nuclear fast red was performed for 1 min at room temperature. The sections were rinsed in
tap water for 10 min, dehydrated through an increasing gradient of ethanol solutions and mounted
with Eukitt mounting medium (VWR, Herlev, Denmark). A scrambled probe and U6 small nuclear
RNA-specific probe were used as controls.

4.8. Measurement of CA 15-3

The CA15-3 serology test was performed in accordance with the manufacturer’s protocols and
reference intervals. Specifically, this tumour marker was measured in 155 serum samples (n= 78 healthy
donors and n = 77 BC patients) on a Dimension Vista®1500 System (Siemens Healthcare Diagnostics
Inc., Tarrytown, NY, USA) that uses the LOCI method (Siemens Healthcare Diagnostics, Eschborn,
Germany), a homogeneous sandwich chemiluminescent immunoassay-based LOCI® technology
(Siemens Healthcare Diagnostics, Eschborn, Germany). The threshold value provided by the supplying
company for CA15-3 was 35 UI/mL. For serum tumour marker determination, when its level exceeded
a threshold value, the samples were considered to be positive; otherwise, they were considered to
be negative.

4.9. Statistical Analysis

Statistical analyses were performed using the open source R Statistical Software. All p-values
were two-sided, and p < 0.05 was considered statistically significant. We used Shapiro–Wilk analysis
and the Levene test to assess the normality and homoscedasticity of the distribution of the data,
respectively. We performed the Mann-Whitney non-parametric test to compare the expression of the
selected miRNAs between the two groups (BC and healthy controls). Furthermore, stepwise logistic
regression was implemented to assess the association between miRNA expression and the probability
of pathology. ROC curves were constructed for each miRNA, CA15-3 and CEA, and AUC values with
95% confidence intervals were calculated to evaluate the predictive power of the selected molecules
for detecting BC. We evaluated the diagnostic accuracy of each circulating miRNA, CA15-3 and CEA,
and their combination. The non-parametric Spearman’s rank-order correlation and Mann-Whitney U
test were performed to verify the correlations/associations among the biological markers and imaging
parameters. To assess the association between the molecular and imaging parameters, the data were
grouped according to positive or negative expression of ER, PR and HER2 receptors, low or high
expression of Ki67 (low ≤20% and high >20%), grading, and staging as I, II, III, and IV, according to
BC guidelines.

5. Conclusions

Our study highlighted that the addition of PET/MR biomarkers led to a better understanding of
the relationships between circulating miRNAs and tumour biology in our BC population. Nevertheless,
further studies with larger samples and a more homogeneous distribution of tumour subtypes and
staging are needed to confirm our results.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-6694/11/6/876/s1:
Table S1: Statistical analyses, Table S2: Correlation analysis among the indicated miRNAs and hormonal receptor
status of the lesions in a cohort of 77 BC patients, Table S3: Array Layout, Figure S1: Validation I: Relative
expression of the selected miRNAs in a study population of 46 healthy donors (CTR) and 64 BC subjects, Figure
S2: Expression analysis of miR-125b-5p, miR-143-3p and miR-145-5p by using the TCGA database.
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Abstract: To meet the current need for skeletal tumor-load estimation in castration-resistant prostate
cancer (CRPC), we developed a novel approach based on adaptive bone segmentation. In this study, we
compared the program output with existing estimates and with the radiological outcome. Seventy-six
whole-body single-photon emission computed tomographies/x-ray computed tomography with
3,3-diphosphono-1,2-propanedicarboxylic acid from mCRPC patients were analyzed. The software
identified the whole skeletal volume (SVol) and classified the voxels metastases (MVol) or normal bone
(BVol). SVol was compared with the estimation of a commercial software. MVol was compared with
manual assessment and with prostate specific antigen (PSA) levels. Counts/voxel were extracted
from MVol and BVol. After six cycles of 223RaCl2-therapy every patient was re-evaluated as having
progressive disease (PD), stable disease (SD), or a partial response (PR). SVol correlated with that of the
commercial software (R= 0.99, p< 0.001). MVol correlated with the manually-counted lesions (R = 0.61,
p < 0.001) and PSA (R = 0.46, p < 0.01). PD had a lower counts/voxel in MVol than PR/SD (715 ± 190 vs.
975 ± 215 and 1058 ± 255, p < 0.05 and p < 0.01) and BVol (PD 275 ± 60, PR 515 ± 188 and SD 528 ± 162
counts/voxel, p < 0.001). Segmentation-based tumor load correlated with radiological/laboratory
indices. Uptake was linked with the clinical outcome, suggesting that metastases in PD patients
have a lower affinity for bone-seeking radionuclides and might benefit less from bone-targeted
radioisotope therapies.

Keywords: mCRPC; SPECT/CT; Computer-assisted diagnosis; XOFIGO; Therapy response assessment

1. Introduction

Castration-resistant prostate cancer (CRPC) is defined by rising prostate specific antigen (PSA)
levels under androgen blockade and by the eventual diffuse metastatic spread [1–3]. In these patients,
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skeletal metastases can represent the most relevant prognostic factor, by impairing the static function
of the skeleton and by reducing the available space for hematopoiesis [4–6].

Diffuse skeletal CRPC metastatization, once considered a terminal diagnosis, can today be
managed by many different approaches, including new-generations of taxanes, second-line hormonal
therapy, and radioisotope treatments [7–12]. As these medications might have varying effectiveness
and cause different side effects, the choice of therapy sequence usually requires multidisciplinary
disease-management. Nevertheless, the most effective sequence of systemic treatments is still a matter
of discussion and patient-specific components are likely to play a relevant role [13–15].

Being able to assess treatment response reliably is a pre-requisite for therapy selection and
sequencing. Response evaluation may be performed either by analyzing tumor marker blood levels or
by serial imaging. Serum PSA level is the most used marker, but alkaline phosphatase might also be
helpful in assessing metastasis-dependent bone turnover [16,17].

Circulating markers are, however, dependent on the degree of tumor differentiation and can be
altered by concomitant therapies [18–20]. On the other hand, evaluating medical imaging, whether
morphological or radioisotope-based, can be challenging in the presence of a high number of metastases
or in case of therapy-related changes, such as the “flare” phenomenon [21].

Obtaining an automated evaluation of the skeletal tumor burden is one of the greatest current
unmet clinical needs; in recent years, an increasing number of software applications have been
developed for this purpose [22]. Existing applications are mostly based on automated thresholding,
using standardized uptake value on positron emission tomography (PET) or count values on bone
scans; in this setting, telling apart metastases-related uptake from other non-malignant sources of
increased bone turnover can be challenging.

To improve the reliability of metastases detection and to obtain a reliable estimation of tumor load,
we developed a specific computational tool based on segmentation analysis. This algorithm uses the
computed tomography (CT) information to identify and segment all hyperdense localizations within
the skeletal system automatically to define the overall metastatic bone compartment. In a second step,
information from the co-registered single-photon emission computed tomography (SPECT) or PET
images can be extracted for this volume. In this study, we tested this approach on a series of CRPC
patients and validated the analysis against different clinical parameters.

2. Results

2.1. Volumetric Assessment and Comparison between Systems

The estimate of total osseous tissue (skeletal volume SVol, sum of metastases volume MVol,
trabecular volume BVol, and cortical volume CVol) showed a tight concordance between our software
(EXCALIBUR, University of Genoa, Genoa, Italy) and the commercial application. Mean global skeletal
volume was in fact 3875 ± 1513 mL and 3881 ± 1499 mL as measured by the commercial software
application and by our computational program, respectively (R = 0.99, p < 0.001). Mean counts/voxel
were 439 ± 71 and 435 ± 61, respectively, with an R correlation index of 0.92 (p < 0.001, data not
shown). Mean MVol was 362 ± 249 mL (range 85–1194 mL), corresponding to 27 ± 20% of the total
trabecular bone.

The majority of tumor burden was located within the axial skeleton and in the hipbones (MVol

335 ± 140 mL); 61 patients (81%) had skeletal localizations within the appendicular long bones (MVol

32 ± 19 mL).

2.2. Volume Characteristics

Mean Hounsfield density was comparable for MVol (590 ± 136) and CVol (531 ± 92) but was
significantly lower for BVol (251 ± 78, p < 0.001). Higher tracer activity was measured within MVol

(939 ± 279 mean counts/voxel), as compared to BVol (462 ± 196 mean counts/voxel, p < 0.001). Activity
concentration within CVol was even lower (271± 106 mean counts/voxel), see Table 1. Mean counts/voxel
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were directly correlated to mean Hounsfielf Units (HU) for both MVol (R = 0.52, p < 0.01) and BVol

(R = 0.74, p < 0.001, Figure 1).

Table 1. Radiological and laboratory parameters in patients with or without superscan.

Parameter All Patients Superscan Non-Superscan p-Value

Mean MVol (mL) 357 ± 257 527 ± 304 245 ± 187 <0.001
Number of counted lesions 74 ± 30 106 ± 22 61 ± 23 <0.001
INV% 27 ± 20% 40 ± 23% 21 ± 16% <0.01
PSA (ng/mL) 539 ± 754 1235 ± 959 257 ± 407 <0.001
BVol mean counts/voxel 466 ± 198 565 ± 243 428 ± 164 NS
MVol mean counts/voxel 947 ± 277 1104 ± 291 886 ± 251 <0.05
BVol mean HU 251 ± 78 319 ± 78 223 ± 59 <0.01
MVol mean HU 590 ± 136 693 ± 132 549 ± 115 <0.001

MVol: Metastases Volume; INV%: Invasion% or MVol/BVol ratio PSA: Prostate-specific antigen; BVol: Trabecular bone
volume; HU: Hounsfield Unit.

Figure 1. Correlation between counts/voxel and Hounsfield density as well as between volumes and
number of metastases. A higher density corresponded to higher mean counts/voxel (top panels).
Furthermore, a close correlation was observed between the volumetric estimates and the manual count
of metastatic lesions (bottom panels). MVol = voxels metastases; BVol = normal bone; INV% = percent
of bone invaded by metastases (MVol/ BVol).

2.3. Tumor Volume, Number of Lesions, and PSA Level

The software based semi-automatic lesion identification (MVol) and the manual lesion count
showed a tight correlation, for the whole skeletal system (R = 0.61, p < 0.001, Figure 1) and the axial
segments (R = 0.64, p < 0.001), but not for the appendicular ones (R = 0.07, p = 0.52). Likewise, the
number of manually counted lesions correlated with the percent of invasion of the trabecular bone by
metastases (INV%) within the whole (R = 0.68) as well as axial (R = 0.69) skeleton, p < 0.001, Figure 1.

Remarkably, PSA level as a marker of tumor load correlated with our measures of bone involvement
(MVol R = 0.46, p < 0.01; number of manually counted lesions R = 0.67, p < 0.001; mean HU of MVol

R = 0.42, p < 0.01; mean HU BVol R = 0.52, p < 0.001; and MVol/BVol ratio R = 0.75, p < 0.001).
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2.4. Impact of Superscan Status

Twelve patients (16%) were classified as superscan. CRPC patients with a superscan had a higher
mean HU than non-superscan patients in BVol (p < 0.001 Figure 2) as well as in MVol (p < 0.01, Figure 2).

Figure 2. Comparison between superscan and non-superscan patients. Superscan subjects showed a
higher density in trabecular bone volume (BVol) as well as in metastases volume (MVol) (upper panels).
A higher counting rate was observed in the MVol of superscan patients (bottom left). Finally, percent
of trabecular bone space invaded by metastatic lesions was higher in the superscan subjects (bottom
right). * p < 0.05, ** p < 0.01, *** p < 0.001. INV% Percent of bone invaded by metastases (MVol/ BVol).

Mean counts/voxel in MVol were higher in superscan subjects than in non-superscan (1104 ± 291
vs. 886 ± 251, p < 0.05, Figure 2); conversely, mean counts/voxel in BVol were not significantly different
between the two subpopulations.

Finally, superscan was associated with a higher INV% of trabecular bone by osteoblastic lesions
(MVol/BVol ratio: 40 ± 23% vs. 21 ± 16%, p < 0.01, Figure 5), which was reflected, at qualitative analysis,
by a higher number of visually observable metastases (Number of metastases = 106 ± 22 vs. 61 ± 23,
p < 0.001). See Table 1 for a detailed analysis.

2.5. Therapy Response Assessment

According to the response assessment criteria, which are further detailed in the Material and
Methods, 21 patients (28%) were classified with progressive disease (PD), while 35 subjects (46%) were
classified with stable disease (SD), and 20 patients (26%) with a partial response (PR).

Patients who presented a PD status after the therapy completion exhibited a markedly lower
activity in the MVol (715 ± 190 counts) in the pre-therapy scan, when compared to those with PR
(N = 20, 975 ± 215 counts, p < 0.05) or SD (N = 35, 1058 ± 255 counts, p < 0.01). Of note, similar
findings were found within BVol, where patients with PD displayed the lowest activity (PD 275 ± 60,
PR 515 ± 188 and SD 528 ± 162 counts, p < 0.001). See Figure 3.
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Figure 3. Radioactivity concentration according to response. Patients with progressive disease (PD)
after the radioisotope therapy displayed a significantly lower radioactivity concentration at the baseline
imaging in metastases volume (MVol) as well as in trabecular bone volume (BVol). * p < 0.05, ** p < 0.01,
*** p < 0.001. SD = stable disease; PR = partial response.

At receiver operating characteristics (ROC) analysis, both MVol and BVol mean counts/voxel were
predictive of therapy effectiveness (MVol 0.895 and BVol 0.943 for, p < 0.001). The best threshold value
of mean counts/voxel for discriminating patients with progressive disease was in fact 805 in the MVol

(sensitivity 84%, specificity 81%) and 385 in the BVol (sensitivity 84%, specificity 100%). No differences
were observed in absolute volume of metastases (MVol) across the therapy outcome groups. See
Figure 4.

Figure 4. Receiver operating characteristics (ROC) curve of metastases volume (MVol) and trabecular
bone volume (BVol) counts/voxel values according to progression. Radioactivity concentration was able
to discriminate patients with a progressive disease in MVol as well as in BVol.

Patients presenting a superscan pattern of radioactivity distribution were evenly distributed
among the three groups (PD: 3/21 or 14%, SD 6/35 or 17%, and PR 3/20 15%, p = non significant.

PSA levels showed considerable variations during the therapy. On average, starting from staging
to the end of the therapy, it increased by 135 ± 99% in PD patients and by 27 ± 81% in PR subjects.
Conversely, PSA decreased by 40 ± 16% in SD patients. However, due to the marked spread of the
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PSA-level course among patients, no statistically significant difference could be demonstrated among
these groups.

See Table 2 for a detailed analysis.

Table 2. Radiological and laboratory parameters according to response.

Parameter PD SD PR PD vs. PR PD vs. SD PR vs. SD

Mean MVol (mL) 245 ± 312 342 ± 203 373 ± 254 NS NS NS
Number of counted lesions 56 ± 25 80 ± 33 79 ± 26 NS NS NS
MVol/BVol 19 ± 8% 29 ± 17% 31 ± 23 NS NS NS
PSA (ng/mL) 353 ± 540 446 ± 539 746 ± 1004 NS NS NS
BVol mean counts/voxel 275 ± 60 528 ± 162 515 ± 188 <0.001 <0.001 NS
MVol mean counts/voxel 715 ± 190 1058 ± 255 975 ± 219 <0.05 <0.01 NS
BVol mean HU 232 ± 81 253 ± 68 264 ± 82 NS NS NS
MVol mean HU 545 ± 157 605 ± 120 610 ± 127 NS NS NS

PD: Progressive disease; SD: Stable disease; PR: Partial response; MVol: Metastases volume; INV%: Invasion% or
MVol/BVol; PSA: Prostate-specific antigen; BVol: trabecular bone volume; HU: Hounsfield Units.

3. Discussion

The present paper describes a computational approach to the problem of skeletal tumor burden
quantification by means of SPECT/CT data. The robustness of the bone recognition was testified by the
tight correlation between the total bone volume as detected by our approach and by a commercial
application. The automated identification of bone tumor volume could not be compared with a
reference standard, as, to the best of our knowledge, a commercially available CT-based tumor burden
estimator does not yet exist. However, the estimates provided by this software tool show a tight
concordance with the traditional measures of tumor burden performed with imaging and blood tests.

In our analysis, we considered both the raw figure of tumor volume as well as the percent of
invasion, in other words, the ratio between tumor and trabecular volume. Both estimators strongly
correlated with the number of manually counted lesions as well as with the PSA values.

As expected, patients with a superscan status at planar bone scans presented a higher tumor
volume as well as a higher percent of trabecular bone invaded by bone metastases. These patients
presented also a higher bone metastases density and counting rate; however, mean counts in trabecular
bone did not significantly differ from those in the trabecular bone of non-superscan patients.

However, the distribution of radioactivity into the metastases, as well as into the trabecular
bone, appears to play an important role in the therapeutic effectiveness of 223RaCl2. Previous studies
have in fact shown that the distribution of the bone scan tracers mirrors that of 223RaCl2 [23,24]. In
our population, patients who were found to have a disease progression at the end of the therapy
presented a lower counting rate at the baseline SPECT/CT not only within the known tumor lesions,
but also in the trabecular bone. It might be hypothesized that a lower counting rate at SPECT/CT
could correspond to a lesser 223RaCl2 avidity and thus to a reduced absorbed dose. Thus, one might
hypothesize that micrometastases (if present) in trabecular bone exhibiting only a low counting rate
will receive an insufficient therapeutic dose. It is worth noting that tumor volume was conversely
and not significantly different across patients with partial response, stable, or progressive disease.
As a consequence, semi-quantitative evaluation of bone tracer uptake at baseline might be useful for
223RaCl2 therapy stratification.

Patients presenting with a superscan finding were equally distributed in the three response groups,
in other words, the presence of a superscan was not per se associated with imaging-based therapy
response in our population. Actually, the role of this imaging feature in predicting therapy response in
patients treated with 223RaCl2 has not been extensively studied. A previous report demonstrated a
trend for shorter survival in those patients when compared to those with less than six metastases [25];
however, the relatively low frequency of this condition does not allow us to reach definite conclusions,
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unless large-scale studies are planned. Nonetheless, our data might suggest that some superscan
patients might indeed benefit from a 223RaCl2 treatment.

The robustness of the generated volumetric data and the clinical relevance of the information
that has been derived from this analysis suggest a relevant potential for the computer-enhanced
evaluation of tumor burden. The relevance of such approaches is testified to by the growing number of
computer-assisted techniques, which have been developed in the last few decades to estimate the tumor
burden [22]. Different approaches have been presented, for example, the bone-scan index, which is
designed to be applied to planar bone scintigraphy [26], but was subject to false-positive findings in the
event of a flare phenomenon [27]. Moreover, new 3D-segmentation algorithms have been introduced
for PET/CT, one based on a 18F-NaF PET-threshold and requiring specific threshold determination
for each individual scanner [28], the other using the tracer uptake of 68Ga-PSMA (prostate-specific
membrane antigen) [29], that might be of special interest for upcoming, but currently not approved,
PSMA radio-ligand therapies. The main difference of our approach lies on the use of CT-density
contrast instead of the PET information for defining tumor volume as well as the applicability to any
CT-based hybrid imaging, PET/CT and SPECT/CT, the latter being more widely available and less
cost intensive, which is a major advantage of our current approach with SPECT/CT. Finally, the use of
bone seeking tracers might better reflect the uptake of 223RaCl2 and thus predict the radiation to the
metastases. One algorithm included a segmentation.

Some limitations have to be mentioned. A possible source of error could be a misclassification of
non-tumor-related bone thickening [30]. The application automatically excludes non-bone hyperdensity
(e.g., vascular calcification) from the edge detection. Likewise, voxel belonging to the spinal canal and
hypodense areas (such as bone cysts) are also sorted out. Our approach was shown to be congruent
with the estimation of bone volume as provided by a standard commercial software. However, a
comparison to an independent imaging-based reference standard provided by means of magnetic
resonance or PSMA-PET/CT was not available. Moreover, comparison with other approved methods
of tumor load determination, based on planar data, such as the bone scan index [31], was not possible
because of their intrinsic difference.

Another significant limitation is that in the SPECT/CT analysis, the limited resolution of the
single-photon technique could underestimate the counts in smaller volumes. Finally, we evaluated the
therapy response only in subjects who completed the entire 223RaCl2 therapy. This decision was made
in order to have a homogenous population and to be able to perform a therapy effectiveness evaluation
at the same time point after baseline staging. However, this choice excluded patients who interrupted
the therapy due to tumor-progress or because of toxicity; therefore, the information presented in this
manuscript applies only to the patient population with a relatively better prognosis [32]. Further
studies could shed light on the correlation among tumor load, tracer distribution, and overall survival
in patients with in-therapy progression.

4. Materials and Methods

4.1. Patient Population

Seventy-six consecutive patients suffering from CRPC, who underwent whole-body
99mTc-bisphosphonate-SPECT/CT (mean age 69.5 ± 7, age range 55.5–80.8), were retrospectively
analyzed. All examinations were performed for staging in patients with multiple bone lesions, before
radionuclide therapy using 223RaCl2. Inclusion criteria comprised histologically confirmed prostate
cancer, evidence of prostate specific antigen (PSA) increase under maximal androgen blockade, and
presence of clinically symptomatic as well as radiologically confirmed osteoblastic skeletal metastases.
Exclusion criteria were the presence of metal implants impeding the analysis of either the axial or the
appendicular skeleton (e.g., bilateral total hip replacement, extensive spondylosyndesis, etc.), absence
of a signed informed consent, and inability to complete the planned six cycles of 223RaCl2-therapy.
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Any previous therapy or combination of treatments was admitted. The PSA level at the time of the
scan was recorded.

All patients gave written informed consent for the retrospective analysis of the pseudonymized
clinical SPECT/CT data. The investigations were conducted in accordance with the Helsinki Declaration
and with national regulations, after approval by the ethics committee of the University of Tübingen.
All patients signed a specific consent form, detailing the use of imaging as well as of laboratory data
for research purposes.

4.2. Patients’ Follow Up

Patients were followed up with throughout the execution of the radionuclide therapy, which
included six 223RaCl2 administrations (one per month). A whole-body SPECT/CT scan was carried out
at the end of therapy. This scan was re-evaluated by an experienced viewer who was blinded to the
results of the computational analysis and who stratified the patients according to therapy response as
follows: if new lesions were detected (whether on CT or in the SPECT images), the case was classified as
progressive disease (PD). On the contrary, if no new lesions were observed, the patient was considered
having a stable disease (SD). Finally, if no new lesions were observed and the uptake intensity was
visibly diminished, the case was judged as partial response (PR). This study was approved by the Local
Ethics Committee of the University of Tübinngen (No. 747/2017BO1) on 9 March 2015.

4.3. Scan Protocol

Patients were scanned on a hybrid SPECT/CT device (Discovery 670 Pro, GE Healthcare, Chicago,
IL, USA), three hours after injection of 8–10 MBq/Kg of 99mTc-3,3-diphosphono-1,2-propanedicarboxylic
acid (CIS bio, Berlin, Germany). To minimize artifacts caused by the presence of radioactive urine in
the excretory system, patients were asked to drink at least 1000 mL of water during the uptake time
and to void immediately before the scan. No urinary bladder catheterization was used.

The acquisition protocol comprised a whole-body planar scan. This part was followed by a
whole-body SPECT/CT scan, from vertex up to mid-distal femur, which was obtained by reconstructing
and fusing three sequential fields-of-view on a dedicated workstation (Xeleris 3®, GE Healthcare,
Chicago, IL, USA). SPECT acquisition was carried out with the two camera heads in H-Mode;
parameters for each field-of-view were as follows: energy window 140.5 ± 1 0%, angular step 6◦, time
per step 15”. The transaxial field-of-view and pixel size of the reconstructed SPECT images were 54 cm
and 5 × 5 mm, respectively, with a matrix size of 128 × 128. SPECT raw data were reconstructed using
ordered-subset expectation maximization iterative protocol (2 iterations, 10 subsets).

The technical parameters of the 16-detector row, helical CT scanner included a gantry rotation
speed of 0.8 s and a table speed of 20 mm per gantry rotation. The scan was performed at 120 kV
voltage and 10–80 mA current. A dose modulation system (OptiDose®, GE Healthcare, Chicago, IL,
USA) was applied to optimize total exposure according to the patient’s body size. No contrast medium
was injected.

4.4. Image Analysis

Segmentation of bone volumes was performed on the CT data according to the previously
validated method [33–35]. Briefly, the algorithm identified the skeleton on CT images by assuming that
compact bone is the structure with the highest X-ray attenuation coefficient in the human body. This
assumption implies a stark HU value difference between soft tissue and cortical bone. The program
functions by reading the HU values of every voxel in any given slice horizontally; when it encounters
a sharp variation of HU density, it assumes that it had reached the bone outer border. From that point,
it samples a 2-pixel ring, which corresponds to the cortical bone. It then samples the average density
of this cortical bone volume. Thereafter, it categorizes every voxel on the inside of this volume as
trabecular bone (bone volume, BVol) or as osteoblastic metastases volume (MVol). This is done by using
the mean density of the cortical volume as the cutoff value, assuming the osteoblastic metastases will

270



Cancers 2019, 11, 869

have an average density at least equal to that of cortical bone. Therefore, the final output of this process
consists of the following volumes:

- Cortical Volume (CVol): the bone surface
- Trabecular Volume (BVol): the normal trabecular bone
- Metastases Volume (MVol): osteoblastic metastases (tumor burden)
- Skeletal Volume (SVol): entire skeletal volume (sum of CVol, BVol, and MVol)
- %INV: percent of invasion (MVol/BVol ratio)

A graphical overview of the segmentation process and an example of the program’s work on the
original slices are shown in Figures 5 and 6.

For details on the mathematical rationale underlying the bone recognition algorithm, please
see the original work from Sambuceti et al. [33]. For an overview on the principle of tumor burden
estimation, we refer to our previous work [6].

After an initial automatic segmentation, the program displayed the resulting images to the
operator, who could manually exclude all benign hyperdensities (e.g., osteochondrosis, osteophytes,
metal implants). Purely lytic areas, having a HU inferior to 30, were automatically removed.

Figure 5. Functioning of the segmentation process. The software analyzes sequentially the Hounsfield
Unit (HU) density of voxel within a single slice (top left). The bone border is identified as an increase of
HU values (top center). After definition of the cortical volume (CVol, top right), its mean HU density is
calculated. This value is used to classify all voxels located on the inside of CVol as pertinent to bone
metastases (MVol) or to normal trabecular bone (BVol, middle and left bottom panels). Afterwards,
mean counts/voxel are extracted from the co-registered images (bottom right).
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Figure 6. Examples of the segmentation output. Three-dimensional maximum intensity projections
representations (top panels) and transaxial views (bottom panels) of the original images (left) and of
the processed imaging outputs (center and right).

In the next step, masks corresponding to the MVol and the BVol were generated and exported onto
the co-registered SPECT images; here, mean radioactivity concentration (counts/voxel) was calculated.
The program’s output included the volume (in mL), the mean HU density, and the mean counts of
both volumes MVol and BVol. For the purpose of the present study, the skull was excluded from the
analysis. Separate computations were then conducted for the whole-body skeleton (the whole skeleton
from atlas until the distal femurs), the axial skeleton (vertebrae and sternum), and the appendicular
bones (humeral and femoral shafts).

4.5. Validation of the Computational Technique and Comparison with Controls

In order to correlate the information obtained by the new program with known indices, we
compared the magnitude of volumes, density values, and tracer distribution with approved radiological,
clinical, and laboratory standards of reference. In the first step, we aimed to verify the correctness
of the bone identification by our program. To do so, we compared the total SVol with a volumetric
estimate of the whole skeleton obtained by a licensed commercial application (QMetrix®, General
Electric, Boston, MA, USA). This comparison was done to ensure that our method could correctly
recognize the bone volume on the CT images.

In the second step, we compared the MVol (as an estimate of the tumor burden) with the absolute
number of metastatic lesions, which were manually counted on the SPECT/CT images by an expert
reader. Finally, MVol, mean MVol HU, average MVol counts, and ratio between MVol and BVol were
correlated to PSA levels.

To further stratify disease aggressiveness, both HU values and counts of MVol were compared
between patients with or without a superscan finding at planar imaging. Superscan was defined as the
presence of uniformly increased activity within the skeleton, with very faint or absent visualization of
the renal system [36].

4.6. Statistical Analysis

Data are presented as mean ±standard deviation. The t-test for unpaired data was used to
compare values between patients’ subgroups. To verify the probability of therapy response as a

272



Cancers 2019, 11, 869

function of the measured counts within the segmented volumes, ROC analyses were performed,
and areas-under-curve (AUC) calculated. Correlations between indices were assessed with bivariate
analyses, using Pearson’s R index. Prevalence of superscan patients among groups was tested using
the Chi-squared test.

A p-value of <0.05 was considered significant. The SPSS statistical program (SPSS®, v. 21.0, IBM,
Armonk NY, USA) was employed.

5. Conclusions

This study aimed to contribute to the transition to tailored treatments in the field of metastasized
castration-resistant prostate cancer. The availability of reliable indices of disease burden and the
capability to measure therapy response accurately, as well to predict its clinical course, are key in
ensuring the best possible treatment to every single patient. The present paper presents a method
by which disease-specific indices, mirroring the corresponding parameters of disease status, can be
obtained. The capability to extract this data can potentially be used, pending further studies, to
ameliorate the imaging-based disease stratification and to improve the therapeutic schedule, therefore
improving treatment effectiveness in these patients.

Author Contributions: Individual contribution are as follows: Conceptualization: F.F., C.l.F and G.S.; methodology:
M.R., H.D., C.C. and A.S.; Software: C.C. and M.P.; Formal analysis: M.W. ans S.S.; Visualization: M.W. and S.S.;
Writing (draft preparation): F.F., M.W. and H.D.; Writing (review and editing): F.F., C.l.F., H.D., A.S., M.P. and G.S.;
Supervision: C.l.F.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Seruga, B.; Ocana, A.; Tannock, I.F. Drug resistance in metastatic castration-resistant prostate cancer. Nat. Rev.
Clin. Oncol. 2011, 8, 12–23. [CrossRef] [PubMed]

2. Cookson, M.S.; Roth, B.J.; Dahm, P.; Engstrom, C.; Freedland, S.J.; Hussain, M.; Lin, D.W.; Lowrance, W.T.;
Murad, M.H.; Oh, W.K.; et al. Castration-resistant prostate cancer: AUA Guideline. J. Urol. 2013, 190,
429–438. [CrossRef] [PubMed]

3. Bubendorf, L.; Schopfer, A.; Wagner, U.; Sauter, G.; Moch, H.; Willi, N.; Gasser, T.C.; Mihatsch, M.J. Metastatic
patterns of prostate cancer: An autopsy study of 1589 patients. Hum. Pathol. 2000, 31, 578–583. [CrossRef]
[PubMed]

4. Huang, X.; Chau, C.H.; Figg, W.D. Challenges to improved therapeutics for metastatic castrate resistant
prostate cancer: From recent successes and failures. J. Hematol. Oncol. 2012, 5, 35. [CrossRef] [PubMed]

5. Benjamin, R. Neurologic complications of prostate cancer. Am. Fam. Physician 2002, 65, 1834–1840. [PubMed]
6. Fiz, F.; Sahbai, S.; Campi, C.; Weissinger, M.; Dittmann, H.; Marini, C.; Piana, M.; Sambuceti, G.; la Fougere, C.

Tumor Burden and Intraosseous Metabolic Activity as Predictors of Bone Marrow Failure during Radioisotope
Therapy in Metastasized Prostate Cancer Patients. Biomed. Res. Int. 2017, 2017, 3905216. [CrossRef] [PubMed]

7. Kantoff, P.W.; Higano, C.S.; Shore, N.D.; Berger, E.R.; Small, E.J.; Penson, D.F.; Redfern, C.H.; Ferrari, A.C.;
Dreicer, R.; Sims, R.B.; et al. Sipuleucel-T immunotherapy for castration-resistant prostate cancer. N. Engl.
J. Med. 2010, 363, 411–422. [CrossRef] [PubMed]

8. Kwon, E.D.; Drake, C.G.; Scher, H.I.; Fizazi, K.; Bossi, A.; van den Eertwegh, A.J.; Krainer, M.; Houede, N.;
Santos, R.; Mahammedi, H.; et al. Ipilimumab versus placebo after radiotherapy in patients with metastatic
castration-resistant prostate cancer that had progressed after docetaxel chemotherapy (CA184-043): A
multicentre, randomised, double-blind, phase 3 trial. Lancet Oncol. 2014, 15, 700–712. [CrossRef]

9. Pezaro, C.J.; Omlin, A.G.; Altavilla, A.; Lorente, D.; Ferraldeschi, R.; Bianchini, D.; Dearnaley, D.; Parker, C.;
de Bono, J.S.; Attard, G. Activity of cabazitaxel in castration-resistant prostate cancer progressing after
docetaxel and next-generation endocrine agents. Eur. Urol. 2014, 66, 459–465. [CrossRef] [PubMed]

273



Cancers 2019, 11, 869

10. Hoskin, P.; Sartor, O.; O’Sullivan, J.M.; Johannessen, D.C.; Helle, S.I.; Logue, J.; Bottomley, D.; Nilsson, S.;
Vogelzang, N.J.; Fang, F.; et al. Efficacy and safety of radium-223 dichloride in patients with castration-resistant
prostate cancer and symptomatic bone metastases, with or without previous docetaxel use: A prespecified
subgroup analysis from the randomised, double-blind, phase 3 ALSYMPCA trial. Lancet Oncol. 2014, 15,
1397–1406. [CrossRef]

11. Kratochwil, C.; Giesel, F.L.; Stefanova, M.; Benesova, M.; Bronzel, M.; Afshar-Oromieh, A.; Mier, W.; Eder, M.;
Kopka, K.; Haberkorn, U. PSMA-Targeted Radionuclide Therapy of Metastatic Castration-Resistant Prostate
Cancer with 177Lu-Labeled PSMA-617. J. Nucl. Med. 2016, 57, 1170–1176. [CrossRef] [PubMed]

12. Kratochwil, C.; Bruchertseifer, F.; Giesel, F.L.; Weis, M.; Verburg, F.A.; Mottaghy, F.; Kopka, K.; Apostolidis, C.;
Haberkorn, U.; Morgenstern, A. 225Ac-PSMA-617 for PSMA-Targeted alpha-Radiation Therapy of Metastatic
Castration-Resistant Prostate Cancer. J. Nucl. Med. 2016, 57, 1941–1944. [CrossRef] [PubMed]

13. Sartor, A.O.; Fitzpatrick, J.M. Urologists and oncologists: Adapting to a new treatment paradigm in
castration-resistant prostate cancer (CRPC). BJU Int. 2012, 110, 328–335. [CrossRef] [PubMed]

14. Sartor, O. State-of-the-Art Management for the Patient with Castration-Resistant Prostate Cancer in 2012.
Am. Soc. Clin. Oncol. Educ. Book 2012, 289–291. [CrossRef]

15. Chung, P.H.; Gayed, B.A.; Thoreson, G.R.; Raj, G.V. Emerging drugs for prostate cancer. Expert Opin.
Emerg. Drugs 2013, 18, 533–550. [CrossRef]

16. Yu, E.Y.; Gulati, R.; Telesca, D.; Jiang, P.; Tam, S.; Russell, K.J.; Nelson, P.S.; Etzioni, R.D.; Higano, C.S.
Duration of first off-treatment interval is prognostic for time to castration resistance and death in men with
biochemical relapse of prostate cancer treated on a prospective trial of intermittent androgen deprivation.
J. Clin. Oncol. 2010, 28, 2668–2673. [CrossRef]

17. Bahl, A.K.; Bertelli, G.; Lewis, P.D.; Jenkins, P.; Aziz, A.; Davies, P.J.; Persad, R.; Smith, C.G.; Hurley, K.;
Mason, M.D. Correlation of elevated alkaline phosphatase (ALP) and survival in metastatic castration-resistant
prostate cancer (CRPC) treated with docetaxel chemotherapy: Results of SWSW Uro-oncology Group study
from three U.K. centers. J. Clin. Oncol. 2011, 29, 206. [CrossRef]

18. Piper, C.; van Erps, T.; Pfister, D.J.; Epplen, R.; Porres, D.; Heidenreich, A. Frequency and prognostic
significance of the PSA flare-up phenomenon in men with castration-resistant prostate cancer (CRPC) who
undergo docetaxel-based chemotherapy. J. Clin. Oncol. 2012, 30, 92. [CrossRef]

19. Schroder, F.H.; Tombal, B.; Miller, K.; Boccon-Gibod, L.; Shore, N.D.; Crawford, E.D.; Moul, J.; Olesen, T.K.;
Persson, B.E. Changes in alkaline phosphatase levels in patients with prostate cancer receiving degarelix or
leuprolide: Results from a 12-month, comparative, phase III study. BJU Int. 2010, 106, 182–187. [CrossRef]

20. Qin, J.; Liu, X.; Laffin, B.; Chen, X.; Choy, G.; Jeter, C.R.; Calhoun-Davis, T.; Li, H.; Palapattu, G.S.; Pang, S.;
et al. The PSA(-/lo) prostate cancer cell population harbors self-renewing long-term tumor-propagating cells
that resist castration. Cell Stem Cell 2012, 10, 556–569. [CrossRef]

21. Pollen, J.J.; Witztum, K.F.; Ashburn, W.L. The flare phenomenon on radionuclide bone scan in metastatic
prostate cancer. AJR Am. J. Roentgenol. 1984, 142, 773–776. [CrossRef] [PubMed]

22. Fiz, F.; Dittman, H.; Campi, C.; Morbelli, S.; Marini, C.; Brignone, M.; Bauckneht, M.; Piva, R.; Massone, A.M.;
Piana, M.; et al. Assessment of Skeletal Tumor Load in Metastasized Castration-Resistant Prostate Cancer
Patients: A Review of Available Methods and an Overview on Future Perspectives. Bioengineering 2018, 5, 58.
[CrossRef] [PubMed]

23. Carrasquillo, J.A.; O’Donoghue, J.A.; Pandit-Taskar, N.; Humm, J.L.; Rathkopf, D.E.; Slovin, S.F.;
Williamson, M.J.; Lacuna, K.; Aksnes, A.K.; Larson, S.M.; et al. Phase I pharmacokinetic and biodistribution
study with escalating doses of (2)(2)(3)Ra-dichloride in men with castration-resistant metastatic prostate
cancer. Eur. J. Nucl. Med. Mol. Imaging 2013, 40, 1384–1393. [CrossRef] [PubMed]

24. Pacilio, M.; Ventroni, G.; De Vincentis, G.; Cassano, B.; Pellegrini, R.; Di Castro, E.; Frantellizzi, V.;
Follacchio, G.A.; Garkavaya, T.; Lorenzon, L.; et al. Dosimetry of bone metastases in targeted radionuclide
therapy with alpha-emitting (223)Ra-dichloride. Eur. J. Nucl. Med. Mol. Imaging 2016, 43, 21–33. [CrossRef]
[PubMed]

25. Fosbol, M.O.; Petersen, P.M.; Kjaer, A.; Mortensen, J. (223)Ra Therapy of Advanced Metastatic
Castration-Resistant Prostate Cancer: Quantitative Assessment of Skeletal Tumor Burden for Prognostication
of Clinical Outcome and Hematologic Toxicity. J. Nucl. Med. 2018, 59, 596–602. [CrossRef] [PubMed]

274



Cancers 2019, 11, 869

26. Petersen, L.J.; Mortensen, J.C.; Bertelsen, H.; Zacho, H.D. Computer-assisted interpretation of planar
whole-body bone scintigraphy in patients with newly diagnosed prostate cancer. Nucl. Med. Commun. 2015,
36, 679–685. [CrossRef]

27. Ryan, C.J.; Shah, S.; Efstathiou, E.; Smith, M.R.; Taplin, M.E.; Bubley, G.J.; Logothetis, C.J.; Kheoh, T.; Kilian, C.;
Haqq, C.M.; et al. Phase II study of abiraterone acetate in chemotherapy-naive metastatic castration-resistant
prostate cancer displaying bone flare discordant with serologic response. Clin. Cancer Res. 2011, 17, 4854–4861.
[CrossRef] [PubMed]

28. Rohren, E.M.; Etchebehere, E.C.; Araujo, J.C.; Hobbs, B.P.; Swanston, N.M.; Everding, M.; Moody, T.;
Macapinlac, H.A. Determination of Skeletal Tumor Burden on 18F-Fluoride PET/CT. J. Nucl. Med. 2015, 56,
1507–1512. [CrossRef]

29. Bieth, M.; Kronke, M.; Tauber, R.; Dahlbender, M.; Retz, M.; Nekolla, S.G.; Menze, B.; Maurer, T.; Eiber, M.;
Schwaiger, M. Exploring New Multimodal Quantitative Imaging Indices for the Assessment of Osseous
Tumor Burden in Prostate Cancer Using 68Ga-PSMA PET/CT. J. Nucl. Med. 2017, 58, 1632–1637. [CrossRef]

30. Horger, M.; Bares, R. The role of single-photon emission computed tomography/computed tomography in
benign and malignant bone disease. Semin. Nucl. Med. 2006, 36, 286–294. [CrossRef]

31. Nakajima, K.; Edenbrandt, L.; Mizokami, A. Bone scan index: A new biomarker of bone metastasis in
patients with prostate cancer. Int. J. Urol. 2017, 24, 668–673. [CrossRef] [PubMed]

32. Dadhania, S.; Alonzi, R.; Douglas, S.; Gogbashian, A.; Hughes, R.; Dalili, D.; Vasdev, N.; Adshead, J.; Lane, T.;
Westbury, C.; et al. Single-centre Experience of Use of Radium 223 with Clinical Outcomes Based on Number
of Cycles and Bone Marrow Toxicity. Anticancer Res. 2018, 38, 5423–5427. [CrossRef] [PubMed]

33. Sambuceti, G.; Brignone, M.; Marini, C.; Massollo, M.; Fiz, F.; Morbelli, S.; Buschiazzo, A.; Campi, C.; Piva, R.;
Massone, A.M.; et al. Estimating the whole bone-marrow asset in humans by a computational approach to
integrated PET/CT imaging. Eur. J. Nucl. Med. Mol. Imaging 2012, 39, 1326–1338. [CrossRef] [PubMed]

34. Fiz, F.; Marini, C.; Piva, R.; Miglino, M.; Massollo, M.; Bongioanni, F.; Morbelli, S.; Bottoni, G.; Campi, C.;
Bacigalupo, A.; et al. Adult advanced chronic lymphocytic leukemia: Computational analysis of whole-body
CT documents a bone structure alteration. Radiology 2014, 271, 805–813. [CrossRef] [PubMed]

35. Fiz, F.; Marini, C.; Campi, C.; Massone, A.M.; Podesta, M.; Bottoni, G.; Piva, R.; Bongioanni, F.; Bacigalupo, A.;
Piana, M.; et al. Allogeneic cell transplant expands bone marrow distribution by colonizing previously
abandoned areas: An FDG PET/CT analysis. Blood 2015, 125, 4095–4102. [CrossRef] [PubMed]

36. Constable, A.R.; Cranage, R.W. Recognition of the superscan in prostatic bone scintigraphy. Br. J. Radiol.
1981, 54, 122–125. [CrossRef] [PubMed]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

275





cancers

Article

Diffusion-Weighted Imaging Can Differentiate
between Malignant and Benign Pleural Diseases

Katsuo Usuda 1,*, Shun Iwai 1, Aika Funasaki 1, Atsushi Sekimura 1, Nozomu Motono 1,

Munetaka Matoba 2, Mariko Doai 2, Sohsuke Yamada 3, Yoshimichi Ueda 4 and

Hidetaka Uramoto 1

1 Department of Thoracic Surgery, Kanazawa Medical University, Ishikawa 920-0293, Japan;
mhg1214@kanazawa-med.ac.jp (S.I.); aicarby@kanazawa-med.ac.jp (A.F.);
a24seki@kanazawa-med.ac.jp (A.S.); motono@kanazawa-med.ac.jp (N.M.);
hidetaka@kanazawa-med.ac.jp (H.U.)

2 Department of Radiology, Kanazawa Medical University, Ishikawa 920-0293, Japan;
m-matoba@kanazawa-med.ac.jp (M.M.); doaimari@kanazawa-med.ac.jp (M.D.)

3 Department of Pathology and Laboratory Medicine, Kanazawa Medical University,
Ishikawa 920-0293, Japan; sohsuke@kanazawa-med.ac.jp

4 Department of Pathophysiological and Experimental Pathology, Kanazawa Medical University,
Ishikawa 920-0293, Japan; z-ueda@kanazawa-med.ac.jp

* Correspondence: usuda@kanazawa-med.ac.jp; Tel.: +81-76-286-2211; Fax: +81-76-286-1207

Received: 1 May 2019; Accepted: 3 June 2019; Published: 12 June 2019

Abstract: It is not clear whether magnetic resonance imaging (MRI) is useful for the assessment
of pleural diseases. The aim of this study is to determine whether diffusion-weighted magnetic
resonance imaging (DWI) can differentiate malignant pleural mesothelioma (MPM) from pleural
dissemination of lung cancer, empyema or pleural effusion. The DWI was calibrated with the b value
of 0 and 800 s/mm2. There were 11 MPMs (8 epithelioid and 3 biphasic), 10 pleural disseminations of
lung cancer, 10 empyemas, and 12 pleural effusions. The apparent diffusion coefficient (ADC) of the
pleural diseases was 1.22 ± 0.25 × 10−3 mm2/s in the MPMs, 1.31 ± 0.49 × 10−3 mm2/s in the pleural
disseminations, 2.01 ± 0.45 × 10−3 mm2/s in the empyemas and 3.76 ± 0.62 × 10−3 mm2/s in the pleural
effusions. The ADC of the MPMs and the pleural disseminations were significantly lower than the
ADC of the empyemas and the pleural effusions. Concerning the diffusion pattern of DWI, all 11
MPMs showed strong continuous diffusion, 9 of 10 pleural disseminations showed strong scattered
diffusion and 1 pleural dissemination showed strong continuous diffusion, all 10 empyemas showed
weak continuous diffusion, and all 12 pleural effusions showed no decreased diffusion. DWI can
evaluate pleural diseases morphologically and qualitatively, and thus differentiate between malignant
and benign pleural diseases.

Keywords: magnetic resonance imaging; diffusion-weighted imaging; malignant pleural mesothelioma;
pleural dissemination; empyema; pleural effusion

1. Introduction

Malignant pleural mesothelioma (MPM) is a highly lethal disease with limited therapeutic
options that are difficult for patients to endure. Computed tomography (CT) is the primary imaging
modality used to evaluate MPM and accurately track the spread of the primary tumor, the intrathoracic
lymphadenopathy, as well as the extrathoracic spread. Early diagnosis of MPM is usually difficult in
the modality of a chest CT, because pleural thickness or pleural effusion due to MPM can resemble
a benign disease on a CT scan image. Additional imaging modalities, such as magnetic resonance
imaging (MRI) and fluoro-2-deoxy-glucose positron emission tomography/computed tomography
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(FDG-PET/CT), have emerged in recent years and are complementary to CT for disease staging and
evaluation of patients with MPM [1]. There have been several recent research papers that have shown
that MRI is the best modality for the assessment of the pleural interface, characterization of complex
pleural effusion, and identification of exudate and hemorrhages, and staging accuracy [2]. MRI is more
accurate than CT in staging evaluation of local invasions in the endothoracic fascia or single chest wall
focus (68% vs. 46%) and the diaphragm (82% vs. 55%) [3]. Diffusion-weighted magnetic resonance
imaging (DWI) has reportedly been useful in differentiating malignant pleural diseases from benign
alterations [4]. DWI utilizes the random, translational motion, or so-called Brownian movement, of
water molecules in biologic tissue [5]. DWI has been used for brain imaging, mainly for the assessment
of acute ischemic strokes, intracranial tumors and demyelinating diseases [6].

The purpose of this study was to determine whether DWI can differentiate MPM from pleural
dissemination of lung cancer, empyema, or pleural effusion.

2. Results

Below is shown typical radiological imaging of an MPM (Figure 1), a pleural dissemination of
lung cancer (Figure 2), an empyema (Figure 3) and a pleural effusion (Figure 4).

 

Figure 1. Case 1—Malignant Pleural Mesothelioma (MPM). A 64-year-old male with MPM (cT4N2M0).
The yellow arrows indicate the MPM. The blue arrows indicate pleural effusion. Computed tomography
(CT) showed left pleural thickness of the MPM. The apparent diffusion coefficient (ADC) of the MPM
was 0.84 × 10−3 mm2/s (positive) and the ADC of the pleural fluid was 3.95 × 10−3 mm2/s (negative).
Fluorodeoxyglucose (FDG)-position emission tomography (PET)/CT showed partial accumulation
(standardized uptake value (SUV)max: 12.39) of FDG on the MPM.
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Figure 2. Case 2—Pleural dissemination of lung cancer. An 81-year-old male with pleural dissemination
of a large cell neuroendocrine carcinoma. The yellow arrows indicate pleural dissemination.
The blue arrows indicate pleural fluid. The apparent diffusion coefficient (ADC) of the pleural
dissemination was 0.67 × 10−3 mm2/s (positive) and the ADC of the pleural fluid was 3.03 × 10−3 mm2/s
(negative). Fluorodeoxyglucose-position emission tomography/computed tomography (FDG-PET/CT)
showed scattered accumulation (standardized uptake value (SUVmax): 14.7) of the FDG on the
pleural dissemination.

Figure 3. Case 3—Empyema. A 70-year-old male with right empyema. The yellow arrows indicate
pleural thickness. The blue arrows indicate pleural fluid. The apparent diffusion coefficient (ADC)
of the pleural thickness was 1.82 × 10−3 mm2/s (negative) and the ADC of the pleural fluid was
3.95 × 10−3 mm2/s (negative).
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Figure 4. Case 4—Pleural effusion due to exudative pleurisy in a 79-year-old male, who suffered from
right pneumonia. The blue arrows indicate pleural fluid. Pleural effusion was not seen in diffusion
weighted magnetic resonance imaging (DWI). The apparent diffusion coefficient (ADC) of pleural fluid
was 4.02 × 10−3 mm2/s (negative).

Diffusion patterns based on pleural lesions are shown in Table 1. All 11 cases of MPM showed
strong continuous diffusion. Nine of the 10 pleural disseminations showed strong scattered diffusion,
and one pleural dissemination showed strong continuous diffusion. All 10 empyemas showed weak
continuous diffusion. All 12 pleural effusions showed no decreased diffusion.

The ADC values of the pleural diseases were 1.22 ± 0.25 × 10−3 mm2/s in the MPMs, 1.31 ±
0.49 × 10−3 mm2/s in the pleural disseminations, 2.01 ± 0.45 × 10−3 mm2/s in the empyemas and
3.76 ± 0.62 × 10−3 mm2/s in the pleural effusions (Figure 5). The ADC of the MPMs was significantly
lower than that of the empyemas (P = 0.0007) and the pleural effusions (P < 0.0001). The ADC values
of the pleural disseminations were significantly lower than that of the empyemas (P = 0.0086) and
the pleural effusions (P < 0.0001). The ADC of the MPM was not significantly different from that of
pleural dissemination.

There were eight epithelioid and three biphasic MPMs. The ADC (1.23 ± 0.26 × 10−3 mm2/s) of
the epithelioid MPMs was not significantly higher than the ADC (1.17 ± 0.21 × 10−3 mm2/s) of the
biphasic MPMs (P = 0.73).

Of the 10 pleural disseminations of lung cancer, seven were adenocarcinomas, two were small
cell carcinomas, and one was large cell neuroendocrine carcinoma (LCNEC). The ADC of the pleural
dissemination was 1.63 ± 0.13 × 10−3 mm2/s in adenocarcinomas, 0.68 ± 0.18× 10−3 mm2/s in small
cell carcinomas, and 0.67 × 10−3 mm2/s in a LCNEC. The ADC of adenocarcinomas was significantly
higher than that of small cell carcinomas (P = 0.0002).

Six of the pleural effusions were exudative, two were caused by atelectasis, two were caused by
malignant uterus tumors, one was caused by trauma, and one was caused by asbestosis. Because the
two patients with malignant uterus tumors had negative results of pleural cytology and did not have
pleural dissemination, the causes of pleural effusion in the malignant uterus tumors were not clear.
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Table 1. Diffusion patterns of DWI for pleural lesions.

Diffusion Pattern
Strong

Continuous
Strong

Scattered
Weak

Continuous
No

Decreased
No. of
Cases

Diagnosis

MPM 11 0 0 0 11
Pleural dissemination 1 9 0 0 10

Empyema 0 0 10 0 10
Pleural effusion 0 0 0 12 12

No. of
cases 12 9 10 12 43

MPM: Malignant Pleural Mesothelioma.

Figure 5. Differences of apparent diffusion coefficient (ADC) of pleural lesions. Mean ADCs were
1.22 ± 0.25 × 10−3 mm2/s in Malignant Pleural Mesothelioma (MPM), 1.31 ± 0.49 × 10−3 mm2/s in
pleural dissemination, 2.01 ± 0.45 ×10−3 mm2/s in empyema, and 3.76 ± 0.62 × 10−3 mm2/s on pleural
effusion. The ADC of the MPM was significantly lower than that of empyema (P = 0.0007) or pleural
effusion (P < 0.0001). The ADC of pleural dissemination was significantly lower than that of empyema
(P = 0.0086) or pleural effusion (P < 0.0001).

The ADC values of the pleural fluid were 3.87 ± 0.29 × 10−3 mm2/s in MPMs,
3.59 ± 0.57 × 10−3 mm2/s in the pleural disseminations, 2.40 ± 1.26 × 10−3 mm2/s in the empyemas, and
3.94 ± 0.27 × 10−3 mm2/s in the pleural effusions (Figure 6). The ADC of pleural fluid was significantly
lower in the empyemas than in the MPMs (P = 0.0023), the pleural disseminations (P = 0.0286) and the
pleural effusions (P = 0.0009). No significant differences in pleural fluid were found in MPMs, pleural
disseminations, and pleural effusions.
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Figure 6. Differences in the apparent diffusion coefficient (ADC) of the pleural effusion inside the
pleural lesions. The ADCs of pleural fluid were 3.87 ± 0.29 × 10−3 mm2/s in Malignant Pleural
Mesothelioma (MPM), 3.59 ± 0.57 × 10−3 mm2/s in the pleural dissemination, 2.40 ± 1.26 × 10−3 mm2/s
in the empyema, and 3.94 ± 0.27 × 10−3 mm2/s in the pleural effusion.

3. Discussion

DWI can be used to detect the restricted diffusion of water molecules in the body. Evidence has
shown the advantage of DWI for functional information of neoplasm [7]. It has been reported that
DWI has the potential for differential diagnosis of pulmonary nodules and masses, and evaluation of
N factor/M factor/stage of lung cancer [8–11]. Two reports of meta-analysis concluded that DWI was
an accurate modality to evaluate N factor of lung cancer [12,13].

Diagnosing MPM correctly in its early phases is very difficult with CT because of fewer symptoms,
less pleural thickness or pleural effusion. At this stage, a chest CT would be performed to assess
the pleural disease, but the MPM might not be detected. MRI is an important adjunctive imaging
examination in thoracic oncologic imaging that is applied as a problem-solving tool to evaluate chest
wall invasion, intraspinal extension, and cardiac/vascular invasion [14]. Moreover, functional MR
imaging modality, such as DWI and dynamic contrast material–enhanced MR imaging modality, have
already proven effective in differentiating malignant from benign pleural diseases and assessing chest
wall and diaphragmatic involvement [15–19]. As this research has shown, DWI can diagnose an MPM
as a malignant tumor with strong continuous diffusion over the entire circumference of the pleural
with an ADC of less than 1.70 × 10−3 mm2/s. The MPMs present marked restricted diffusion of the
pleural tumor in DWI [20].

Coolen et al. [4] reported that visual evaluation of pleural pointillism was denoted by the presence
of multiple, hyperintense pleural spots on high-b-value DWI. It is useful to differentiate MPM from
benign alterations, which perform substantially better than mediastinal pleural thickness and shrinking
lung. Pleural pointillism could be used to provide guidance for biopsies and thoracoscopic evaluations.
In our article, one MPM also had hyperintense pleural diffusion on DWI, which we expressed as
“strong continuous diffusion“. Strong continuous diffusion and pleural pointillism can be seen in
DWI of MPMs. Although pleural pointillism on high-b-value DWI had better sensitivity and accuracy
than pleural thickness and lung shrinkage, the specificity was not significantly better, which suggests
that the three parameters should complement, rather than substitute, one another. Gill et al. [19] also
reported that the ADC value (1.31 ± 0.15 × 10−3 mm2/s) of the epithelioid MPMs was statistically
higher than that (1.01 ± 0.11 × 10−3 mm2/s) of the biphasic MPMs (P = 0.00024). In our study, we could
not repeat the results from Gill’s article due to small sample size.
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MRI has advantages over FDG-PET/CT due to its excellent soft tissue contrast and absence of
ionizing radiation [7]. Uptake of FDG in FDG-PET/CT is not always tumor specific, as seen in benign
inflammatory lesions, which can make accurate staging of MPMs difficult [21]. Although FDG-PET/CT
is more effective than CT for differentiating malignant from benign pleural diseases [22], its utility
is limited to assessing the primary tumor extension and the nodal status of MPM [23]. In general,
FDG-PET/CT can detect thicker parts of MPMs, but not thinner parts of MPMs.

DWI could diagnose pleural dissemination from lung cancer as a malignant tumor with strong
scattered diffusion along the pleura when the ADC was less than 1.70 × 10−3 mm2/s. Pleural
metastasis from breast cancer can be detected with DWI [24]. Moreover, DWI can evaluate pleural
lesions morphologically and qualitatively, while also differentiating between malignant pleural
diseases and benign pleural diseases. We have also shown that DWI can differentiate MPM from
pleural dissemination.

In our cases of empyema, The ADC of the pleural effusion decreased due to pus. The ADC of pleural
fluid in empyemas was significantly lower than the ADC of the MPMs, the pleural disseminations, and
the pleural effusions. Abscesses and thrombi impede the diffusivity of water molecules due to their
hyperviscous nature [7,25]. Therefore, the ADC value of empyema was significantly lower without a
significant decreased diffusion of the pleura. To diagnose empyema, the ADC value of pleura and
pleural cavity must be carefully evaluated.

MRI has proven superior to CT in the characterization of pleural fluid [26]. Pleural fluid is
typically hypointense on T1-weighted imaging and hyperintense on T2-weighted imaging [2]. As
shown in this article, when a patient with pleural fluid shows no decreased diffusion in DWI, and
when the ADC of the pleural fluid is higher, the pleural disease can be identified as benign.

MRIs have several advantages. They do not involve contrast agents and examinations take less
time. Furthermore, MRIs do not have the downside of radiation exposure and are suitable for children
with negative reactions to radiation [27]. On the other hand, an MRI is not a viable option for people
with devices, such as pacemakers, or tattoos. In addition, MRI examinations are loud, and can cause
some patients anxiety.

Limitations

There are two important limitations in this study. First, this study was performed at a single
institution and dealt with a small number of patients, which unavoidably introduced selection bias.
Second, we could not acquire consent forms from all the patients who developed pleural lesions in the
period from March 2015 to February 2019. Due to these limitations, our sample size was small. Our
ADC measurements were repeated three times and the minimum ADC value was recorded. Thus, this
ADC may not fully represent the whole tumor. There is no overwhelming agreement in the literature
concerning optimal DWI techniques and image analysis procedures, including region of interest (ROI)
size and placement.

Nevertheless, DWI has two limitations. First, some of the more common benign diseases which
present decreased diffusion and lower ADC values in DWI are pulmonary abscesses and empyemas
with histopathological necrosis. Second, mucinous adenocarcinomas were usually hypointense in
DWI and showed higher ADC values, which could be misjudged as benign lesions in DWI [28]. Since
mucinous adenocarcinomas had lower cellularity than tubular adenocarcinomas, it had lower DWI
signal intensity and higher ADC values than tubular adenocarcinoma in the ano-rectal region [29].

4. Patients and Methods

4.1. Eligibility

The study protocol for evaluating pleural lesions with CT and MRI with DWI was approved by the
ethical committee of Kanazawa Medical University (the approval number: No.189, the approval date:
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25th January 2012). After discussing the risks and benefits of the examinations with their surgeons, we
obtained written informed consents for CT and MRI from each patient.

4.2. Patients

A total of 43 patients with pleural diseases or pleural effusions underwent CT scans and MRI
examinations and were enrolled in this study in the period from March 2015 to February 2019. Exclusion
criteria were unwillingness to undergo an MRI examination, and the general issues that exclude most
patients from getting an MRI (e.g., incompatible implanted medical devices, claustrophobia, and tattoos).

The diagnosis of MPM and pleural dissemination of lung cancers were confirmed
histopathologically by biopsy or surgical procedure. The diagnosis of empyema was confirmed
by positive culture of pleural effusion or by purulent pleural effusion. The diagnosis of pleural effusion
was confirmed by negative cytology and negative culture of pleural effusion.

There were 11 MPMs, 10 pleural disseminations of lung cancers, 10 empyemas and 12 pleural
effusions.

4.3. Magnetic Resonance Imaging (MRI)

The 1.5 T superconducting magnetic scanner (Magnetom Avanto; Siemens, Erlangen, Germany)
with two anterior six-channel body phased-array coils and two posterior spinal clusters (six-channels
each) was used for MRI examinations. The conventional MRI consisted of a coronal T1-weighted
spin-echo sequence and coronal and axial T2-weighted fast spin-echo sequences. DWI using a
single-shot echo-planar technique were performed under SPAIR (spectral attenuated inversion recovery)
with respiratory triggered scan with the following parameter: b value = 0 and 800 s/mm2; TR/TE/flip
angle, 3000–4500/65/90; diffusion gradient encoding in three orthogonal directions; receiver bandwidth,
2442 Hz/Px; voxel size, 2.7 × 2.7 × 6.0 mm; field of view, 350 mm; matrix size, 128 × 128; number
of excitations, 5; section thickness, 6 mm and section gap, 0 mm. After image reconstruction, a
2-dimensional (2D) round or elliptical ROI was marked on the lesion which was detected visually on
the ADC map with reference to T1-weighted or CT image by a radiologist (M.D.) with 26 years of MRI
experience who was unaware of the patients’ clinical data. The procedure was done three times and we
recorded the minimum apparent diffusion coefficient (ADC) value. A consensus was reached if there
were any differences of opinion. The optical cutoff value (OCV) of ADC for diagnosing malignancy in
DWI was determined to be 1.70 × 10−3 mm2/s using the receiver operating characteristics (ROC) curve,
as previously described [8]. Pleural lesions with an ADC value of the same or less than the OCV were
classified as positive. Pleural lesions with ADC value of more than the OCV or those that could not be
detected on DWI were classified as negative. Diffusion pattern of DWI were divided into 4 categories:
1� strong continuous diffusion, 2� strong scattered diffusion, 3�weak continuous diffusion and 4� no

decreased diffusion.
FDG-PET/CTs were also used for the evaluation. FDG-PET/CTs were done with a dedicated PET

camera (SIEMENS Biograph Sensation 16, Erlangen Germany). All patients fasted for 6 hours before
the scans. The OCV of maximum standardized uptake value (SUVmax) for diagnosing malignancy in
FDG-PET/CT was determined to be 4.45 using the ROC curve, as previously described [8].

4.4. Statistical Analysis

Using StatView for Windows (Version 5.0; SAS Institute Inc. Cary, NC, USA), statistical analysis
was performed. The data is presented as the mean ± standard deviation. A two-tailed Student t test
was used for comparison of ADC values of various pleural lesions. A p-value of <0.05 was deemed
statistically significant.
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5. Conclusions

DWI can evaluate pleural diseases morphologically and qualitatively, while also differentiating
between malignant pleural diseases and benign pleural diseases. DWI has the ability to differentiate
MPM from pleural dissemination.
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Abstract: The purpose of this study was to determine the predictive power for treatment outcome
of a machine-learning algorithm combining magnetic resonance imaging (MRI)-derived data in
patients with sinonasal squamous cell carcinomas (SCCs). Thirty-six primary lesions in 36 patients
were evaluated. Quantitative morphological parameters and intratumoral characteristics from
T2-weighted images, tumor perfusion parameters from arterial spin labeling (ASL) and tumor
diffusion parameters of five diffusion models from multi-b-value diffusion-weighted imaging (DWI)
were obtained. Machine learning by a non-linear support vector machine (SVM) was used to construct
the best diagnostic algorithm for the prediction of local control and failure. The diagnostic accuracy
was evaluated using a 9-fold cross-validation scheme, dividing patients into training and validation
sets. Classification criteria for the division of local control and failure in nine training sets could be
constructed with a mean sensitivity of 0.98, specificity of 0.91, positive predictive value (PPV) of
0.94, negative predictive value (NPV) of 0.97, and accuracy of 0.96. The nine validation data sets
showed a mean sensitivity of 1.0, specificity of 0.82, PPV of 0.86, NPV of 1.0, and accuracy of 0.92.
In conclusion, a machine-learning algorithm using various MR imaging-derived data can be helpful
for the prediction of treatment outcomes in patients with sinonasal SCCs.

Keywords: magnetic resonance imaging; machine learning; diffusion; perfusion; texture analysis;
squamous cell carcinoma of the head and neck
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1. Introduction

Multimodal treatment such as a combination of surgery, chemotherapy and radiotherapy is the
standard treatment methods for head and neck squamous cell carcinomas (SCCs), including nasal cavity
or paranasal sinus SCCs [1]. Superselective arterial infusion of cisplatin with concomitant radiotherapy
has been widely recognized as a preferred treatment method for maxillary SCCs because of its high
local control rate and good prognosis, especially in patients with advanced diseases [2]. In performing
such nonsurgical therapy, the ability to predict treatment outcome, for instance whether local control
will be achieved, is very important. High-accuracy data-based predictions based on individualized
risk categories could help optimize management such as the selection of chemotherapy (e.g., decisions
about whether to perform induction chemotherapy) and the best post-treatment follow-up strategy.
In this way, truly personalized precision medicine may result from image-based data.

To assess and predict treatment outcomes, information about tumor, node, metastasis (TNM)
staging and tumor size have been conventionally used. However, several studies have reported that such
tumor conventional morphological information is not necessarily promising for predicting treatment
outcomes [3,4]. In contrast, a wide variety of information can be obtained for any tumor from imaging
such as quantitative tumor shape data [5], intratumoral textural parameters [6] and tumor functional
information such as tumor tissue perfusion information from perfusion-weighted imaging [4,7] and
tumor microstructural characteristics from diffusion-weighted imaging (DWI) [8–10]. Especially,
several studies identified associations between diffusion parameters derived from DWI and various
histopathological features, e.g. expression of Ki-67, p53, degree of tumor cellularity, etc. [11,12]. Tumor
perfusion parameters derived from dynamic contrast enhanced (DCE) technique were also reported its
correlation to tumor histopathological features such as p16 status and vascular endothelial growth
factor (VEGF) expression [13]. Another report demonstrated even conventional magnetic resonance
(MR) T1 weighted image (T1WI) and T2 weighted image (T2WI) showed the correlation to several
histopathological features with the use of histogram image analysis [14]. In contrast, as another approach
by different imaging modality, positron-emission tomography (PET) with 18F-fluorodeoxyglucose
(FDG) depicts a tumor’s rate of glucose metabolism. Several reports indicated FDG-PET imaging
parameters provided significant correlations to many histopathological features [15–19]. However,
FDG-PET scanning was a little invasive because of its radiation exposure. In using MR imaging,
most abovementioned tumor characteristics can be obtained completely non-invasively without the
use of contrast agent and radiation exposure. Several of these MR derived parameters have been
reported as independent predictors for treatment outcomes [4,8,20–23]. If we can efficiently integrate
these data, prediction of the treatment outcome with high diagnostic accuracy may be obtained.

Conventional multiparametric analysis is an important diagnostic method and will continue to
provide clinically useful cut-off values for parameters. However, a more advanced analysis technique is
needed to handle the variety of tumor characteristics that are now available. Recently, machine-learning
algorithms have been reported to select various parameters effectively in medical imaging analysis
including the assessment of head and neck SCC as a kind of artificial intelligence-based diagnostic
technique [24,25], however, the number of reports is very limited and they have focused exclusively on
intratumoral texture analysis parameters only; the utility of tumor functional information such as tumor
perfusion and diffusion is still uncertain. The utilization of advanced parameters by machine learning
may achieve ever-better predictive results by integrating data on numerous tumor characteristics.

The aim of this study was to determine the power of a machine-learning algorithm integrating
multiple quantitative MR imaging data including shape parameters, intratumoral texture, perfusion
and diffusion to predict treatment outcomes in patients with sinonasal SCCs.

2. Results

Fourteen patients were revealed to have local failure. Of these 14 patients, local failure was
proven in 11 by surgical biopsy with histological demonstration of residual SCC. In three patients,
a large new mass lesion was observed during the follow-up period. The remaining 22 patients were
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determined to have local control by clinical observation throughout follow-up (mean 57 mos; range
34–86 mos). Imaging analyses of the primary sites were successfully performed in all patients. Details
of obtained tumor morphological and intratumoral characteristics, perfusion and diffusion parameters
are summarized in Table 1.

Table 1. Data of patients with local control and failure.

Treatment Outcome

Local Control Local Failure

Patients’ Characteristics (no. of patients)

T-stage

T1 0 0
T2 1 0
T3 10 3
T4 11 11

N-stage

N0 18 12
N1 2 0
N2 2 2
N3 0 0

Morphological Parameters
Tumor volume (mL) 25.3 ± 16.5 34.3 ± 28.6
Surface area (cm2) 50.4 ± 18.7 69.6 ± 29.7

Sphericity 0.71 ± 0.08 0.61 ± 0.11

Intratumoral Characteristics Parameters

Relative mean signal 3.8 ± 0.6 3.4 ± 0.6
Coefficient of variance 0.12 ± 0.02 0.14 ± 0.04

Contrast 35.1 ± 6 41.3 ± 8.6
Correlation 0.84 ± 0.02 0.86 ± 0.03

Energy (×10−3) 1.5 ± 0.3 1.2 ± 0.4
Homogeneity 0.28 ± 0.03 0.26 ± 0.03

Perfusion Parameters
Absolute TBF (mL/100g/min) 156.7 ± 32.9 133.7 ± 29.3

Relative TBF 7.47 ± 0.83 6.25 ± 1.22

Diffusion Parameters

ADC (×10−3 mm2/s) 0.91 ± 0.1 0.87 ± 0.13
f (×102 %) 0.16 ± 0.05 0.16 ± 0.07

D* (×10−3 mm2/s) 19.5 ± 7.5 16.7 ± 5.7
D (×10−3 mm2/s) 0.75 ± 0.06 0.73 ± 0.09

K 0.73 ± 0.07 0.76 ± 0.08
Dk (×10−3 mm2/s) 1.24 ± 0.14 1.22 ± 0.19

alpha (α) 0.69 ± 0.07 0.67 ± 0.08
DDC (×10−3 mm2/s) 1.14 ± 0.12 1.12 ± 0.17

f1 (×102 %) 0.14 ± 0.04 0.13 ± 0.04
f2 (×102 %) 0.23 ± 0.04 0.25 ± 0.05
f3 (×102 %) 0.62 ± 0.06 0.61 ± 0.08

D1 (×10−3 mm2/s) 32.9 ± 7.8 28.1 ± 6.5
D2 (×10−3 mm2/s) 1.03 ± 0.16 0.92 ± 0.15
D3 (×10−3 mm2/s) 0.64 ± 0.07 0.62 ± 0.1

Data are means ± standard deviations. TBF, tumor blood flow; ADC, apparent diffusion coefficient; f, perfusion
fraction; D*, fast diffusion coefficient; D, true diffusion coefficient; K, kurtosis value; Dk, kurtosis corrected diffusion
coefficient; α, diffusion heterogeneity; DDC, distributed diffusion coefficient; f1, perfusion-related diffusion fraction;
f2, intermediate diffusion fraction; f3, slow diffusion fraction; D1, perfusion-related diffusion coefficient; D2,
intermediate diffusion coefficient; D3, slow diffusion coefficient.

In the support vector machine (SVM) analysis, classification criteria for the discernment of local
control versus failure in the training set data could be constructed with a sensitivity of 0.98, specificity of
0.91, positive predictive value of 0.94, negative predictive value of 0.97 and accuracy of 0.96, as a mean
value obtained from the nine test set data. In the parameter selection process, the five top-ranked
features in all nine training data sets included the perfusion parameter of relative tumor blood flow
(TBF), morphological parameter of tumor sphericity, and texture parameter of contrast. In addition,
the morphological parameter of tumor volume was selected six times, the diffusion parameter of
intermediate diffusion coefficient (D2) in tri-exponential model DWI five times, the diffusion parameter
of perfusion fraction f in the intravoxel incoherent motion (IVIM) DWI model three times, the texture
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parameter of energy twice, and both diffusion parameters of apparent diffusion coefficient (ADC) and
patient characteristics of T-stage once. Details of results for training group data are presented in Table 2.

Table 2. Results of the Training Set Data (n=32 in each set).

Set No. Sensitivity Specificity PPV NPV Accuracy

1 1 0.92 0.95 1 0.97
Top 5 ranked variables: Sphericity, Relative TBF, Contrast, D2, f

2 1 1 1 1 1
Top 5 ranked variables: Relative TBF, Sphericity, Contrast, T-stage, Tumor volume

3 1 0.85 0.9 1 0.94
Top 5 ranked variables: Relative TBF, Contrast, Sphericity, Tumor volume, f
4 0.95 0.78 0.91 0.9 0.91

Top 5 ranked variables: Relative TBF, Sphericity, D2, Energy, Contrast
5 1 1 1 1 1

Top 5 ranked variables: Sphericity, Relative TBF, D2, Contrast, Tumor volume
6 1 0.85 0.9 1 0.94

Top 5 ranked variables: Relative TBF, Sphericity, f, Contrast, Energy
7 1 0.92 0.95 1 0.97

Top 5 ranked variables: Sphericity, Relative TBF, Contrast, Tumor volume, ADC
8 0.94 0.93 0.94 0.93 0.94

Top 5 ranked variables: Relative TBF, Sphericity, Contrast, D2, Tumor volume
9 0.95 0.9 0.95 0.9 0.94

Top 5 ranked variables: Relative TBF, Sphericity, D2, Contrast, Tumor volume

Average 0.98 0.91 0.94 0.97 0.96

PPV, positive predictive value; NPV, negative predictive value; TBF, tumor blood flow; D2, intermediate diffusion
coefficient; f, perfusion fraction; ADC, apparent diffusion coefficient.

The classification algorithm for the discernment of local control versus failure obtained by training
set data was further used for the classification in the validation set data. Group assignment in the
validation data set was achieved with a sensitivity of 1.0, specificity of 0.82, positive predictive value
of 0.86, negative predictive value of 1.0 and accuracy of 0.92; these values were the means of total
36 validation data (4 × 9 validation sets).

3. Discussion

Our findings revealed that a machine-learning-derived diagnostic algorithm by pre-treatment MR
imaging-derived tumor data can highly predict the treatment outcome of local control versus failure in
patients with sinonasal SCCs. To the best of our knowledge, the current study is the first report to
indicate the utility of a machine learning-based diagnosis derived from quantitative morphological,
intratumoral, perfusion and diffusion data. This diagnostic ability can be useful as a kind of artificial
intelligence-based technique. Being able to predict the local outcome of the primary tumor would
have a significant impact on treatment decision. If a poor outcome after chemoradiation therapy is
strongly indicated, additional or alternate treatment plan such as induction chemotherapy, earlier
salvage surgery after the chemoradiotherapy, or surgical resection prior to chemoradiation therapy
may be offered. Follow-up strategy after the treatment such as the frequency and duration of the
imaging follow-up may be also optimized individually, depending on the pre-treatment risks.

Quantitative morphological shape characteristics of tumors (i.e., sphericity) were recently reported
to be useful for the prediction of treatment outcomes in head and neck SCC as an advanced
morphological parameter compared to TNM stage and tumor size [5,23]. Intratumoral heterogeneity
was also indicated as a prognostic factor in head and neck SCC patients [26,27]; in these reports,
tumors with high degree of intratumoral heterogeneity demonstrated a tendency for poor prognoses.
In contrast, tumor perfusion and diffusion are considered to be major tumor functional parameters that
indirectly reflect biological processes; thus, these may be related to individual treatment sensitivity.
In previous reports, tumor perfusion was described as an important predictor of the treatment
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outcome [4]. Lower tumor perfusion was related to poor treatment outcome in these reports, probably
because of the relation between tumor hypoxia and lower tumor perfusion [28,29]. Tumor diffusion
was also significantly related to treatment outcome in head and neck SCC patients; in numerous
ADC studies [30], low ADC was related to a good treatment outcome. Additionally, non-Gaussian
diffusion parameters beyond ADC values have been recently shown to be useful for treatment outcome
prediction [8].

The various characteristics of tumor shape, intratumoral characteristics, and tumor perfusion
and diffusion are expected to reflect different types of biological conditions. Multiparametric use of
these data were suggested to allow each parameter’s diagnostic power to be expressed. A previous
study used multiparametric analysis employing both ADC values and tumor perfusion information,
and concluded that the combination of diffusion and perfusion data was helpful for diagnosis [31].
However, diagnostic performance was not still complete, probably because simple cut-offs are
insufficient to fully reflect tumor biology. In the current study, the machine-learning algorithm
seemed to emphasize all effective parameters sufficiently. The high diagnostic accuracy of treatment
outcome prediction obtained by the present study is probably due to the effective use of numerous
tumor characteristics with an ideal determination strategy. The various characteristics differ from
patient to patient; non-invasive acquisition of numerous tumor characteristics using advanced MR
imaging sequence and post-processing techniques and determination of the diagnostic strategy using
this machine-learning algorithm should contribute greatly to individualized precision medicine for
sinonasal SCC patients.

The current study has several limitations. First, the number of patients was quite small. However,
sinonasal SCC are not very common, and it would be a challenge to investigate a larger number
of sinonasal SCC patients who received advanced MR imaging protocol and long-term follow-up.
The results of the present study should be regarded as preliminary. Second, analysis of intratumoral
characteristics was performed only in T2WI. Arterial spin labeling (ASL) and DWI were acquired
with the use of large pixel size to obtain sufficient signal-to-noise ratios; therefore, especially
complex intratumoral analysis such as second-order texture was somewhat difficult. Additionally,
post-contrast-enhanced T1WI is somewhat invasive, and differences in readout schemes such as 2D
or 3D acquisition affect intratumoral texture data. Third, although a few studies which performed
radiomics approach to predict treatment outcome in patients with head and neck cancer were recently
reported [32–35], whether diagnostic power obtained in the current study will be superior or not
compared to previous reports is still unclear. It was because patient characteristics, treatment method,
follow-up strategy, imaging technique and diagnostic model construction algorism were quite different
among these studies. Further analysis to address these limitations will be needed.

4. Materials and Methods

4.1. Subjects

This retrospective study was approved by the institutional review board of Hokkaido University
Hospital (ID: 017-0322, date of approval: 28th February 2018), and the requirement to obtain written
informed consent was waived. From September 2010 to October 2015, 36 consecutive patients with
histopathologically proven sinonasal SCCs who were referred to our hospital to undergo superselective
arterial infusion of cisplatin with concomitant radiotherapy were enrolled in this study. Patient
characteristics are summarized in Table 3.

The treatment regimen was a superselective arterial infusion of cisplatin with concomitant
radiotherapy for all patients. Superselective transarterial infusion therapy with cisplatin (100–120 mg/m2

per week for 4 weeks) via the dominant feeding arteries to the primary tumor was performed using
a microcatheter, with concurrent radiotherapy of a total of 70 Gy in 35 fractions with curative intent.
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Table 3. Patient characteristics (n = 36).

Number of Patients

Age

Range 43–73
Median 59
Average 58.7
Gender

Male 28
Female 8
Primary tumor site
Nasal cavity 6
Paranasal sinus 30
T-stage

T1 0
T2 1
T3 13
T4a 17
T4b 5
N-stage

N0 30
N1 2
N2 4
N3 0
Smoking status

Tabacco smokers 31
Packs-years
Range 2–161
Median 34
Average 40.4
Alcohol use

Occasional or non-drinker 10
Moderate use 6
Heavy use 20

4.2. MR Imaging Protocol

All MR imaging was performed using a 3.0-Tesla unit (Achieva TX; Philips Healthcare, Best,
The Netherlands) with a 16-channel neurovascular coil. MR imaging including conventional anatomical
imaging of spin-echo (SE) T1WIs, turbo spin-echo (TSE) fat-suppressed (Fs) T2WIs, ASL and multiple
b-value DWI was performed before treatment in all patients. The patients were instructed not to
swallow, move their tongues, open their mouths, or make any other voluntary motion during the MR
scan. All axial slices were placed in parallel with the anterior commissure-posterior commissure line.

4.2.1. Conventional MR Imaging Acquisition

Conventional MR imaging sequences were obtained to evaluate the primary tumor including
axial SE T1WIs (TR, 450 ms; TE, 10 ms; field of view (FOV), 240 × 240 mm; 512 × 512 matrix; slice
thickness, 5 mm; inter-slice gap, 30%; scanning time, 2 min 12 s), and axial TSE Fs-T2WIs (TR, 4500 ms;
TE, 70 ms; TSE factor, 9; FOV, 240 × 240 mm; 512 × 512 matrix; slice thickness, 5 mm; inter-slice gap,
30%; scanning time, 2 min 06 s). Coronal TSE T2WIs (TR, 4,500 ms; TE, 70 ms; TSE factor, 9; FOV,
240 × 240 mm; matrix, 512 × 512; slice thickness, 4 mm; inter-slice gap, 30%; scanning time, 2 min 06 s)
were also obtained as a supporting tool for ASL acquisition (see below).
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4.2.2. ASL Acquisition

For the ASL imaging, a pseudo-continuous ASL (pCASL) technique was used. The acquisition of
pCASL was performed using multi-shot spin-echo echo-planar imaging to obtain control and labeled
images. The labeling slab was placed just under the bifurcation of the internal and external carotid
arteries using coronal T2WIs as a reference for the placement of the labeling plane by carefully detecting
the vessel flow void. Control images were obtained without the labeling of arterial water, using the
same imaging scheme as the labeled images. The acquisition parameters of the pCASL were as follows:
labeling duration, 1650 ms; post-label delay, 1280 ms; TR, 3619 ms; TE, 18 ms; flip angle, 90◦; number of
shots, two; FOV, 230 × 230 mm; matrix, 80 × 80; slice thickness, 5 mm; number of slices, 15; acceleration
factor for parallel imaging, two; scanning time, 5 min 11 s. ASL-based perfusion-weighted images
were obtained by subtracting values of the control from the labeled images.

4.2.3. DWI Acquisition

The DWI acquisition used single-shot spin-echo echo-planar imaging (EPI) with three orthogonal
motion-probing gradients. Twelve b-values (0, 10, 20, 30, 50, 80, 100, 200, 400, 800, 1,000, and 2000 s/mm2)
were used. Other imaging parameters were: TR, 4500 ms; TE, 64 ms; DELTA (large delta; gradient time
interval), 30.1 ms; delta (small delta; gradient duration), 24.3 ms; flip angle, 90◦; FOV, 230 × 230 mm;
64 × 64 matrix; slice thickness, 5 mm × 20 slices; voxel size 3.59 × 3.59 × 5.00 mm; parallel imaging
acceleration factor, 2; numbers of signal averages, b-value of 0–100 s/mm2 (one average), 200–800 s/mm2

(two averages) and 1000–2000 s/mm2 (three averages); scanning time, 4 min 37 s.

4.3. Data Analysis

4.3.1. ROI Delineation

A board-certified neuroradiologist with ten years’ experience in head and neck imaging delineated
each tumor with a polygonal region-of-interest (ROI) on Fs-T2WIs, ASL subtraction images and DWI b0
images. The ROI of the axial Fs-T2WI was placed first; then almost the same ROI was delineated with
reference to the Fs-T2WI ROI so that the same region was delineated for all sequences. For the DWI
analysis, the tumor ROI on the b0 image was copied on the echo planar imaging (EPI) of the respective
b-values. Any area suspected of being a necrotic or a cystic lesion was excluded from the ROI. If the
tumor extended into two or more slices, all slices were delineated respectively. In addition, the medial
pterygoid muscle of the healthy side was also delineated with a polygonal ROI on Fs-T2WI and ASL
images for the relative T2WI signal intensity and perfusion parameter calculation with reference to the
axial Fs-T2WI.

4.3.2. Analysis of Fs-T2WI for Morphological and Intratumoral Data

For the analysis of morphological characteristics, we calculated the tumor volume and tumor
surface area from the morphological shape of all selected tumor voxels with the delineated tumor ROI
on Fs-T2WI. The sphericity of each tumor was calculated by a previously reported method [23]. For the
intra-tumoral characteristics analysis, we calculated the relative Fs-T2WI mean signal intensity (=mean
signal on tumor ROI/ the medial pterygoid muscle ROI), the coefficient of variance (CV) in the tumor
ROI and the textural parameters within the ROI. Textural features included the contrast, correlation,
energy, and homogeneity, based on gray-level co-occurrence matrix (GLCM) features, namely, spatially
detailed signal intensity data within the tumor ROI; GLCM were previously described the most
common and sensitive texture descriptor to calculate lesion heterogeneity in greater detail from the
texture data [36]. Texture parameters were calculated based on a previously reported method [37].
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4.3.3. ASL and DWI Analysis

We calculated the TBF of the pCASL from the signal data in ASL subtraction images using the
previously described equation [7]. Both absolute and relative TBF values were calculated, with absolute
TBF being the mean TBF value in the delineated tumor ROI, and relative TBF being that value
divided by the medial pterygoid muscle blood flow, i.e., the mean value in the muscle ROI [7].
From the diffusion signal data, we calculated each parameter of mono-exponential function (i.e., ADC),
bi-exponential function so-called IVIM (the perfusion fraction f, the pseudo-diffusion coefficient D*,
and the true diffusion coefficient D), the tri-exponential function (the perfusion-related diffusion fraction
f1 and coefficient D1, the intermediate diffusion fraction f2 and coefficient D2, and the slow diffusion
fraction f3 and coefficient D3), the stretched exponential model (SEM) (diffusion heterogeneity α and
distributed diffusion coefficient DDC) and the diffusion kurtosis imaging (DKI) (kurtosis value K and
kurtosis-corrected diffusion coefficient Dk). Using the signal intensities of all 12 b-values, we calculated
the bi-exponential and tri-exponential function parameters. Assessments of the ADC, SEM and DKI
usually target tissue diffusion (except for the perfusion-related signal), and we therefore used the signal
intensity of six b-values (0, 200, 400, 800, 1000 and 2000 s/mm2) for the parameter calculations of ADC,
DKI and SEM. To perform these parameter calculations, we used the previously reported calculation
method [38]. In-house developed program by MATLAB ver. 2015a (MathWorks, Natick, MA, USA)
was used for the above-described calculations.

4.4. Determination of the Clinical Outcome

In all patients, clinical and radiological follow-up was performed for ≥ 2 years after treatment
to determine the final diagnosis of local control/failure at the primary site. During follow-up
period, if residual/recurrent tumor was suspected by visual inspection or radiological assessment
(e.g., development of mass like lesion in post-treatment granulation tissue), surgical resection was
performed to confirm the presence of histological residual/recurrent tumor. If patient’s consent for the
surgical resection was not obtained, careful observation was continued. Local failure was defined by
the histopathological confirmation of SCC in biopsied or surgically resected tissue, or the observation of
clearly development/enlargement of a mass lesion arisen from post-treatment granulation. Local control
was defined by histopathological confirmation of the absence of SCC by surgical resection and no
enlargement of soft tissue in post-treatment granulation throughout the follow-up period.

4.5. Statistical Analysis Based on Machine Learning Algorithm

A machine-learning algorithm by non-linear SVM with radial basis function was used to obtain
the best diagnostic algorithm for the differentiation of local control versus failure groups. The kernel
size (γ) and regularization parameter (C) with the best performance to predict the local control versus
failure group was determined by the grid-search technique within ranges of 2−20 to 210 for γ and
from 2−10 to 210 for C. In the feature-selection process, we performed backward sequential selection to
determine the ranking in all features as well as the best diagnostic algorithm. This method is based
on an iterative technique in which the starting condition includes all features. With each iteration,
the feature with the least impact on improving the diagnostic performance for the differentiation of
local control versus failure is eliminated. Features are removed one by one, and the rank of each feature
is determined by the number of the iteration in which it was eliminated. Higher ranked features are
explained that remained through the longest number of iterations. Ultimately, several highly ranked
features that showed the highest diagnostic accuracy for predicting local control versus failure groups
were included in the final established diagnostic model [39]. To avoid the possibility of overfitting
with the use of leave-one-out cross-validation technique, the accuracy of the prediction was evaluated
through a 9-fold cross-validation scheme. The data were randomly divided into 9 equal-size subsets
(i.e. four patients each), of which eight subsets of the 32 (4 × 8) patients were used for training and the
remaining one of four (4 × 1) patients for validating. The mean diagnostic accuracy over 9 repetitions
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was calculated for all possible combinations of features to find the combination of features with the
highest predictive power. The overall analytic process is summarized in Figure 1. All of the analysis
was performed using MATLAB ver. 2015a.

Figure 1. The overall process for parameter acquisition and machine-learning analysis.

Morphological and intratumoral data from Fs-T2WI, perfusion data from ASL and diffusion data
from DWI were respectively obtained by post-processing image analysis. The diagnostic algorithm
was constructed by the machine-learning technique from all the obtained parameters in the training
set patient group; then, the diagnostic accuracy of the constructed algorithm was calculated from the
data in the validation set. This process was repetitively performed 9 times in each set of training and
validation groups in a total cross-validation analysis.

5. Conclusions

The integration of quantitative tumor morphological, intratumoral textural, perfusion and
diffusion data with the machine-learning-based analysis might be highly accurate at predicting
treatment outcomes in patients with sinonasal SCC. This information could help in making decisions
regarding treatment options such as details of treatment planning, additional treatment, and follow-up
strategies, and thus to improved patient prognoses.
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