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Simple Summary

Pancreatic ductal adenocarcinoma (PDAC) incidence continues to rise, highlighting the
need to improve early detection and prevention strategies. Because at least one-third
of PDAC:s arise from cystic precursors called intraductal papillary mucinous neoplasms
(IPMNs), their accurate risk stratification represents an important opportunity for cancer
interception. Yet, current guideline-based approaches remain imperfect and may result
in overtreatment and undertreatment. Our study demonstrates that reduced tumoral
MUCS6 expression is associated with high-risk pathology and that a quantitative CT-derived
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grated with established clinical and imaging features, MUC6 and its radiomic signature
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aggressiveness. We investigated whether tumoral mucin expression identifies high-risk
IPMN pathology (i.e., high-grade dysplasia or invasive carcinoma) and whether com-
puted tomography (CT)-derived radiomic features can serve as non-invasive biomarkers to
enhance pre-operative risk assessment beyond international consensus guidelines (ICG)
criteria. Methods: Multiplex immunofluorescence quantified MUC1, MUC2, MUC5AC,
and MUC6 expression in tissue microarrays from 101 surgically resected IPMNs classified
as low-risk (low-grade dysplasia) or high-risk (high-grade dysplasia or invasive carcinoma).
Associations were evaluated using Wilcoxon rank-sum tests, and their discriminatory
capability evaluated using receiver operating characteristic curves. For mucins predic-
tive of high-risk pathology, a CT-based ‘radiomic’ signature was developed. Incremental
value beyond ICG criteria was evaluated using discrimination metrics and decision curve
analysis. Results: Reduced MUC6 expression was significantly associated with high-risk
pathology (p = 0.001) and had the highest discriminatory performance (AUC = 0.72). A
CT-derived radiomic signature predictive of low MUCS6 expression achieved an AUC of
0.75 and, when integrated with ICG high-risk stigmata (HRS), demonstrated improved
discrimination and favorable decision-curve characteristics compared with HRS alone,
including among BD-IPMNs. Conclusions: Loss of tumoral MUC6 expression is associated
with high-risk IPMN pathology and may be approximated using CT-derived radiomic
features, supporting the feasibility of non-invasive molecular phenotyping. These findings
suggest that integration of molecular and imaging biomarkers with guideline-based cri-
teria may enhance pre-operative IPMN risk stratification; however, prospective external
validation in broader surveillance populations and multi-institutional cohorts is warranted
prior to clinical implementation.

Keywords: pancreatic cystic lesions; pancreatic ductal adenocarcinoma; image-based
biomarkers; surgical decision-making

1. Introduction

Pancreatic cancer is one of the most lethal malignancies in the United States, with
a five-year relative survival of only 13.3% [1], and is projected to be the second leading
cause of cancer deaths by 2030 [2]. These low survival rates can be partly attributed to
most patients being diagnosed with advanced disease (3.2% five-year relative survival [1]),
precluding them from surgical resection. However, even those diagnosed with local-
ized disease who undergo surgical resection only have a five-year relative survival of
43.6% [1]. Even more concerning is the increasing incidence of pancreatic cancer [1], espe-
cially among younger individuals [3], demonstrating the need to improve early detection
and prevention strategies.

Roughly one-third of pancreatic ductal adenocarcinomas (PDAC), the most common
histologic subtype of pancreatic cancer, arise from cystic precursor lesions called intraductal
papillary mucinous neoplasms (IPMNs) [4]. Accurate characterization of IPMNs offers
an opportunity for early detection and interception of pancreatic lesions with a high risk
of progression to malignancy. Yet, IPMNs are challenging to manage due to a lack of
radiologic and molecular markers that can distinguish between IPMNs harboring low-
grade dysplasia (LGD) that warrant active surveillance versus high-grade dysplasia (HGD)
or invasive carcinoma that warrant surgical resection [5,6]. Currently, surgical resection is
the only method to accurately determine IPMN severity, but surgical management of these
neoplasms poses significant morbidity and mortality risks [7,8]. Thus, surgical resection is
only ideal for patients with an IPMN suspected of harboring HGD or early invasion. To

https://doi.org/10.3390/ cancers18142264


https://doi.org/10.3390/cancers18142264

Cancers 2026, 18, 2264

3o0f24

address this issue, international consensus guidelines (ICG) (also known as Kyoto Criteria)
have been developed to predict the final pathology of IPMNs using conventional radiologic
and clinical features [9,10]. Unfortunately, using ICG criteria for treatment stratification
contributes to both undertreatment and overtreatment [11,12]. Therefore, relying solely on
ICG to inform treatment decisions may be insufficient due to subtle molecular differences
in IPMNs with similar radiologic and clinical presentations.

Mucin glycoprotein expression may provide important insight into these molecular
differences. While expression patterns of MUC1, MUC2, MUC5AC, and MUCS are used to
classify the epithelial subtype of IPMNs [13], which can be informative for risk prediction
and prognosis [14,15], evidence has emerged that tumoral expression of these mucins differs
depending on severity of dysplasia or presence of invasion [16-26]. For example, MUC1
and MUCS5AC expression have been shown to be higher in PDAC versus benign pancreatic
conditions [16,18,20,22,25,26] and increase with increasing grade of dysplasia in precursor
lesions [17,22,23]. Conversely, evidence suggests expression of both MUC2 and MUC6
decrease with increasing IPMN dysplasia and are lowest in PDAC [17,19,21,22,24-26].
MUCE is of particular interest given its association with gastric-lineage differentiation, a
phenotype generally linked to lower malignant potential, raising the possibility that loss of
MUCS6 reflects de-differentiation during neoplastic progression [27,28].

Evaluating tumoral mucin expression may provide clinically meaningful diagnostic
utility for therapeutic risk stratification. However, prior studies have focused on distin-
guishing invasive carcinoma from benign conditions [29-36]. To our knowledge, no studies
have systematically evaluated tumoral mucin expression for discriminating LGD from
HGD or invasive IPMNs or PDAC using tissue specimens. The few studies that have
explored mucin expression in low-versus and high-risk lesions are limited in sample size
(n < 86) and have relied on cyst fluid or extracellular vesicles in plasma rather than tumor
tissue, which may more directly reflect underlying biology [37-39]. Moreover, only one
such study incorporated imaging features included in ICG [39], and none have assessed
non-invasive quantitative imaging approaches to approximate mucin expression despite
growing evidence that radiomic features may serve as surrogate biomarkers of underlying
IPMN biology [40-42]. Importantly, radiomics may capture lesion-wide phenotypic hetero-
geneity that cannot be fully appreciated through focal tissue sampling alone. Therefore, we
aimed to: (1) evaluate tumoral mucin expression in surgically resected IPMNss as a predictor
of IPMN pathology; (2) develop a CT-derived radiomic signature to pre-operatively approx-
imate mucin expression patterns associated with high-risk IPMN pathology; and (3) assess
the added value of mucin expression associated with high-risk pathology and their ra-
diomic signatures with guideline-based assessment for pre-operative risk stratification. As
an exploratory analysis, we aimed to assess the added value of relevant mucin expression
patterns and their radiomic signatures with ICG criteria in patients with BD-IPMNs. We
hypothesized that specific mucin expression patterns (i.e., high MUC1, low MUC2, high
MUCS5AC, or low MUCS6) integrated with ICG would improve risk prediction, and that
a corresponding radiomic signature could serve as a non-invasive surrogate for tumoral
mucin expression when predicting final pathology.

2. Materials and Methods
2.1. Study Population

In this retrospective cohort study, participants were included if they (1) underwent
surgical resection of a pancreatic mass at Moffitt Cancer Center (Tampa, FL, USA) be-
tween 2001 and 2016, (2) their tumors were pathologically confirmed as IPMN or a PDAC
with an associated IPMN, (3) had tissue available for tissue microarray (TMA) construc-
tion, (4) available tissue was representative of final pathology, and (5) had complete data
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available for clinically relevant covariates including high-risk stigmata (HRS), worrisome
features (WFs), and duct involvement (Figure S1). This study was approved by the Moffitt
Cancer Center Scientific Review Committee (MCC 20105) and Advarra Institutional Review
Board (20192596). All patients provided written informed consent for participation.

2.2. TMA Construction

Using surgically resected tumor tissue samples stored as formalin-fixed paraffin-
embedded (FFPE) tissue blocks, TMAs were generated using standard procedures in the
Tissue Core shared resource at Moffitt Cancer Center. Briefly, hematoxylin and eosin
(H&E) stained sections were overlaid on the surface of the FPPE blocks and marked by
a board-certified GI pathologist (KJ, BAC) to confirm diagnoses and identify grades of
dysplasia according to World Health Organization (WHO) Guidelines [benign pancreas
epithelium, LGD, moderate grade dysplasia (MGD), HGD, and invasive carcinoma] [43,44].
In accordance with updated WHO guidelines [43], patients who were initially identified
as having MDG were reclassified as having LGD. To account for tumor heterogeneity,
duplicate core punches measuring Imm in diameter were taken from regions of interest
(ROI) on the FFPE blocks corresponding to the highest grade of dysplasia noted in the
surgical pathology report and precisely arrayed into a new paraffin block using Manual
tissue arrayer Model MTA-1 (Beecher Instruments, Inc., Sun Prairie, W1, USA).

2.3. Multiplex Immunofluorescence (mIF)

The newly generated TMA block was sectioned into 4 pm slices, and each TMA
core was individually reviewed as a quality control measure. Cores with folded tissue,
irregular core punches, or extensive tissue damage during procurement were excluded from
mlF analyses. After quality control, IPMN TMA sections were immunostained using the
AKOYA Biosciences OPAL TM 7-Color Automation IHC kit (Akoya Biosciences, Waltham,
MA, USA) on the BOND RX autostainer (Leica Biosystems, Vista, CA, USA) using standard
operating procedures. Autofluorescence slides (negative control) were included, which
used primary and secondary antibodies omitting the OPAL fluorophores and DAPI. All
TMA slides were stained in a single batch to prevent batch effects. Antibodies for the mucins
of interest included MUC1 [Cell Marque, MRQ-17 (RRID:AB_1160625), HIER-EDTA pH
9.0, 1:400, dye 570], MUC2 [Cell Marque, MRQ-18 (RRID:AB_1160642), HIER- EDTA pH
9.0, 1:800, dye520], MUC5AC [Cell Marque, MRQ-19 (RRID:AB_1160649), HIER-EDTA pH
9.0, 1:1200, dye 650], and MUCS6 [Cell Marque, MRQ-20 (RRID:AB_1160667), HIER-EDTA
pH 9.0, 1:600, dye620]. Additional details on the mIF and antibody validation are available
in the Supplemental Materials. All slides were imaged with the AKOYA Phenolmager HT
Imaging System (Akoya Biosciences, Waltham, MA, USA) in the Advanced Analytical and
Digital Laboratory shared resource at Moffitt Cancer Center.

2.4. Quantitative Image Analysis

Multi-layer TIFF image files were exported from InForm (AKOYA) and loaded into
HALO (Indica Labs, Albuquerque, NM, USA) for quantitative image analysis. The tissue
was segmented into individual cells using the DAPI marker. Positivity thresholds were
determined per marker based on published staining patterns and intensity for each antibody.
After setting a positive fluorescent threshold for each marker, the entire image set was
analyzed with the created algorithm. The output included positive cell counts for each
marker, and the percentage of cells positive for each marker was calculated as the number
of positive cells divided by the total number of cells in each core multiplied by 100. Mean
percent positivity for each marker was then generated for each patient by averaging
the percent positivity from duplicate cores of the same grade. Inter-core variability in
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mucin expression was evaluated using a two-way random effects intraclass correlation
coefficient (ICC).

2.5. Pathologic Risk Classification

IPMNs with LGD were classified as “Low-Risk” and IPMNs with at least one focus of
HGD or invasion were classified as “High-Risk”. Additionally, PDACs with an associated
IPMN were classified as “High-Risk”. In subset analyses, we further divided the “High-
Risk” group into “High-Risk IPMN" for individuals with IPMNs bearing at least one focus
of HGD and “Invasive IPMN/PDAC” for individuals with at least one invasive focus or a
PDAC with an associated IPMN.

2.6. International Consensus Guidelines

Key clinical and radiological data to evaluate the presence of HRS and WFs according
to ICG [9] were abstracted from the electronic medical record when available. Patients are
defined as having high-risk stigmata (HRS) present if obstructive jaundice, an enhancing
mural nodule or solid component measuring >5 mm, and/or main pancreatic duct measur-
ing >10 mm are observed radiologically. They are considered to have worrisome features
(WFs) present if one of the following clinical or radiological features is documented: acute
pancreatitis, elevated CA 19-9, new onset of diabetes, an enhancing mural nodule measur-
ing <5 mm, thickened/enhancing cyst walls, main pancreatic duct dilation >5 but <10 mm,
an abrupt change in duct caliber with distal pancreatic atrophy, and/or lymphadenopathy.

2.7. CT Image Acquisition and Radiomic Feature Extraction

Radiomics data were available for a subset of patients with TMA data (n = 82; Table S1);
imaging acquisition and feature extraction methods have been previously described [41,42].
Briefly, pre-operative three-phase pancreas protocol CT images obtained within approxi-
mately six months before surgery were analyzed, with most scans acquired using SIEMENS
Sensation 16 scanners (Table S1) by our lead diagnostic radiologist (DJ). General CT acqui-
sition parameters are summarized in Table S2.

Using Healthmyne software version 13.3.13 [Genentech (RRID: SCR_003997), San Fran-
cisco, CA, USA], semi-automated radiologist-driven IPMN tumor segmentations were
performed to generate lesion volumes of interest across each CT contrast phase series. Ra-
diomic feature definitions adhered to Imaging Biomarker Standardization Initiative (IBSI)
recommendations [45]. We extracted 306 Imaging Biomarker Standardization Initiative-
based radiomic features including 48 first-order intensity, 39 textural, and 219 morphologic
features from each CT contrast phase series for 918 total features [45]. Algorithms were
developed by the Quantitative Imaging Core at Moffitt Cancer Center and used for fea-
ture extraction and quantification with custom workflows in the Definiens Platform. To
reduce instability related to acquisition-dependent feature scaling, radiomic features were
standardized prior to downstream analyses.

2.8. Statistical Analysis

All analyses were performed in R version 4.5.2 (RRID: SCR_00432). First, we tested
for differences in clinical covariates according to risk classification using Fisher’s exact
test for categorical variables and Wilcoxon rank-sum tests using the ‘rstatix” package [46].
Differences in mucin expression according to relevant clinical and demographic covariates
were tested with Wilcoxon rank-sum or Kruskal-Wallis tests for binary and three or more
level covariates, respectively, with the ‘rstatix” package [46].

In primary analyses, we first performed a Box-Cox transformation with a 0.01 constant
using the ‘caret” package [47] followed by a Z-score standardization of MUC1, MUC2,
MUC5AC, MUC6, and serum CA-19.9 (positive control) before testing for differences
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according to binary risk classification using a Wilcoxon rank-sum test and three-level
risk classification using a Kruskal-Wallis test with Benjamini-Hochberg adjustments for
multiple comparisons using ‘rstatix’ [46]. Post hoc Dunn’s tests were performed following
a significant result in the Kruskal-Wallis. Considering the use of mucin glycoprotein
expression for subtyping IPMNs [13], we also tested for differences by risk classification in
subgroups by epithelial subtype. In the event of a mixed epithelial subtype, we included
patients in each subgroup if their tumor comprised the specified subtype.

Next, we assessed the discriminatory capability of these mucins and CA 19-9 using
five-fold cross-validation stratified by grade of dysplasia, duct involvement, and ICG status.
Within each training fold, we used 1000 stratified bootstrap resamples to generate areas
under the curve (AUC), performance metrics, and optimal thresholds for each mucin to
distinguish high-risk pathology based on Youden’s index. The presented AUCs, sensitivity,
specificity, PPV, NPV, and selected thresholds represent the mean value and 95% confidence
intervals (CIs) across cross-validation folds. Mucins with AUC > 0.70 were dichotomized
using the Youden'’s index threshold and retained in subsequent analyses.

We then evaluated CT-based radiomic features as potential non-invasive biomarkers
of relevant mucin expression profiles in a subset of patients with radiomic features data
(n = 82; Figure S1). To reduce data dimensionality, we used Spearman correlation to identify
collinear features (r > 0.80) retaining features with the lower p-value per cluster. To mini-
mize overfitting risk and identify radiomic features reproducibly associated with MUC6
expression, multiple resampling-based feature selection strategies were employed. Four
feature selection methods were evaluated including (i) rank-sum, (ii) LIMMA, (iii) random
forest, and (iv) LASSO using five-fold cross-validation stratified by mucin expression and
risk classification repeated ten times with 100 bootstrap resamples and Z-score standardiza-
tion per fold. Test-specific feature selection criteria included: (i) p < 0.05 across >50% of
bootstraps per fold in >80% of repeats for rank-sum and LIMMA,; (ii) median importance
in the top 20th percentile across bootstraps in >80% of repeats for random forest; and
(iiif) >50% selection frequency across bootstraps in >80% of repeats for LASSO. The final
feature set was Z-score standardized from the raw data prior to applying PCA for signature
development with the first principal component (PC1) representing the radiomic signature
of mucin expression. Wilcoxon rank-sum tests were used to test differences in the PC1
scores by relevant dichotomized mucin expression variables. ROC curves were then used
to assess the discriminatory capability of the radiomic signature in discerning tumoral
mucin expression levels. For radiomic signatures with an AUC > 0.70, Youden’s index
was used to determine the optimal PC1 score cutoff for discerning between low and high
mucin expression.

To assess the value of including relevant mucin expression or their radiomic signatures
with guideline-based criteria for pre-operative risk stratification, we used a data-driven
penalized logistic regression to evaluate the association of HRS or WFs with and without
relevant mucin expressions and their radiomic signatures with the ‘rms’ package [48]. Inter-
nal validation and model calibration were assessed using 1000 bootstrap resamples. Given
the hierarchical nature of HRS and WFs for assessing IPMN severity pre-operatively [9], we
tested the association of WFs with and without mucin expression in the subset of patients
without HRS present (n = 56; Figure S1). Predicted probabilities of high-risk pathology
were extracted from each model (i.e., HRS alone, HRS/mucin, HRS/mucin radiomics,
WFs alone, WFs/mucin, and WFs/mucin radiomics) and their discriminatory ability was
assessed using ROC curves in the ‘pROC’ package [49]. DeLong’s test was used to compare
AUCs from the HRS/WFs alone against the models including mucin expression or radiomic
signatures. Youden’s index thresholds were derived to dichotomize predicted probabilities
to calculate sensitivity, specificity, PPV, and NPV with the ‘epiR’ package [50]. Integrated
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discrimination improvement (IDI) index was then calculated to assess the added value of
mucin expression or the radiomic signatures with ICG [51]. Decision curve analysis (DCA)
was also used to assess the clinical utility of including mucin expression or the radiomic
signature with ICG when risk stratifying IPMNs using the ‘rmda’ package [52]. Addition-
ally, we evaluated the relevance of these findings restricted to patients with branch-duct
involvement (BD-IPMN) on radiologic imaging as an exploratory analysis, as these IPMNs
can be more challenging to manage using ICG [53].

Finally, as an exploratory post hoc analysis, we evaluated the relationship between
the MUC6-associated radiomic signature and a separate internally developed radiomic
classifier of IPMN risk status within the same analytic subsets. The internally devel-
oped classifier was derived using the same radiomics cohort and imaging workflow but
optimized independently for distinguishing low-versus high-risk pathology rather than
predicting MUC6 expression. This exploratory analysis was performed to determine
whether the MUC6-associated radiomic signature captured imaging characteristics distinct
from broader radiomic risk classification patterns. Specifically, we assessed the degree of
correlation between the signatures and evaluated whether the MUC6-associated radiomic
signature remained associated with high-risk pathology after accounting for the separate
radiomic classifier. First, we used Spearman correlation coefficient to determine the in-
terrelationships between the two radiomic signatures. We then used penalized logistic
regression to evaluate associations between the MUC6-associated radiomic signature and
high-risk pathology in independent models, combined models, and models incorporating
HRS or WFs. All tests were two-sided, p < 0.05 was used to define statistical significance,
and a seed was set for all bootstrap resampling analyses to ensure reproducibility.

3. Results
3.1. Cohort Characteristics

The analytic cohort included tissue from 101 eligible patients for whom concordance
exists between the highest grade of dysplasia (or invasion) represented on their surgical
pathology report and the highest available grade of tissue represented in the TMA with
complete clinically relevant covariate data (Figure S1). Of these, 25 (24.6%) were classified
as low-risk and 76 (75.4%) as high-risk. Baseline demographic characteristics, history of
pancreatitis or new-onset diabetes, and availability of radiomic data did not differ between
groups (Table 1). As compared to low-risk lesions, high-risk lesions were more frequently
associated with main duct involvement (67.1% vs. 12.0%), larger tumors (3.41 cm vs.
2.40 cm), main duct dilation (59.2% versus 12.0%), presence of one or more HRS (57.9% ver-
sus 4.0%) or WFs (92.1% versus 52.0%), and pancreatobiliary subtype (67.1% versus 40.0%).
Additionally, individuals with high-risk pathology had higher CA-19.9 and bilirubin and
lower albumin levels.

Table 1. Clinical and epidemiological characteristics of the study population according to pathologic
risk classification (n = 101).

. . . . . Low Risk High Risk
Clinical & Epidemiological Variables 1 = 25 (24.6%) 1 = 76 (75.4%) p-Value
Age at Diagnosis (Years) 69.1 (£10.5) 71.0 (£10.0) 0.50
Sex
Female 14 (56.0%) 33 (43.4%) 0.36
Male 11 (44.0%) 43 (56.6%)
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Table 1. Cont.

Low Risk

High Risk

Clinical & Epidemiological Variables 1 = 25 (24.6%) 1 = 76 (75.4%) p-Value
Race & Ethnicity
Non-Hispanic White 22 (88.0%) 67 (88.2%) 1.00
Non-Hispanic Black 0 (0.0%) 3 (4.0%)
Hispanic/Latinx 1 (4.0%) 3 (4.0%)
Unknown @ 2 (8.0%) 3 (4.0%)
Smoking Status
Ever 11 (44.0%) 40 (52.6%) 0.49
Never 14 (56.0%) 35 (46.1%)
Unknown 2 0 (0.0%) 1(1.3%)
Alcohol Consumption
None/Mild 23 (92.0%) 63 (82.9%) 0.51
Moderate/Heavy 2 (8.0%) 12 (15.8%)
Unknown @ 0 (0.0%) 1(1.3%)
Body Mass Index (kg/m?) 28.3 (£5.01) 26.5 (+4.19) 0.15
Body Mass Index Categories
Underweight (BMI < 18.5) 0 (0.0%) 1(1.3%) 0.73
Normal Weight (BMI 18.5-24.9) 7 (28.0%) 26 (34.2%)
Overweight (BMI 25.0-29.9) 10 (40.0%) 32 (42.1%)
Obese (BMI > 30.0) 8 (32.0%) 17 (22.4%)
New-Onset Diabetes Status
Yes 2 (8.0%) 11 (14.5%) 0.51
No 23 (92.0%) 65 (85.5%)
Pancreatitis History
Acute Pancreatitis 1 (4.0%) 5 (6.6%) 0.56
Chronic Pancreatitis 5 (20.0%) 18 (23.7%)
Acute & Chronic Pancreatitis 0 (0.0%) 1 (1.3%)
Pancreatitis NOS 1 (4.0%) 11 (14.5%)
None 18 (72.0%) 41 (54.0%)
Ductal Communication
Main Duct 3 (12.0%) 51 (67.1%) <0.0001
Branch Duct 22 (88.0%) 25 (32.9%)
Tumor Size (cm) 2.40 (+1.00) 3.41 (+1.76) 0.007
Tumor Size
<3 cm 16 (64.0%) 32 (42.1%) 0.05
>3 cm 7 (28.0%) 41 (54.0%)
Unknown 2 2 (8.0%) 3 (4.0%)
Main Duct Diameter (mm) 2.53 (£1.69) 6.93 (£5.12) <0.0001
Main Duct Dilation
None 21 (84.0%) 27 (35.5%) <0.0001
Dilated 5-9 mm 3 (12.0%) 24 (31.6%)
Dilated > 10 mm 0 (0.0%) 21 (27.6%)
Unknown 2 1 (4.0%) 4 (5.3%)
High-Risk Stigmata
Present (>1) 1 (4.0%) 44 (57.9%) <0.0001
Absent 24 (96.0%) 32 (42.1%)
Worrisome Features
Present (>1) 13 (52.0%) 70 (92.1%) <0.0001
Absent 12 (48.0%) 6 (7.9%)
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Table 1. Cont.

Low Risk

High Risk

Clinical & Epidemiological Variables 1 = 25 (24.6%) 1 = 76 (75.4%) p-Value
Epithelial Subtype
Gastric 8 (32.0%) 2 (2.6%) 0.003
Intestinal 4 (16.0%) 18 (23.7%)
Pancreatobiliary 9 (36.0%) 34 (44.7%)
Gastric & Intestinal 2 (8.0%) 5 (6.6%)
Gastric & Pancreatobiliary 0 (0.0%) 9 (11.8%)
Intestinal & Pancreatobiliary 1 (4.0%) 5 (6.6%)
Gastric, Intestinal, & Pancreatobiliary 0 (0.0%) 3 (4.0%)
Unknown 2 1 (4.0%) 0 (0.0%)
CA 19-9 Levels (continuous) 13.7 (£13.8) 469.5 (£1917.7) 0.0007
CA 19-9 Levels (categorical)
Normal (<37) 17 (68.0%) 39 (51.3%) 0.01
High (>37) 2 (8.0%) 29 (38.2%)
Unknown 2 6 (24.0%) 8 (10.5%)
Albumin Levels (continuous) 422 (£0.34) 3.90 (£0.64) 0.01
Albumin Levels (categorical)
Normal (>3.5) 24 (96.0%) 63 (82.9%) 0.18
Low (<3.5) 1 (4.0%) 13 (17.1%)
Bilirubin Levels (continuous) 0.47 (£0.22) 0.88 (£1.28) 0.02
Bilirubin Levels (categorical)
Normal (<0.3) 25 (100.0%) 64 (84.2%) 0.04
High (>0.3) 0 (0.0%) 12 (15.8%)
Radiomics Data
Available 17 (68.0%) 65 (85.5%) 0.08
Unavailable 8 (32.0%) 11 (14.5%)

p-Values < 0.05 are in bold font; differences in continuous variables were tested using Wilcoxon rank-sum tests;
differences in categorical variables were tested using Fisher’s exact test; >—Unknown groups were excluded from
difference testing.

3.2. Mucin Expression Differs by Pathologic Risk

When utilizing a dichotomous risk classification (Figure 1), patients with high-risk
lesions had significantly lower MUCS6 percent positivity (4.26% vs. 7.50%, p = 0.001) and
significantly higher CA-19.9 compared with low-risk lesions (78.18 U/mL vs. 13.68 U/mL,
p = 0.0007; Figure 1A and Table S3). When evaluated across three risk categories (low-risk,
high-risk, invasive IPMN/PDAC), significant differences were once again observed for
MUCS6 (p = 0.004), and CA-19.9 (p = 0.0004; Figure 1B and Table S3). Post hoc testing
revealed that differences in MUC6 positivity were pronounced between both low-risk and
high-risk IPMN (7.50% vs. 5.53%, pagj = 0.01) and low-risk IPMN vs. invasive disease (7.50%
versus 2.84%, pagj = 0.004; Tables S3 and S4). Differences in CA-19.9 were observed across
all risk classification comparisons (Tables S3 and S4). Finally, trends in mucin expression
differences by risk classification were largely consistent in subgroups by epithelial subtype
(Figure S2).
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Figure 1. Boxplots showing Box—Cox-transformed and z-score-standardized mean percent posi-
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tivity of mucin expression and serum CA 19-9 according to (A) dichotomous and (B) three-level
pathologic risk classification including low-grade dysplasia (LGD), high-grade dysplasia (HGD), and
invasive carcinoma.

3.3. Mucin Expression Is Associated with Clinical and Radiologic Characteristics

Differences in mucin expression and serum CA 19-9 according to clinicodemographic
covariates are presented in Figure S3 and Table S5. No differences were observed according
to age at diagnosis, BMI, history of pancreatitis, or duct involvement (Figure S3A,C,E, H).
MUCT1 was significantly higher in patients with new-onset diabetes (p = 0.009; Figure S3D)
but no other differences were observed by new-onset diabetes. This finding is not un-
expected given that diabetes is an established risk factor for pancreatic cancer. When
examined according to HRS and WFs, as expected, CA19-9 was significantly higher in
patients with at least one HRS or WF present (HRS p = 0.0009, Figure S3F; WFs p = 0.01,
Figure S3G). Finally, MUC6 was significantly lower in patients with at least one HRS
present (p = 0.04; Figure S3F) representing an intriguing finding related to existing guide-
lines for IPMN severity.

3.4. MUC6 Expression Is Associated with High-Risk IPMN Pathology

Among evaluated mucins, MUC6 demonstrated the strongest discrimination between
low- and high-risk pathology, yielding a mean AUC of 0.72 (95% CI: 0.60-0.82; Figure 2)
and an optimal threshold of 1.53% positivity with 61% sensitivity, 84% specificity, 92% PPV,
and 41% NPV (Table 2). This finding can be visually appreciated on representative low-risk
and high-risk tissue cores with visibly greater MUC6 positivity in a patient with low-risk
pathology than a patient with high-risk pathology (Figure 54). Conversely, MUC1, MUC2,
and MUC5AC showed limited discriminatory performance with mean AUCs of 0.56, 0.54,
and 0.58, respectively (Figure 2). Inter-core variability was minimal for MUC2 and MUC6
percent positivity (ICC = 0.91 and ICC = 0.75, respectively; Figure S5) while variability was
substantial for MUC1 and MUC5AC (ICC = 0.56 and ICC = 0.59, respectively; Figure S5).
Serum CA19-9 yielded a mean AUC of 0.75 (Figure 2); however, despite slightly higher
specificity and PPV, CA19-9 demonstrated substantially lower sensitivity (43% versus 61%)
and NPV (30% versus 41%) compared with MUCS6 (Table 2).

https://doi.org/10.3390/ cancers18142264


https://doi.org/10.3390/cancers18142264

Cancers 2026, 18, 2264

11 of 24

ROC Curves for Mucin Expression

L
— —'-
s
0:' -
o
@
z ©]
z
& AUC = 0.75 (0.64-0.86)
g . AUC = 0.72 (0.60-0.82)
o
AUC = 0.56 (0.46-0.67)
AUC =0.54 (0.43-0.65)
ph g — CA19-0
— MUCB
i MUCSAC
— MUC1
9 J — MUC2
| I 1 | | |
0.0 0.2 04 06 0.8 1.0

1 - Specificity

Figure 2. Receiver operating characteristic (ROC) curves with respective areas under the ROC curve
(AUC) demonstrating the discriminatory capability of MUC1, MUC2, MUC5AC, MUCS6, and serum
CA 19-9 in distinguishing between low-risk and high-risk pathology.

Table 2. Performance metrics and optimal thresholds for mucin expression and serum CA 19-9 in
distinguishing low- from high-risk pathology (n = 101).

Biomarker

Sensitivity

Specificity

PPV

NPV

Optimal Threshold

MUC1

0.47 (0.36-0.59)

0.68 (0.46-0.85)

0.82 (0.67-0.92)

0.30 (0.18-0.43)

26.50 (11.41-33.99)

MUC2

0.34 (0.24-0.46)

0.76 (0.55-0.91)

0.81 (0.64-0.93)

0.28 (0.17-0.40)

1.72 (0.02-8.69)

MUC5AC

0.43 (0.32-0.55)

0.72 (0.51-0.88)

0.82 (0.67-0.93)

0.30 (0.19-0.43)

27.05 (6.58-45.79)

MUCe6

0.61 (0.49-0.72)

0.84 (0.64-0.95)

0.92 (0.81-0.98)

0.41 (0.28-0.56)

1.53 (0.65-3.74)

CA19-92

0.43 (0.31-0.55)

0.89 (0.67-0.99)

0.94 (0.79-0.99)

0.30 (0.19-0.44)

Abbreviations: PPV = Positive Predictive Value; NPV = Negative Predictive Value; >—Serum CA 19-9 was only
available for 87 patients in the training cohort (19 Low Risk & 68 High Risk).

3.5. A CT-Derived Radiomic Signature Correlates with Low MUC6 Expression

In the subset of patients with radiomics data (n = 82; Figure S1), PCA revealed no
batch effects (Figure S4A) or effects by the year the CT scan was performed (Figure S4B).
The random forest feature selection method yielded the best performance with moderate
discrimination between low and high MUC6 expression (AUC = 0.75; Figure 3A-C) and
PC1 scores significantly differed by MUC6 expression pattern (Figure 3D). The signature
included five features (four textural and one first-order intensity) across all image phases
with higher values of gray level size zone matrix (GLSZM) large zone high gray level
emphasis, average 3D long run high gray level emphasis, and statistical energy contributing
most to the radiomic signature (Figure 3E).
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Figure 3. Results of the radiomic signature development for discriminating low MUCS6. Receiver
operating characteristic (ROC) curves and area under the ROC curve (AUC) are presented for the
signatures developed using the (A) random forest, (B) rank-sum, and (C) LIMMA methods. The
association of the random forest signature with risk classification is presented as a (D) boxplot with a
Wilcoxon rank-sum comparison and (E) loading plot for the random forest signature. Abbreviations:
SE = Sensitivity, SP = Specificity, PPV = Positive Predictive Value, NPV = Negative Predictive Value,
PC1 = Principal Component 1, GLSZM = Grey Level Size Zone Matrix.

3.6. MUC6 Expression and Its Radiomic Signature Add Incremental Value to
Consensus Guidelines

In the overall study population, including MUC6 with HRS had strong discrimina-
tion (AUC = 0.86; Figure 4A) superior to HRS alone (AUC = 0.77, DeLong p = 0.0008;
Figure 4A) with stronger sensitivity (82% vs. 58%), NPV (59% vs. 43%), and accuracy
(81.0% vs. 77.0%; Table 3). Internal validation revealed minimal optimism bias (optimism-
corrected AUC = 0.77 and AUC = 0.85 for HRS alone and HRS/MUCS6; Table S6) and strong
model calibration (Brier scores of 0.15 and 0.12 for HRS alone and HRS/MUCS6, respec-
tively; Figure S7A,B). IDI and DCA revealed significant improvement including MUC6
(IDI = 0.10; Figure 4B) and net clinical benefit at ~40% threshold probability versus ~55%
for HRS alone (Figure 4C). When the MUC6-associated radiomic signature was substituted
for tumoral MUCS6 expression, discrimination remained robust and significantly better
than HRS alone (AUC = 0.90; DeLong p = 0.001; Figure 4D) with minimal optimism bias
(Table S6) and strong model calibration (Figure S7E). IDI and DCA also revealed similar
added value (IDI = 0.09; Figure 4E) and net benefit at lower threshold probability than HRS
alone (Figure 4F). The slightly improved performance of the radiomic signature relative to
tumoral MUC6 expression suggests that the imaging phenotype may capture additional
lesion characteristics associated with high-risk pathology beyond MUC6 expression alone.
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Importantly, HRS with and without tumoral MUC6 expression performance was similar
between the full cohort (n = 101; Figure S1) and radiomics subset (1 = 82; Figure S1).
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Figure 4. The utility of including tumoral MUC6 expression (A-C) and its radiomic signature
(D-F) with guideline-based high-risk stigmata (HRS) for identifying patients with high-risk pathology.
Receiver operatic characteristic (ROC) curves with area under the ROC curve (AUC) (A,D) depict
the discrimination of HRS with and without MUCS6 expression or its radiomic signature while forest
plots (B,E) quantify the discrimination improvement for including MUC6 expression or its radiomic
signature over HRS alone. Finally, decision curve analysis (DCA) curves (C,F) demonstrate the
clinical utility of including MUC6 expression or its radiomic signature with HRS to aid in treatment
decisions. Abbreviations: CI = Confidence Interval.

Table 3. Performance of HRS and WFs with and without MUC6 expression to discern high-risk
IPMNSs overall and in the subset of patients with radiomics data.

Cohort Outcome Prevalence 20% Outcome Prevalence
Risk Model Sensitivity  Specificity PPV NPV PPV NPV Accuracy ?
Overall (n = 101)
HRS 0.58 0.96 0.98 0.43 0.68 0.90 77 0%
(0.46-0.69) (0.80-1.00) (0.88-1.00) (0.30-0.57) (0.40-0.94) (0.87-0.92) e
HRS + 0.82 0.80 0.93 0.59 0.49 0.94 81.0%
MUC6 (0.71-0.90) (0.59-0.93) (0.83-0.98) (0.41-0.75) (0.34-0.70) (0.91-0.97) e
Patients with Radiomic Features Available (n = 82)
HRS 0.65 0.94 0.98 0.41 0.63 0.91 79.5%
(0.52-0.76) (0.71-1.00) (0.88-1.00) (0.26-0.58) (0.36-0.93) (0.88-0.94)
HRS + 0.85 0.76 0.93 0.57 0.46 0.95 80.5%
MUC6 (0.74-0.92) (0.50-0.93) (0.84-0.98) (0.34-0.77) (0.30-0.69) (0.91-0.97) e
HRS +
MUC6 0.86 0.88 0.97 0.62 0.59 0.96 87.0%

Radiomics  (075-093)  (064-0.99)  (0.88-1.00)  (041-0.81)  (0.38-086)  (0.93-0.98)
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Table 3. Cont.
Cohort Outcome Prevalence 20% Outcome Prevalence
Risk Model Sensitivity  Specificity PPV NPV PPV NPV Accuracy ?
Patients without HRS Present (n = 56)
WEs 091 0.50 0.71 0.80 0.31 0.95 70.5%
(0.75-0.98) (0.29-0.71) (0.54-0.84) (0.52-0.96) (0.24-0.42) (0.88-0.99)

WFs + 0.97 0.46 0.70 0.92 0.31 0.97 71.5%
MUC6 (0.84-1.00) (0.26-0.67) (0.55-0.83) (0.62-1.00) (0.24-0.41) (0.92-1.00) =
Patients without HRS with Radiomic Features Available (n = 39)

WEs 091 0.50 0.72 0.80 0.64 0.91 70.5%

(0.72-0.99) (0.25-0.75) (0.53-0.87) (0.44-0.97) (0.36-0.92) (0.88-0.94) e

WFs + 0.96 0.44 0.71 0.88 0.46 0.95 70.0%

MUC6 (0.78-1.00) (0.20-0.70) (0.52-0.86) (0.47-1.00) (0.29-0.69) (0.91-0.97) e

IY/IVSEE 0.57 1.00 1.00 0.62 0.60 0.96 78,59
Radiomics (0.34-0.77) (0.79-1.00) (0.75-1.00) (0.41-0.80) (0.36-0.86) (0.93-0.98)

Abbreviations: HRS = High-Risk Stigmata, WFs = Worrisome Features, PPV = Positive Predictive Value,
NPV = Negative Predictive Value. >—Accuracy represents the mean of the sensitivity and specificity.

In the subset of patients without HRS present (n = 56; Figure S1), including MUC6
expression with WF status significantly improved discrimination compared with WFs
alone (AUC = 0.79 vs. AUC = 0.70, DeLong p = 0.03; Figure 5A) with minimal optimism
bias observed on internal validation (Table S6). Both models had moderate calibration
(Figure S6A,B), although an S-shaped curve was observed for the WFs/MUC6 model, sug-
gesting underprediction of high-risk lesions (Figure S6B). Despite only marginal differences
in conventional performance metrics (Table 3), IDI and DCA analyses revealed incremental
improvement over WFs alone (IDI = 0.08; Figure 5B), including net clinical benefit at lower
threshold probabilities (~10% vs. ~20%; Figure 5C). When tumoral MUC6 expression was
replaced with the MUC6 radiomic signature, discrimination further improved (AUC = 0.86;
Figure 5D) with minimal optimism bias (Table S6) and moderate calibration, again with ev-
idence of underprediction at higher prediction probabilities (Figure S8E). IDI analyses also
revealed incremental value of the MUC6 radiomic signature beyond WFs alone (IDI = 0.17;
Figure 5E). However, this improvement in discrimination was accompanied by substantial
shifts in classification performance, including reduced sensitivity (57%) but 100% specificity
(Table 3), resulting in limited incremental clinical utility of DCA relative to WFs alone or
WFs combined with tumoral MUC6 expression (Figure 5F). Importantly, model perfor-
mance of WFs with and without tumoral MUC6 expression was similar between the full
non-HRS subset (1 = 56) and the subset with radiomics data (n = 39; Figure S1).

3.7. MUC6 Expression May Be Particularly Useful in BD-IPMNs

In the exploratory analyses restricted to patients with BD-IPMNSs, including tumoral
MUCS6 expression with HRS yielded significantly better discrimination than relying on HRS
alone (AUC =0.76 vs. AUC = 0.66, DeLong p = 0.04; Figure 6A). Optimism bias was minimal
(Table S7), and model calibration was moderate (Figure S9A,B). Improvements in sensitivity,
NPV, and accuracy were observed over HRS alone (Table S8), and IDI (Figure 6B) and DCA
(Figure 6C) revealed added value and clinical utility beyond HRS alone. When using the
radiomic signature in lieu of tumor expression, model performance was largely similar to
that observed in the full radiomics subset (Figures 6D-F and S9C-E; Table S7). In the subset
of BD-IPMN patients without HRS, findings were attenuated but not appreciably different
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than those in the full subset of patients without HRS with no clinical utility observed for
including MUCS6 nor its radiomic signature with WFs (Figures S10 and S11; Table S9).
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Figure 6. The utility of including tumoral MUC6 expression (A—C) and its radiomic signature (D-F)
with guideline-based high-risk stigmata (HRS) for identifying BD-IPMN patients with high-risk
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pathology. Receiver operating characteristic (ROC) curves and area under the ROC curve (AUC)
(A,D) depict the discrimination of HRS with and without MUC6 expression or its radiomic signature
while forest plots (B,E) quantify the discrimination improvement for including MUC6 expression
or its radiomic signature over HRS alone. Finally, decision curve analysis (DCA) curves (C,F)
demonstrate the clinical utility of including MUCS6 expression or its radiomic signature with HRS to
aid in treatment decisions. Abbreviations: CI = Confidence Interval.

3.8. Exploratory Comparison of the MUC6 Radiomic Signature with a Separate Risk
Classification Signature

Exploratory post hoc analyses revealed moderate correlation between the MUC6-
associated radiomic signature described in the current manuscript and a separate internally
developed radiomic classifier of IPMN risk status evaluated within the same analytic
subsets (Table S10). Despite partial overlap in radiomic features, the MUC6-associated
signature remained consistently associated with high-risk pathology across multivariable
models in the radiomics subsets (Table S11), suggesting that the signature may capture
complementary imaging characteristics associated with biologically aggressive disease.

4. Discussion

Accurate pre-operative identification of high-risk IPMNs remains a clinical challenge,
especially for BD-IPMNs, where current guideline-based criteria incompletely capture
biologic aggressiveness. In this investigation, reduced MUCS6 expression was consistently
associated with high-risk pathology, and integration of MUC6 expression with ICG con-
sistently improved discrimination, net clinical benefit, and NPV compared to ICG alone,
including among patients with BD-IPMNs. Importantly, an independent CT-based ra-
diomic signature was able to approximate this molecular phenotype non-invasively with
similar performance when used as a surrogate biomarker and combined with HRS.

MUC6 expression was consistently lower in high-risk lesions and invasive disease.
Notably, this difference in MUC6 expression was observed between patients with a low-
risk versus high-risk IPMN and an invasive IPMN/PDAC suggesting that low tumoral
MUC6 may be an important marker of high-risk pathology rather than just invasive
carcinoma. These findings are largely concordant with the existing literature demonstrating
reductions in MUC6 expression in PDAC tissue and with increasing dysplasia in precursor
lesions, including IPMNs [19,21,22,24,25], suggesting loss of MUCS6 as an aspect of lineage
shift or de-differentiation accompanying malignant progression [54,55]. Our findings
extend this body of work by demonstrating that tumoral MUC6 expression effectively
discriminates low- from high-risk lesions, not merely invasive carcinoma from benign
tissue. Additionally, MUCS6 is characteristically expressed in gastric-type IPMNs and is
associated with normal pyloric gland differentiation, whereas pancreatobiliary-type lesions,
which are known to harbor greater malignant potential, often exhibit reduced MUC6
expression [24,27,54-57]. Moreover, the diffuse MUC6 positivity within the cytoplasm
of cells on the apical luminal surface in a low-risk patient as compared to weak MUC6
positivity in a high-risk lesion (Figure S5) further supports the hypothesis that low MUC6
may be a marker of de-differentiation of normal pancreatic parenchyma to neoplastic
epithelium or advanced histology, though mechanistic validation is required.

Importantly, MUC6 had the highest discriminatory power for distinguishing between
IPMNs with low-risk and high-risk pathology outperforming standard clinical and ra-
diologic criteria alone. The associated sensitivity and specificity of MUC6 were largely
concordant with similar work by Yang et al. [39] although they found MUC5AC to have
the highest discriminatory power. This difference may have arisen due to differences in
biospecimen type (extracellular vesicles in plasma versus tumor tissue) considering that
circulating mucin data can be influenced by non-cancerous conditions [58,59]. Nonethe-
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less, our findings provide consistent evidence that tumoral MUC6 expression levels may
improve pre-operative risk prediction for patients with IPMNs. Unlike CA 19-9, which
may reflect broader pancreaticobiliary disease burden and systemic inflammation, MUC6
may more specifically capture lineage-associated IPMN biology and neoplastic progression.
Including low tumoral MUC6 expression with HRS or WFs in patients without any HRS
improved risk prediction, balancing sensitivity and specificity and yielding a greater net
benefit than relying on ICG alone overall and among patients with BD-IPMNs which are
more challenging to risk-stratify [53]. These findings further suggest that MUC6 may be
particularly informative for reducing false reassurance in patients harboring high-risk
lesions given its improved sensitivity and NPV relative to CA 19-9. Particularly notable
is that combining tumoral MUC6 with WFs in the absence of HRS may be most useful in
identifying individuals who harbor IPMNSs that are truly low-risk as evidenced by the 92%
and 91% NPV overall and among patients with BD-IPMNs, respectively. Although these
findings are specific to tumoral MUC6 expression, a pre-operative radiomic signature of
this phenotype may be a useful surrogate for direct measures.

We found that a signature of low MUCS6 expression was able to approximate tumoral
MUCS6 expression and may serve as a surrogate, non-invasive biomarker of underlying
IPMN biology distinct from, though partially overlapping with, a previously developed risk
classification signature. Notably, the slightly improved discriminatory performance of the
radiomic signature relative to tumoral MUC6 expression when combined with HRS/WFs
suggests that the imaging phenotype may capture additional lesion characteristics associ-
ated with high-risk pathology beyond MUC6 expression alone. The identified radiomic
features likely reflect imaging manifestations associated with altered mucin composition,
epithelial density, and lesion architectural heterogeneity accompanying progression to-
ward high-risk pathology. Partial overlap between the MUCS6 radiomic signature and
the previously developed high-risk /low-risk tumor radiomic signature, including shared
contribution of statistical energy, further suggests that both signatures may capture com-
plementary aspects of aggressive lesion architecture and biologic progression.

Features included in the MUC6 signature represent textural heterogeneity and lesion
intensity distribution of CT voxels, with several features plausibly reflecting architectural
alterations accompanying loss of MUC6 expression (i.e., reduced mucin content) and
disease progression (i.e., increased epithelial density and/or solid components). Specifically,
higher values of large zone high gray level emphasis, average 3D long run high gray
level emphasis, statistical energy, and average 3D run length variance contributed to
a higher PC1 score associated with low MUC6 expression, while lower values of zone
percentage contributed to a higher PC1 score. Collectively, these findings suggest that
tumors with low MUCS6 expression exhibit reduced mucin-associated homogeneity and
greater architectural complexity, supporting radiomics as a potential non-invasive marker
of biologically aggressive IPMN phenotypes [60].

The greatest potential for downstream clinical integration lies in the comparable per-
formance of the MUC6 radiomic signature to direct tissue measurement when incorporated
into risk models with ICG. For instance, when the MUC6 radiomic signature was included
with HRS, sensitivity, specificity, PPV, and NPV were all improved. Further, using the
radiomic signature with HRS in patients with BD-IPMNs yielded similar results as when
using tumoral MUCS6 expression—a clinically relevant population in which management
decisions often remain uncertain despite current guideline frameworks [9]. To this end,
leveraging standard-of-care CT images pre-operatively to integrate a MUC6-based radiomic
classifier could ultimately support multidisciplinary decision-making regarding surgical
referral, surveillance intensity, or ancillary evaluation.
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However, this observation was not consistent when the MUC6 signature was combined
with WFs. This could be due, in part, to the limited sample size in this analytic subset,
but could also be due to the MUCS6 radiomic signature capturing information that, when
combined with WFs, is more informative for ruling-out high-risk pathology than ruling-
in given the weak sensitivity (57%) but strong specificity (100%). This pattern suggests
that the MUC6 radiomic signature may preferentially identify a subset of lesions with
particularly high biologic aggressiveness, albeit at the expense of sensitivity. Nevertheless,
these findings should be interpreted with caution as prospective, external validation is
necessary. In the meantime, alternative methods for assessing MUC6 expression pre-
operatively should be explored given the observed utility of tumoral MUC6 expression
combined with ICG for predicting high-risk pathology.

Fortunately, endoscopic ultrasound-guided fine-needle aspiration (EUS/FNA) pro-
cedures are commonplace diagnostic tools [61-63] that can be used to obtain cyst fluid
and/or tissue samples to assess mucin expression pre-operatively [64,65], and have been
shown yield similar mucin expression patterns as those evaluated using surgically resected
tissue [66,67]. With the most recent update to ICG recommending cytological assessment
when assessing for HRS [9], EUS/FNA procedures may be a feasible opportunity to pre-
operatively evaluate MUC6 expression patterns during routine diagnostic workup. Given
the added value and clinical utility of including tumoral MUC6 expression with WFs,
including in BD-IPMNSs, and the known difficulty in risk stratifying these patients, studies
evaluating tissue samples obtained via biopsy for MUC6 expression are warranted. Re-
gardless, large prospective studies evaluating radiomic features associated with mucin
expression should we pursued to non-invasively assess underlying IPMN biology given
the potential risks of EUS/FNA procedures [68-70]. Future investigations comparing
tissue-based MUC6 expression with cyst fluid biomarkers and circulating molecular assays
may further clarify the optimal strategy for biologically informed pre-operative IPMN
risk stratification.

Several limitations should be considered when interpreting these findings. First, this
retrospective, single-institution study includes only surgically resected cases, introducing
spectrum bias and limiting generalizability to surveillance populations. The high preva-
lence of surgically resected high-risk lesions may also influence predictive performance
metrics, particularly PPV and NPV. However, NPV remained superior with including
MUCS6 over ICG alone even at 20% outcome prevalence mitigating some concerns about
spectrum bias. Nonetheless, prospective validation in a surveillance population is neces-
sary. Second, the sample size is limited, especially when performing the radiomic feature
analysis and BD-IPMN exploratory analyses. Even though model calibration ranges from
moderate to excellent with Brier scores ranging from 0.09 to 0.21 (Figures 57-59 and 511)
and optimism-corrected discrimination (Tables S6 and S7) demonstrates that our findings
are robust to internal validation, it is critical that the findings of this work, especially the
cutoffs for low tumoral MUC6 expression and radiomic signature, be validated in larger
data sets. Additionally, comparisons involving a separate internally developed radiomic
classifier should be considered exploratory, pending independent validation and formal
publication. Prospective assessment of model calibration across independent cohorts will
also be essential prior to clinical translation. Third, radiomic features can be influenced by
acquisition parameters and segmentation variability; external validation with harmonized
imaging protocols, reproducibility testing, and calibration assessment is essential prior to
clinical deployment. Future work incorporating MRI-based radiomics and multimodal
imaging approaches may further improve biological characterization and predictive per-
formance. Additionally, inter-observer reproducibility of lesion segmentation was not
formally evaluated and remains an important consideration for future translational devel-

https://doi.org/10.3390/ cancers18142264


https://doi.org/10.3390/cancers18142264

Cancers 2026, 18, 2264

19 of 24

opment and multi-institutional implementation. Fourth, TMA-based sampling may not
fully capture spatial heterogeneity of mucin expression especially given that TMAs were
generated from clinical collections potentially lending to the most concerning regions of
tumor (i.e., regions with high MUC1 expression) being used for pathological analysis and
thus unavailable for research purposes. However, since whole-lesion radiomics interro-
gates the entire tumor volume, it may complement tissue sampling and mitigate concerns
related to intralesional heterogeneity. Additionally, there was minimal variability in MUC6
positivity between duplicate cores in our data, further mitigating this concern. Finally,
while MUC6 demonstrated the strongest performance, additional mucins that were not
evaluated in our investigation (e.g., MUC4, MUC16) [71] and other classes of biomarkers
warrant investigation in future integrative models. Despite these limitations, this study
represents one of the largest tissue-based evaluations of mucin expression in IPMNs and
the first to link mucin biology with a CT-derived radiomic signature for pre-operative
risk stratification.

5. Conclusions

Our findings suggest that relying on guideline-based clinical and radiologic criteria
alone fails to capture molecular markers of IPMN aggression. Reduced tumoral MUC6
expression was associated with high-risk lesions, and this molecular phenotype can be
approximated non-invasively using CT radiomics. Integration of radiomic-molecular
biomarkers with established HRS improves pre-operative risk stratification, including
in BD-IPMNs where ambiguity is highest, and may ultimately improve identification
of patients most likely to benefit from resection while reducing unnecessary operative
intervention. Indeed, the findings from this work are promising for refining pre-operative
risk prediction but are largely hypothesis-generating and require critical steps be taken
to advance this work. Key next steps to develop this work beyond a hypothesis include
multi-institutional external validation with protocol harmonization, molecular validation,
calibration assessment, and reproducibility testing, alongside evaluation in surveillance-
intent cohorts to quantify impact on downstream management. Once validated, this
approach could support the emerging paradigm of integrating molecularly informed
imaging biomarkers with morphology-based guideline frameworks with the potential
to reduce unnecessary harm and increase early detection and intervention of a highly
lethal disease.

Supplementary Materials: The following supporting information can be downloaded at https://www.
mdpi.com/article/10.3390/cancers18142264/s1. Figure S1: Flow chart depicting the inclusion and
exclusion criteria leading to our final sample size; Figure S2: Boxplots showing Box—Cox-transformed
and z-score-standardized mean percent positivity of mucin expression and serum CA 19-9 according
to dichotomous (A-C) and three-level pathologic risk classification (D-F) in subgroups of patients
with a gastric (A,D), intestinal (B,E), or pancreatobiliary (C,F) subtype; Figure S3: Boxplots showing
mean percent positivity of mucin and other biomarker expression in pancreatic tumors according
to several clinicodemographic factors including (A) age at diagnosis, (B) sex, (C) body mass index,
(D) new-onset diabetes, (E) history of pancreatitis, (F) high-risk stigmata, (G) worrisome features, and
(H) duct involvement; Figure S4: Tissue core images reflective of our central finding of higher MUC6
expression in patients with (A) low-risk lesions and lower expression in patients with (B) high-risk
lesions using the 1.53% MUCS6 positivity threshold; Figure S5: Variability in mucin expression per
tissue core is presented as a forest plot of the intraclass correlation coefficient and their 95% confidence
intervals (Cls). Variability between duplicate cores is minimal for MUC2 and MUCS, but high for
MUC1 and MUCSAC; Figure S6: Analysis of batch effects by (A) analytic batch and (B) year of
computed tomography (CT) scan effects across all radiomic features. Principal components analysis
(PCA) scatterplot reveals no clustering by radiomics batch nor by year the CT scan was performed;
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Figure S7: Calibration plots and Brier scores of penalized logistic regression models of (A) HRS alone
and (B) HRS with tumoral MUC6 expression in the overall study population along with (C) HRS
alone, (D) HRS with tumoral MUCS6 expression, and (E) HRS with the MUC6 radiomic signature in
the subset with radiomics data; Figure S8: Calibration plots and Brier scores of penalized logistic
regression models of (A) WFs alone and (B) WFs with tumoral MUC6 expression in the subset of
patients without HRS present along with (C) WFs alone, (D) WFs with tumoral MUC6 expression,
and (E) WFs with the MUC6 radiomic signature in the subset of patients without HRS present and
radiomics data; Figure S9: Calibration plots and Brier scores of penalized logistic regression models
of (A) HRS alone and (B) HRS with tumoral MUC6 expression in patients with BD-IPMNs along
with (C) HRS alone, (D) HRS with tumoral MUC6 expression, and (E) HRS with the MUC6 radiomic
signature in the BD-IPMN subset with radiomics data; Figure S10: The utility of including tumoral
MUCS6 expression (A-C) and its radiomic signature (D-F) with guideline-based WFs in patients
without HRS present for identifying BD-IPMN patients with high-risk pathology. ROC curves (A,D)
depict the discrimination of WFs with and without MUC6 expression or its radiomic signature
while forest plots (B,E) quantify the discrimination improvement for including MUC6 expression
or its radiomic signature over WFs alone. Finally, DCA curves (C,F) demonstrate the clinical utility
of including MUCS6 expression or its radiomic signature with WFs to aid in treatment decisions;
Figure S11: Calibration plots and Brier scores of penalized logistic regression models of (A) WFs
alone and (B) WFs with tumoral MUC6 expression in the subset of BD-IPMN patients without HRS
present along with (C) WFs alone, (D) WFs with tumoral MUCS6 expression, and (E) WFs with the
MUCS6 radiomic signature in the subset of BD-IPMN patients without HRS present and radiomics
data; Table S1: CT scanners used to generate radiomic features data; Table S2: General triple phase
contrast CT protocol used for assessment of IPMN patients; Table S3: Mean percent positivity of
mucin expression and mean serum CA 19-9 levels according to pathologic risk classification; Table S4:
Post hoc Dunn'’s test for differences in mucin expression and serum CA 19-9 between individual
levels of the three-tiered risk classification; Table S5: Mean percent positivity of mucin expression
and mean serum CA 19-9 levels according to clinicodemographic covariates; Table S6: Optimism-
corrected AUCs for HRS or WFs in patients without HRS with and without MUC6 expression or its
radiomic signature; Table S7: Optimism-corrected AUCs for HRS or WFs in patients without HRS
with and without MUC6 expression or its radiomic signature in patients with BD-IPMNs; Table S8:
Performance of HRS with and without tumoral MUC6 expression and its radiomic signature to
discern high-risk IPMNs overall and in BD-IPMN patients; Table S9: Performance of WFs in the
absence of HRS with and without tumoral MUC6 expression and its radiomic signature to discern
high-risk IPMNs overall and in BD-IPMN patients; Table S10: Spearman correlation coefficients of
the MUCS6 and risk classification radiomic signatures; Table S11: Odds ratios and 95% confidence
intervals for the associations of HRS, WFs in patients without HRS, a previously developed tumor
risk classification radiomic signature, and the MUC6 radiomic signatures assessing for independence
of risk classification and MUCS6 signatures when combined with HRS or WFs in patients without
HRS; Supplemental Methods.

Author Contributions: Conceptualization, EW.D., D.J. and J.B.P.; Methodology, EW.D., K., D.J. and
J.B.P; Software, Z.S.,].N., J.L. and D.-T.C.; Validation, E.W.D.; Formal Analysis, EW.D. and M.A.P;
Investigation, EW.D., M.A.P, TL.B,, S.A, MEG, M.G.-D., ZS,,J.N,, BR,, AT, B.AC,K]J.and D.J.;
Resources, A].S., PJ.H, ZS., JN., ]J]M.P, G.R, B.A.C,, K]J., DJ. and ]J.B.P; Data Curation, EW.D.,
M.AP,TLB,S.A,MEG, M.G.-D,, J.N,, B.R,, KJ. and D.J.; Writing—Original Draft Preparation,
E.W.D.; Writing—Review and Editing, All Authors; Visualization, E.W.D.; Supervision, D.-T.C., D.].
and J.B.P; Project Administration, D.J. and J.B.P,; Funding Acquisition, D.J. and J.B.P. All authors
have read and agreed to the published version of the manuscript.

Funding: The research in this publication was supported in part by the National Institutes of
Health /National Cancer Institute (R37-CA229810 awarded to ]J.B.P. and D.].), the Tissue Core, Ad-
vanced Analytical and Digital Laboratory, Quantitative Imaging Core, Collaborative Data Services
Core, and the Biostatistics and Bioinformatics Shared Resource at the H. Lee Moffitt Cancer Center
and Research Institute, an NCI-Designated Comprehensive Cancer Center (P30-CA076292).

https://doi.org/10.3390/ cancers18142264


https://doi.org/10.3390/cancers18142264

Cancers 2026, 18, 2264 21 of 24

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki, and approved by the Moffitt Cancer Center Scientific Review Committee (MCC 20105,
19 July 2019) and Advarra Institutional Review Board (IRB 20192596; 19 November 2019).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The data supporting the conclusions of this study are available
from the corresponding author upon reasonable request and subject to institutional review and
data-sharing agreements.

Conflicts of Interest: The authors declare no relevant conflicts of interest.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

National Cancer Institute. SEER Cancer Stat Facts: Pancreatic Cancer. Available online: https://seer.cancer.gov/statfacts/html/
pancreas.html (accessed on 1 May 2026).

Rahib, L.; Wehner, M.R.; Matrisian, L.M.; Nead, K.T. Estimated Projection of US Cancer Incidence and Death to 2040. JAMA Netw.
Open 2021, 4, e214708. [CrossRef] [PubMed]

Gaddam, S.; Abboud, Y.; Oh, J.; Samaan, J.S.; Nissen, N.N.; Lu, 5.C.; Lo, S.K. Incidence of Pancreatic Cancer by Age and Sex in the
US, 2000-2018. JAMA 2021, 326, 2075-2077. [CrossRef] [PubMed]

Van Huijgevoort, N.C.; Del Chiaro, M.; Wolfgang, C.L.; van Hooft, ].E.; Besselink, M.G. Diagnosis and management of pancreatic
cystic neoplasms: Current evidence and guidelines. Nat. Rev. Gastroenterol. Hepatol. 2019, 16, 676-689. [CrossRef] [PubMed]
Springer, S.; Masica, D.L.; Dal Molin, M.; Douville, C.; Thoburn, C.J.; Afsari, B.; Li, L.; Cohen, ].D.; Thompson, E.; Allen, PJ.; et al.
A multimodality test to guide the management of patients with a pancreatic cyst. Sci. Transl. Med. 2019, 11, eaav4772. [CrossRef]
[PubMed]

Srivastava, S.; Koay, E.J.; Borowsky, A.D.; De Marzo, A.M.; Ghosh, S.; Wagner, P.D.; Kramer, B.S. Cancer overdiagnosis: A
biological challenge and clinical dilemma. Nat. Rev. Cancer 2019, 19, 349-358. [CrossRef] [PubMed]

Bouquot, M.; Gaujoux, S.; Cauchy, E; Birnbaum, D.; Dokmak, S.; Levy, P.; Soubrane, O.; Sauvanet, A. Pancreatectomy for
pancreatic incidentaloma: What are the risks? Pancreatology 2018, 18, 114-121. [CrossRef] [PubMed]

Matthaei, H.; Schulick, R.D.; Hruban, R.H.; Maitra, A. Cystic precursors to invasive pancreatic cancer. Nat. Rev. Gastroenterol.
Hepatol. 2011, 8, 141-150. [CrossRef] [PubMed]

Ohtsuka, T.; Fernandez-del Castillo, C.; Furukawa, T.; Hijioka, S.; Jang, J.-Y.; Lennon, A.M.; Miyasaka, Y.; Ohno, E.; Salvia, R,;
Wolfgang, C.L.; et al. International evidence-based Kyoto guidelines for the management of intraductal papillary mucinous
neoplasm of the pancreas. Pancreatology 2024, 24, 255-270. [CrossRef] [PubMed]

Tanaka, M.; Fernandez-del Castillo, C.; Kamisawa, T.; Jang, ].Y.; Levy, P.; Ohtsuka, T; Salvia, R.; Shimizu, Y.; Tada, M.; Wolfgang,
C.L. Revisions of international consensus Fukuoka guidelines for the management of IPMN of the pancreas. Pancreatology 2017,
17,738-753. [CrossRef] [PubMed]

Blackham, A.U.; Doepker, M.P.; Centeno, B.A.; Springett, G.; Pimiento, ].M.; Malafa, M.; Hodul, PJ. Patterns of recurrence and
long-term outcomes in patients who underwent pancreatectomy for intraductal papillary mucinous neoplasms with high grade
dysplasia: Implications for surveillance and future management guidelines. HPB 2017, 19, 603-610. [CrossRef] [PubMed]
Wilson, G.C.; Maithel, S.K.; Bentrem, D.; Abbott, D.E.; Weber, S.; Cho, C.; Martin, R.C.; Scoggins, C.R.; Kim, H.J.; Merchant, N.B.
Are the current guidelines for the surgical management of intraductal papillary mucinous neoplasms of the pancreas adequate?
A multi-institutional study. . Am. Coll. Surg. 2017, 224, 461-469. [CrossRef] [PubMed]

Furukawa, T. Subtyping of IPMN. In Pancreatic Cancer: Methods and Protocols; Su, G.H., Ed.; Springer: New York, NY, USA, 2019;
pp. 1-8. [CrossRef] [PubMed]

Anzillotti, G.; Vespasiano, F.; Scandavini, C.M.; Del Chiaro, M.; Halimi, A.; Anselmo, A.; Tisone, G.; Moro, C.E; Ateeb, Z.; Arnelo,
U.; et al. Histological Subtypes Might Help Risk Stratification in Different Morphological Types of IPMNs: Back to the Future? J.
Clin. Med. 2024, 13, 6759. [CrossRef] [PubMed]

Koh, Y.X,; Zheng, H.L.; Chok, A.-Y.; Tan, C.S.; Wyone, W.; Lim, TK.H.; Tan, D.M.Y.; Goh, B.K.P. Systematic review and meta-
analysis of the spectrum and outcomes of different histologic subtypes of noninvasive and invasive intraductal papillary mucinous
neoplasms. Surgery 2015, 157, 496-509. [CrossRef] [PubMed]

Dieli, R.; Lioy, R.; Crispo, E; Cascelli, N.; Martinelli, M.; Lerose, R.; Telesca, D.; Milella, M.R.; Colella, M.; Loperte, S; et al. The
Oncoprotein Mucin 1 in Pancreatic Cancer Onset and Progression: Potential Clinical Implications. Biomolecules 2025, 15, 275.
[CrossRef] [PubMed]

Maker, A.V,; Katabi, N.; Gonen, M.; DeMatteo, R.P.; D’ Angelica, M.L; Fong, Y.; Jarnagin, W.R.; Brennan, M.E; Allen, PJ. Pancreatic
Cyst Fluid and Serum Mucin Levels Predict Dysplasia in Intraductal Papillary Mucinous Neoplasms of the Pancreas. Ann. Surg.
Oncol. 2011, 18, 199-206. [CrossRef] [PubMed]

https://doi.org/10.3390/ cancers18142264


https://seer.cancer.gov/statfacts/html/pancreas.html
https://seer.cancer.gov/statfacts/html/pancreas.html
https://doi.org/10.1001/jamanetworkopen.2021.4708
https://www.ncbi.nlm.nih.gov/pubmed/33825840
https://doi.org/10.1001/jama.2021.18859
https://www.ncbi.nlm.nih.gov/pubmed/34689206
https://doi.org/10.1038/s41575-019-0195-x
https://www.ncbi.nlm.nih.gov/pubmed/31527862
https://doi.org/10.1126/scitranslmed.aav4772
https://www.ncbi.nlm.nih.gov/pubmed/31316009
https://doi.org/10.1038/s41568-019-0142-8
https://www.ncbi.nlm.nih.gov/pubmed/31024081
https://doi.org/10.1016/j.pan.2017.11.002
https://www.ncbi.nlm.nih.gov/pubmed/29146108
https://doi.org/10.1038/nrgastro.2011.2
https://www.ncbi.nlm.nih.gov/pubmed/21383670
https://doi.org/10.1016/j.pan.2023.12.009
https://www.ncbi.nlm.nih.gov/pubmed/38182527
https://doi.org/10.1016/j.pan.2017.07.007
https://www.ncbi.nlm.nih.gov/pubmed/28735806
https://doi.org/10.1016/j.hpb.2017.03.007
https://www.ncbi.nlm.nih.gov/pubmed/28495434
https://doi.org/10.1016/j.jamcollsurg.2016.12.031
https://www.ncbi.nlm.nih.gov/pubmed/28088598
https://doi.org/10.1007/978-1-4939-8879-2_1
https://www.ncbi.nlm.nih.gov/pubmed/30378039
https://doi.org/10.3390/jcm13226759
https://www.ncbi.nlm.nih.gov/pubmed/39597904
https://doi.org/10.1016/j.surg.2014.08.098
https://www.ncbi.nlm.nih.gov/pubmed/25656693
https://doi.org/10.3390/biom15020275
https://www.ncbi.nlm.nih.gov/pubmed/40001578
https://doi.org/10.1245/s10434-010-1225-7
https://www.ncbi.nlm.nih.gov/pubmed/20717734
https://doi.org/10.3390/cancers18142264

Cancers 2026, 18, 2264 22 of 24

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Hull, A.; Li, Y.; Bartholomeusz, D.; Hsieh, W.; Escarbe, S.; Ruszkiewicz, A.; Bezak, E. The Expression Profile and Textural
Characteristics of C595-Reactive MUCT1 in Pancreatic Ductal Adenocarcinoma for Targeted Radionuclide Therapy. Cancers 2021,
13, 61.

Leir, S.-H.; Harris, A. MUC6 mucin expression inhibits tumor cell invasion. Exp. Cell Res. 2011, 317, 2408-2419. [CrossRef]
[PubMed]

Manne, A.; Yu, L.; Hart, P.A.; Tsung, A.; Esnakula, A. Differential Expression and Diagnostic Value of MUC5AC Glycoforms in
Pancreatic Ductal Adenocarcinoma. Cancers 2023, 15, 4832. [CrossRef] [PubMed]

Mattiolo, P.; Hong, S.-M.; Paolino, G.; Rusev, B.C.; Marchegiani, G.; Salvia, R.; Andrianello, S.; Capelli, P.; Piccoli, P.; Parolini, C.;
et al. CD117 Is a Specific Marker of Intraductal Papillary Mucinous Neoplasms (IPMN) of the Pancreas, Oncocytic Subtype. Int. ].
Mol. Sci. 2020, 21, 5794. [CrossRef] [PubMed]

Nagata, K.; Horinouchi, M.; Saitou, M.; Higashi, M.; Nomoto, M.; Goto, M.; Yonezawa, S. Mucin expression profile in pancreatic
cancer and the precursor lesions. J. Hepato-Biliary-Pancreat. Surg. 2007, 14, 243-254. [CrossRef] [PubMed]

Nissim, S.; Idos, G.E.; Wu, B. Genetic Markers of Malignant Transformation in Intraductal Papillary Mucinous Neoplasm of the
Pancreas: A Meta-Analysis. Pancreas 2012, 41, 1195-1205. [CrossRef] [PubMed]

Ohya, A.; Yamanoi, K.; Shimojo, H.; Fujii, C.; Nakayama, J. Gastric gland mucin-specific O-glycan expression decreases with
tumor progression from precursor lesions to pancreatic cancer. Cancer Sci. 2017, 108, 1897-1902. [CrossRef] [PubMed]
Remmers, N.; Anderson, ].M.; Linde, E.M.; DiMaio, D.J.; Lazenby, A.J.; Wandall, H.-H.; Mandel, U.; Clausen, H.; Yu, F,;
Hollingsworth, M.A. Aberrant Expression of Mucin Core Proteins and O-Linked Glycans Associated with Progression of
Pancreatic Cancer. Clin. Cancer Res. 2013, 19, 1981-1993. [CrossRef]

Yamasaki, H.; Ikeda, S.; Okajima, M.; Miura, Y.; Asahara, T.; Kohno, N.; Shimamoto, F. Expression and localization of MUC1,
MUC2, MUC5AC and small intestinal mucin antigen in pancreatic tumors. Int. J. Oncol. 2004, 24, 107-113. [CrossRef] [PubMed]
Kwak, H.A,; Liu, X.; Allende, D.S.; Pai, R.K.; Hart, J.; Xiao, S.-Y. Interobserver variability in intraductal papillary mucinous
neoplasm subtypes and application of their mucin immunoprofiles. Mod. Pathol. 2016, 29, 977-984. [CrossRef] [PubMed]
Fonseca, A.L.; Kirkwood, K.; Kim, M.P,; Maitra, A.; Koay, E.J. Intraductal Papillary Mucinous Neoplasms of the Pancreas: Current
Understanding and Future Directions for Stratification of Malignancy Risk. Pancreas 2018, 47, 272-279. [CrossRef] [PubMed]
Dwertmann Rico, S.; Biischeck, F.; Dum, D.; Luebke, A.M.; Kluth, M.; Hube-Magg, C.; Hinsch, A.; Hoflmayer, D.; Perez, D.;
Izbicki, J.R.; et al. Mucin 5AC expression is common but unrelated to tumor progression in pancreatic adenocarcinoma. Int. |.
Immunopathol. Pharmacol. 2022, 36, 03946320221106504. [CrossRef] [PubMed]

Shimamoto, T.; Tani, M.; Kawai, M.; Hirono, S.; Ina, S.; Miyazawa, M.; Shimizu, A.; Uchiyama, K.; Yokoyama, S.; Tsutsumi, M.;
et al. MUC1 Is a Useful Molecular Marker for Malignant Intraductal Papillary Mucinous Neoplasms in Pancreatic Juice Obtained
from Endoscopic Retrograde Pancreatography. Pancreas 2010, 39, 879-883. [CrossRef] [PubMed]

Gautam, S.K.; Khan, P; Natarajan, G.; Atri, P; Aithal, A.; Ganti, A.K,; Batra, S.K.; Nasser, M.W.; Jain, M. Mucins as Potential
Biomarkers for Early Detection of Cancer. Cancers 2023, 15, 1640. [CrossRef] [PubMed]

Kaur, S.; Smith, L.M.; Patel, A.; Menning, M.; Watley, D.C.; Malik, S.S.; Krishn, S.R.; Mallya, K.; Aithal, A.; Sasson, A.R.; et al.
A Combination of MUC5AC and CA19-9 Improves the Diagnosis of Pancreatic Cancer: A Multicenter Study. Off. J. Am. Coll.
Gastroenterol. ACG 2017, 112, 172-183. [CrossRef] [PubMed]

Ohuchida, K.; Mizumoto, K.; Yamada, D.; Fujii, K.; Ishikawa, N.; Konomi, H.; Nagai, E.; Yamaguchi, K.; Tsuneyoshi, M.; Tanaka,
M. Quantitative analysis of MUC1 and MUC5AC mRNA in pancreatic juice for preoperative diagnosis of pancreatic cancer. Int. J.
Cancer 2006, 118, 405-411. [CrossRef] [PubMed]

Sierzega, M.; Mtynarski, D.; Tomaszewska, R.; Kulig, J. Semiquantitative immunohistochemistry for mucin (MUC1, MUC2,
MUC3, MUC4, MUC5AC, and MUCS6) profiling of pancreatic ductal cell adenocarcinoma improves diagnostic and prognostic
performance. Histopathology 2016, 69, 582-591. [CrossRef] [PubMed]

Wang, Y.; Gao, J.; Li, Z; Jin, Z.; Gong, Y.; Man, X. Diagnostic value of mucins (MUC1, MUC2 and MUC5AC) expression profile in
endoscopic ultrasound-guided fine-needle aspiration specimens of the pancreas. Int. J. Cancer 2007, 121, 2716-2722. [CrossRef]
[PubMed]

Wiktorowicz, M.; Mlynarski, D.; Pach, R.; Tomaszewska, R.; Kulig, J.; Richter, P.; Sierzega, M. Rationale and feasibility of mucin
expression profiling by qRT-PCR as diagnostic biomarkers in cytology specimens of pancreatic cancer. Pancreatology 2018, 18,
977-982. [CrossRef] [PubMed]

Philipson, E.; Jabbar, K.; Bratlie, S.O.; Hansson, G.; Persson, J.; Vilhav, C.; Wennerblom, J.; Sadik, R.; Naredi, P.; Bourghardt
Fagman, J.; et al. Adjunct mucin biomarkers MUC2+MUC5AC and MUC5AC+PSCA in a clinical setting identify and may
improve correct selection of high-risk pancreatic lesions for surgery. HPB 2025, 27, 214-221. [CrossRef] [PubMed]

Jabbar, K.S.; Arike, L.; Verbeke, C.S.; Sadik, R.; Hansson, G.C. Highly Accurate Identification of Cystic Precursor Lesions of
Pancreatic Cancer Through Targeted Mass Spectrometry: A Phase IIc Diagnostic Study. J. Clin. Oncol. 2018, 36, 367-375. [CrossRef]
[PubMed]

https://doi.org/10.3390/ cancers18142264


https://doi.org/10.1016/j.yexcr.2011.07.021
https://www.ncbi.nlm.nih.gov/pubmed/21851820
https://doi.org/10.3390/cancers15194832
https://www.ncbi.nlm.nih.gov/pubmed/37835525
https://doi.org/10.3390/ijms21165794
https://www.ncbi.nlm.nih.gov/pubmed/32806726
https://doi.org/10.1007/s00534-006-1169-2
https://www.ncbi.nlm.nih.gov/pubmed/17520199
https://doi.org/10.1097/MPA.0b013e3182580fb4
https://www.ncbi.nlm.nih.gov/pubmed/22750975
https://doi.org/10.1111/cas.13317
https://www.ncbi.nlm.nih.gov/pubmed/28685935
https://doi.org/10.1158/1078-0432.Ccr-12-2662
https://doi.org/10.3892/ijo.24.1.107
https://www.ncbi.nlm.nih.gov/pubmed/14654947
https://doi.org/10.1038/modpathol.2016.93
https://www.ncbi.nlm.nih.gov/pubmed/27198568
https://doi.org/10.1097/mpa.0000000000000999
https://www.ncbi.nlm.nih.gov/pubmed/29424809
https://doi.org/10.1177/03946320221106504
https://www.ncbi.nlm.nih.gov/pubmed/35764407
https://doi.org/10.1097/MPA.0b013e3181d6ba04
https://www.ncbi.nlm.nih.gov/pubmed/20357691
https://doi.org/10.3390/cancers15061640
https://www.ncbi.nlm.nih.gov/pubmed/36980526
https://doi.org/10.1038/ajg.2016.482
https://www.ncbi.nlm.nih.gov/pubmed/27845339
https://doi.org/10.1002/ijc.21317
https://www.ncbi.nlm.nih.gov/pubmed/16052519
https://doi.org/10.1111/his.12994
https://www.ncbi.nlm.nih.gov/pubmed/27165582
https://doi.org/10.1002/ijc.22997
https://www.ncbi.nlm.nih.gov/pubmed/17708554
https://doi.org/10.1016/j.pan.2018.09.008
https://www.ncbi.nlm.nih.gov/pubmed/30268674
https://doi.org/10.1016/j.hpb.2024.10.018
https://www.ncbi.nlm.nih.gov/pubmed/39562183
https://doi.org/10.1200/jco.2017.73.7288
https://www.ncbi.nlm.nih.gov/pubmed/29166170
https://doi.org/10.3390/cancers18142264

Cancers 2026, 18, 2264 23 of 24

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.
53.

54.

55.

56.

57.

58.

59.

60.

61.

Yang, K.S.; Ciprani, D.; O’Shea, A.; Liss, A.S.; Yang, R.; Fletcher-Mercaldo, S.; Mino-Kenudson, M.; Fernandez-del Castillo, C.;
Weissleder, R. Extracellular Vesicle Analysis Allows for Identification of Invasive IPMN. Gastroenterology 2021, 160, 1345-1358.e11.
[CrossRef] [PubMed]

Hanania, A.N.; Bantis, L.E.; Feng, Z.; Wang, H.; Tamm, E.P,; Katz, M.H.; Maitra, A.; Koay, E.J. Quantitative imaging to evaluate
malignant potential of IPMNSs. Oncotarget 2016, 7, 85776-85784. [CrossRef] [PubMed]

Permuth, J.B.; Choi, J.; Balarunathan, Y.; Kim, J.; Chen, D.T.; Chen, L.; Orcutt, S.; Doepker, M.P,; Gage, K.; Zhang, G.; et al.
Combining radiomic features with a miRNA classifier may improve prediction of malignant pathology for pancreatic intraductal
papillary mucinous neoplasms. Oncotarget 2016, 7, 85785-85797. [CrossRef] [PubMed]

Polk, S.L.; Choi, ].W.; McGettigan, M.].; Rose, T.; Ahmed, A.; Kim, J.; Jiang, K.; Balagurunathan, Y.; Qi, J.; Farah, P.T.; et al.
Multiphase computed tomography radiomics of pancreatic intraductal papillary mucinous neoplasms to predict malignancy.
World |. Gastroenterol. 2020, 26, 3458-3471. [CrossRef] [PubMed]

Nagtegaal, I.D.; Odze, R.D.; Klimstra, D.; Paradis, V.; Rugge, M.; Schirmacher, P.; Washington, K.M.; Carneiro, F,; Cree, LA.; WHO
Classification of Tumours Editorial Board. The 2019 WHO classification of tumours of the digestive system. Histopathology 2020,
76,182-188. [CrossRef] [PubMed]

Adsay, V.; Mino-Kenudson, M.; Furukawa, T.; Basturk, O.; Zamboni, G.; Marchegiani, G.; Bassi, C.; Salvia, R.; Malleo, G.; Paiella,
S.; et al. Pathologic Evaluation and Reporting of Intraductal Papillary Mucinous Neoplasms of the Pancreas and Other Tumoral
Intraepithelial Neoplasms of Pancreatobiliary Tract: Recommendations of Verona Consensus Meeting. Ann. Surg. 2016, 263,
162-177. [CrossRef] [PubMed]

Zwanenburg, A.; Valliéres, M.; Abdalah, M.A.; Aerts, H.J.W.L.; Andrearczyk, V.; Apte, A.; Ashrafinia, S.; Bakas, S.; Beukinga, R.J.;
Boellaard, R.; et al. The Image Biomarker Standardization Initiative: Standardized Quantitative Radiomics for High-Throughput
Image-based Phenotyping. Radiology 2020, 295, 328-338. [CrossRef] [PubMed]

Kassambara, A. rstatix: Pipe-Friendly Framework for Basic Statistical Tests, version 0.7.3; CRAN: Contributed Packages; The R
Foundation: Vienna, Austria, 2019.

Kuhn, M. Building predictive models in R using the caret package. J. Stat. Softw. 2008, 28, 1-26. [CrossRef]

Harrell, EE., Jr. rms: Regression Modeling Strategies, version 8.1-1; The R Foundation: Vienna, Austria, 2025.

Robin, X.; Turck, N.; Hainard, A.; Tiberti, N.; Lisacek, F; Sanchez, ]J.-C.; Miiller, M. pROC: An open-source package for R and S+
to analyze and compare ROC curves. BMC Bioinform. 2011, 12, 77. [CrossRef]

Stevenson, M.; Nunes, T.; Heuer, C.; Marshall, ].; Sanchez, ].; Thornton, R.; Reiczigel, J.; Robison-Cox, J.; Sebastiani, P.; Solymos, P.
epiR: Tools for the Analysis of Epidemiological Data, R package version 2.0.91; The R Foundation: Vienna, Austria, 2018.

Pencina, M.].; D’Agostino, R.B., Sr.; D’Agostino, R.B., Jr.; Vasan, R.S. Evaluating the added predictive ability of a new marker:
From area under the ROC curve to reclassification and beyond. Stat. Med. 2008, 27, 157-172. [PubMed]

Brown, M. rmda: Risk Model Decision Analysis, R package version 1.6; The R Foundation: Vienna, Austria, 2018.

Jabtoriska, B.; Szmigiel, P.; Mrowiec, S. Pancreatic intraductal papillary mucinous neoplasms: Current diagnosis and management.
World ]. Gastrointest. Oncol. 2021, 13, 1880-1895. [CrossRef] [PubMed]

Sans, M.; Makino, Y.; Min, J.; Rajapakshe, K.L; Yip-Schneider, M.; Schmidt, C.M.; Hurd, M.W,; Burks, ] K.; Gomez, J.A.; Thege, EL;
et al. Spatial Transcriptomics of Intraductal Papillary Mucinous Neoplasms of the Pancreas Identifies NKX6-2 as a Driver of
Gastric Differentiation and Indolent Biological Potential. Cancer Discov. 2023, 13, 1844-1861. [CrossRef] [PubMed]

Furukawa, T.; Kloppel, G.; Volkan Adsay, N.; Albores-Saavedra, J.; Fukushima, N.; Horii, A.; Hruban, R.H.; Kato, Y.; Klimstra,
D.S.; Longnecker, D.S. Classification of types of intraductal papillary-mucinous neoplasm of the pancreas: A consensus study.
Virchows Arch. 2005, 447, 794-799. [CrossRef] [PubMed]

Castellano-Megias, V.M.; Andrés, C.I.; Lopez-Alonso, G.; Colina-Ruizdelgado, F. Pathological features and diagnosis of intraductal
papillary mucinous neoplasm of the pancreas. World |. Gastrointest. Oncol. 2014, 6, 311-324. [CrossRef] [PubMed]

Griitzmann, R.; Niedergethmann, M.; Pilarsky, C.; Kloppel, G.; Saeger, H.D. Intraductal papillary mucinous tumors of the
pancreas: Biology, diagnosis, and treatment. Oncologist 2010, 15, 1294-1309. [CrossRef] [PubMed]

Huang, Q.F; Cheng, Y.B.; Guo, Q.H.; Wang, Y.; Chen, Y.L.; Zhang, D.Y.; An, D.W,; Li, Y.; Wang, ].G. Serum Galectin-3 and Mucin-1
(CA15-3) in Relation to Renal Function in Untreated Chinese Patients. Am. J. Hypertens. 2023, 36, 176-182. [CrossRef] [PubMed]
Robinson, C.B.; Martin, W.R.; Ratliff, ].L.; Holland, P.V.; Wu, R.; Cross, C.E. Elevated levels of serum mucin-associated antigen in
adult patients with cystic fibrosis. Am. Rev. Respir. Dis. 1993, 148, 385-389. [CrossRef] [PubMed]

The Image Biomarker Standardisation Initiative. Available online: https://ibsi.readthedocs.io/en/latest/#the-image-biomarker-
standardisation-initiative (accessed on 29 April 2026).

Dhar, J.; Samanta, J.; Nabi, Z.; Aggarwal, M.; Conti Bellocchi, M.C.; Facciorusso, A.; Frulloni, L.; Crino, S.F. Endoscopic
Ultrasound-Guided Pancreatic Tissue Sampling: Lesion Assessment, Needles, and Techniques. Medicina 2024, 60, 2021. [CrossRef]
[PubMed]

https://doi.org/10.3390/ cancers18142264


https://doi.org/10.1053/j.gastro.2020.11.046
https://www.ncbi.nlm.nih.gov/pubmed/33301777
https://doi.org/10.18632/oncotarget.11769
https://www.ncbi.nlm.nih.gov/pubmed/27588410
https://doi.org/10.18632/oncotarget.11768
https://www.ncbi.nlm.nih.gov/pubmed/27589689
https://doi.org/10.3748/wjg.v26.i24.3458
https://www.ncbi.nlm.nih.gov/pubmed/32655269
https://doi.org/10.1111/his.13975
https://www.ncbi.nlm.nih.gov/pubmed/31433515
https://doi.org/10.1097/sla.0000000000001173
https://www.ncbi.nlm.nih.gov/pubmed/25775066
https://doi.org/10.1148/radiol.2020191145
https://www.ncbi.nlm.nih.gov/pubmed/32154773
https://doi.org/10.18637/jss.v028.i05
https://doi.org/10.1186/1471-2105-12-77
https://www.ncbi.nlm.nih.gov/pubmed/17569110
https://doi.org/10.4251/wjgo.v13.i12.1880
https://www.ncbi.nlm.nih.gov/pubmed/35070031
https://doi.org/10.1158/2159-8290.Cd-22-1200
https://www.ncbi.nlm.nih.gov/pubmed/37285225
https://doi.org/10.1007/s00428-005-0039-7
https://www.ncbi.nlm.nih.gov/pubmed/16088402
https://doi.org/10.4251/wjgo.v6.i9.311
https://www.ncbi.nlm.nih.gov/pubmed/25232456
https://doi.org/10.1634/theoncologist.2010-0151
https://www.ncbi.nlm.nih.gov/pubmed/21147870
https://doi.org/10.1093/ajh/hpac115
https://www.ncbi.nlm.nih.gov/pubmed/36226892
https://doi.org/10.1164/ajrccm/148.2.385
https://www.ncbi.nlm.nih.gov/pubmed/8342902
https://ibsi.readthedocs.io/en/latest/#the-image-biomarker-standardisation-initiative
https://ibsi.readthedocs.io/en/latest/#the-image-biomarker-standardisation-initiative
https://doi.org/10.3390/medicina60122021
https://www.ncbi.nlm.nih.gov/pubmed/39768901
https://doi.org/10.3390/cancers18142264

Cancers 2026, 18, 2264 24 of 24

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

Ohno, E.; Kuzuya, T.; Kawabe, N.; Nakaoka, K.; Tanaka, H.; Nakano, T.; Funasaka, K.; Miyahara, R.; Hashimoto, S.; Hirooka, Y.
Current status of endoscopic ultrasound in the diagnosis of intraductal papillary mucinous neoplasms. DEN Open 2025, 5, e413.
[CrossRef] [PubMed]

Shafi, S.; Frankel, W.L,; Li, Z.; Jones, D.; Krishna, S.G.; Esnakula, A.K,; Yearsley, M.; Sun, S.; Lujan, G.; Vazzano, J.; et al. Endoscopic
ultrasound—guided pancreatic core-needle/microforceps biopsy is a valuable diagnostic tool for pancreatic lesions: Experience
from a large academic institution. Am. J. Clin. Pathol. 2025, 164, 351-359. [CrossRef] [PubMed]

Constantinescu, A.; Ilie-Stan, C.M.; Sandru, V.; Ungureanu, B.S.; Gheonea, D.I; Ciurea, T.; Plotogea, O.M.; Pavel, C.; Enache,
V.; Munteanu, M.A; et al. A morphological and immunohistochemical study of the endoscopic ultrasound-fine-needle biopsy
samples from solid pancreatic masses: A single center study. Rom. J. Morphol. Embryol. 2021, 62, 723-731. [CrossRef] [PubMed]
Higashi, M.; Yokoyama, S.; Yamamoto, T.; Goto, Y.; Kitazono, I.; Hiraki, T.; Taguchi, H.; Hashimoto, S.; Fukukura, Y.; Koriyama,
C.; et al. Mucin Expression in Endoscopic Ultrasound-Guided Fine-Needle Aspiration Specimens Is a Useful Prognostic Factor in
Pancreatic Ductal Adenocarcinoma. Pancreas 2015, 44, 728-734. [CrossRef] [PubMed]

Giorgadze, T.A.; Peterman, H.; Baloch, ZW.; Furth, E.E.; Pasha, T.; Shiina, N.; Zhang, P.J.; Gupta, PK. Diagnostic utility of mucin
profile in fine-needle aspiration specimens of the pancreas. Cancer Cytopathol. 2006, 108, 186-197. [CrossRef] [PubMed]

Carrara, S.; Cangi, M.G.; Arcidiacono, P.G.; Perri, E; Petrone, M.C.; Mezzi, G.; Boemo, C.; Talarico, A.; Cin, E.D.; Grassini, G.; et al.
Mucin Expression Pattern in Pancreatic Diseases: Findings From EUS-Guided Fine-Needle Aspiration Biopsies. Off. J. Am. Coll.
Gastroenterol. ACG 2011, 106, 1359-1363. [CrossRef] [PubMed]

Farrell, ].J. Prevalence, diagnosis and management of pancreatic cystic neoplasms: Current status and future directions. Gut Liver
2015, 9, 571. [CrossRef] [PubMed]

Farrell, J.].; Ferndndez-del Castillo, C. Pancreatic cystic neoplasms: Management and unanswered questions. Gastroenterology
2013, 144, 1303-1315. [CrossRef] [PubMed]

Panarelli, N.C.; Sela, R.; Schreiner, A.M.; Crapanzano, J.P.; Klimstra, D.S.; Schnoll-Sussman, F.; Pochapin, M.B.; Yantiss, R.K.
Commercial molecular panels are of limited utility in the classification of pancreatic cystic lesions. Am. J. Surg. Pathol. 2012, 36,
1434-1443. [CrossRef] [PubMed]

Ganguly, K.; Rauth, S.; Marimuthu, S.; Kumar, S.; Batra, S.K. Unraveling mucin domains in cancer and metastasis: When
protectors become predators. Cancer Metastasis Rev. 2020, 39, 647-659. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/ cancers18142264


https://doi.org/10.1002/deo2.413
https://www.ncbi.nlm.nih.gov/pubmed/39040523
https://doi.org/10.1093/ajcp/aqaf050
https://www.ncbi.nlm.nih.gov/pubmed/40414818
https://doi.org/10.47162/rjme.62.3.09
https://www.ncbi.nlm.nih.gov/pubmed/35263400
https://doi.org/10.1097/mpa.0000000000000362
https://www.ncbi.nlm.nih.gov/pubmed/25906442
https://doi.org/10.1002/cncr.21913
https://www.ncbi.nlm.nih.gov/pubmed/16628655
https://doi.org/10.1038/ajg.2011.22
https://www.ncbi.nlm.nih.gov/pubmed/21647207
https://doi.org/10.5009/gnl15063
https://www.ncbi.nlm.nih.gov/pubmed/26343068
https://doi.org/10.1053/j.gastro.2013.01.073
https://www.ncbi.nlm.nih.gov/pubmed/23622140
https://doi.org/10.1097/pas.0b013e31825d534a
https://www.ncbi.nlm.nih.gov/pubmed/22982886
https://doi.org/10.1007/s10555-020-09896-5
https://www.ncbi.nlm.nih.gov/pubmed/32488403
https://doi.org/10.3390/cancers18142264

	Introduction 
	Materials and Methods 
	Study Population 
	TMA Construction 
	Multiplex Immunofluorescence (mIF) 
	Quantitative Image Analysis 
	Pathologic Risk Classification 
	International Consensus Guidelines 
	CT Image Acquisition and Radiomic Feature Extraction 
	Statistical Analysis 

	Results 
	Cohort Characteristics 
	Mucin Expression Differs by Pathologic Risk 
	Mucin Expression Is Associated with Clinical and Radiologic Characteristics 
	MUC6 Expression Is Associated with High-Risk IPMN Pathology 
	A CT-Derived Radiomic Signature Correlates with Low MUC6 Expression 
	MUC6 Expression and Its Radiomic Signature Add Incremental Value to Consensus Guidelines 
	MUC6 Expression May Be Particularly Useful in BD-IPMNs 
	Exploratory Comparison of the MUC6 Radiomic Signature with a Separate Risk Classification Signature 

	Discussion 
	Conclusions 
	References

