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Abstract: Malignant gliomas constitute a complex disease phenotype that demands optimum decisionmaking as they are highly heterogeneous. Such inter-individual variability also renders optimum patient
stratification extremely difficult. microRNA (hsa-miR-20a, hsa-miR-21, hsa-miR-21) expression levels were
determined by RT-qPCR, upon FFPE tissue sample collection of glioblastoma multiforme patients (n = 37).
In silico validation was then performed through discriminant analysis. Immunohistochemistry images
from biopsy material were utilized by a hybrid deep learning system to further cross validate the distinctive
capability of patient risk groups. Our standard-of-care treated patient cohort demonstrates no age- or sexdependence. The expression values of the 3-miRNA signature between the low- (OS > 12 months) and
high-risk (OS < 12 months) groups yield a p-value of <0.0001, enabling risk stratification. Risk stratification is
validated by a. our random forest model that efficiently classifies (AUC = 97%) patients into two risk groups
(low- vs. high-risk) by learning their 3-miRNA expression values, and b. our deep learning scheme, which
recognizes those patterns that differentiate the images in question. Molecular-clinical correlations were
drawn to classify low- (OS > 12 months) vs. high-risk (OS < 12 months) glioblastoma multiforme patients.
Our 3-microRNA signature (hsa-miR-20a, hsa-miR-21, hsa-miR-10a) may further empower glioblastoma
multiforme prognostic evaluation in clinical practice and enrich drug repurposing pipelines.
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1. Introduction

Licensee MDPI, Basel, Switzerland.

The ever-increasing development of novel diagnostic tools and targeted approaches is
of fundamental importance in the field of oncology. However, glioblastoma multiforme
(GBM), the most aggressive type of primary brain tumor, is still associated with poor
prognosis and patients’ median overall survival remains limited to 12–15 months [1,2].
According to the European Society for Medical Oncology (ESMO) guidelines for diagnosis,
tissue histopathological evaluation is required. The current standard of care is the maximal
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surgical resection of the tumor followed by radiotherapy with concomitant and adjuvant
temozolomide (TMZ), the latter being an alkylating agent [3,4].
As we navigate the big data era, we aim to translate information into knowledge with
a primary focus on inter-individual variability. Such a strategy is of paramount importance
when brain and central nervous system cancers are considered and this no doubt includes
GBM. This approach aims at more precise and powerful diagnostic, prognostic and therapeutic strategies, tailored for each group of cancer patients [5]. GBM is characterized
by inter-tumor and intra-tumor heterogeneity, thus the development and validation of
potential biomarkers for optimal clinical decision-making becomes extremely demanding.
Specifically, the identification of prognostically distinct subgroups of patients, based on
common biological backgrounds, may lead to the best clinical outcome through a valuable
risk assessment and a well-oriented therapeutic plan [6].
MicroRNAs (miRNAs) are key players in GBM tumor initiation, progression, therapy
response and recurrence. The multi-gene targeting ability of a miRNA indicates its function
either as oncogenic or tumor suppressor. In this regard, a single miRNA may involve
in various cellular processes and pathways, consequently in tumor pathophysiology [7].
Several studies have focused on multiple miRNAs that exhibit distinct expression profiles
in GBM, aiming to correlate these profiles with GBM patients’ survival and prognosis. To
name but a few, Yuan et al. suggested a 3-miRNA signature (hsa-miR-222, hsa-miR-302, hsamiR-646) as a predictor of overall survival (OS), utilizing miRNA expression data for GBM
patients from the Cancer Genome Atlas (TCGA) dataset [8]. A recently published 4-miRNA
signature showed prognostic value, taking into account MGMT promoter methylation and
age as cofactors, in IDH1/2 wild type GBM patients [9].
Herein, we report a 3-miRNA signature (hsa-miR-20a, hsa-miR-21, hsa-miR-10a)
to map the inter-individual variability of glioblastoma multiforme patients, accounting for confounding factors and selection bias, toward optimum patient stratification.
Molecular-clinical correlations were drawn to classify high- (OS < 12 months) vs. low-risk
(OS > 12 months) patients, also shedding light on the molecular mechanisms involved in
disease progression. We have validated our 3-miRNA signature by quantitative real-time
PCR (qRT-PCR) coupled to discriminant analysis. Furthermore, we performed in-silico
validation, based on immunohistochemistry (IHC) images of GBM biopsies, employing a
hybrid deep learning system [10].
2. Materials and Methods
2.1. Mixed-Methods Content Analysis
A mixed-methods content analysis was conducted as it is considered the gold standard
approach for a content analysis, after the synergy of inductive (qualitative) and deductive
(quantitative) phases, especially when it comes to contemporary definitions. Our mixed
methods content analysis consisted of mining (data and text) and data analysis. We mined
omics datasets, peer-reviewed literature and clinical trial outcomes databases (as of 2021)
to explore inter-individual variability in GBM and overall survival datasets. Furthermore,
a novel frame-work was developed to meet the aims of our analysis, interrogating data
in terms of content and context. We relied on literature data from PubMed/MEDLINE
and Scopus, as they are considered the largest abstract and citation databases of peerreviewed literature. To avoid selection biases, both publicly available and private texts
have been assessed (according to our inclusion/exclusion criteria). A series of MeSH terms
(www.nlm.nih.gov/mesh, accessed on 23 January 2020) and keywords were used, namely
«GBM OR glioblastoma AND hsa-miR-20a AND biomarker», «GBM OR glioblastoma AND
hsa-miR-21», «GBM OR glioblastoma AND hsa-miR-10a». The interim output was questioned
further for sample size (validated by a power analysis), open data (yes/no) and research
strategy, as well as the impact/metrics of the publication in question (Q1 or Q2: citation
index/scientific journal rankings). Studies on non-human samples or those that failed to
meet the aforementioned criteria were excluded. The interim and final outputs (n = 13)
were co-analyzed by two co-authors (V.B. and T.K.), with the percentage of inter-rater
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agreement calculated. Both percentage agreement and Cohen’s kappa statistic have been
calculated to avoid biases (in particular, the possibility that raters guessed on scores) by
SAS® macro MAGREE with multicategorical ratings.
2.2. Glioblastoma Multiforme Patient Cohort and Clinical Samples
The study protocol is in accordance with the Declaration of Helsinki and has been
approved by the ethics review board of the General University Hospital of Patras, Greece.
IRB protocol number: 8735/142. Written informed consent was obtained from each individual participating in the study. All patients (n = 37) were diagnosed with histologically
confirmed GBM, according to the World Health Organization classification of tumors of the
central nervous system and were treated by the standard-of-care treatment protocol [11,12].
The demographic and clinical characteristics of our patient cohort are summarized in
Supplementary Table S1. OS was calculated from the time of diagnosis until death or last
follow-up (12 months).
2.3. Immunohistochemical Analysis
Immunohistochemistry for DNA mismatch repair protein MSH2 (MSH2), a validated
target for hsa-miR-21, was performed on formalin-fixed, paraffin-embedded (FFPE) GBM
samples. anti-MSH2 (1:8000 dilution, ab227941, Abcam plc) was used as the primary
antibody. IHC staining was performed according to the manufacturer’s instructions. In
brief, sections were deparaffinized in xylene and rehydrated in a graded ethanol series.
For heat-induced antigen retrieval, samples were immersed in ethylenediamine tetraacetic
acid (EDTA) solution and were then heated in a microwave for 3–5 min and incubated for
40 min at room temperature. Following this, sections were treated with H2 O2 3% v/v and
washed with Tris-buffered saline (TBS) solution. Sections were then incubated with 3% w/v
blocking solution, bovine serum albumin (BSA) for 15 min, followed by primary antibody
reaction. Subsequently, sections were washed five times with TBS and incubated with secondary antibody, using HRP-labelled polymer DAKO EnVisionTM (K5007, Dako Glostrup,
Denmark), followed by washes with TBS. Staining was visualized using diaminobenzidine,
DAB (Dako Company Glostrup, Glostrup, Denmark) and was counterstained with haematoxylin (Haematoxylin Harris Acidified, Atom Scientific, Manchester, UK), dehydrated in
ethanol, and cleared in xylene. The slides were cover-slipped using xylene diluted agent
(DPX Mountant Low Viscosity, Atom Scientific, Manchester, UK).
2.4. MiRNA Extraction
Total RNA was extracted from FFPE tissue using the miRNeasy FFPE Kit (cat.
No. 217504, Qiagen, Germantown, MD, USA). Briefly, excess paraffin was trimmed off the
sample block and 320 µL Deparaffinization Solution (cat. No. 19093) was added to the
sections. Following this, vortexing and brief centrifugation were applied. After incubation
at 56 ◦ C for 3 min, 240 µL Buffer PKD and 10µL proteinase K were added to the lower clear
phase, followed by incubation at 56 ◦ C for 15 min and then at 80 ◦ C for 15 min to release
RNA from the sections studied. The lower, clear phase was incubated on ice for 3 min and
centrifuged for 15 min at 13,500 rpm. The DNase digestion step was performed by adding
the DNase Booster Buffer in a ratio of 1:10 of the total sample volume to the supernatant
and 10µL DNase I stock solution against DNA contamination, including highly fragmented
molecules. Following this, 500 µL Buffer RBC was added to the supernatant and the lysate
was mixed thoroughly. Absolute ethanol was added to provide the appropriate binding
conditions for RNA and 700 µL of each sample were then applied to a RNeasy MinElute
spin column, where total RNA, including miRNA, binds to the membrane. Contaminants
were efficiently washed away by adding Buffer RPE, following a centrifugation step. The
flow-through was discarded. The RPE step was repeated. The RNeasy MinElute spin
column was placed in a new 2 mL collection tube and centrifuged at full speed for 5 min.
For RNA elution, the RNeasy MinElute spin column was placed in a new 1.5 mL collection
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tube,14 µL RNase-free water was added and centrifugation was performed for 1 min at full
speed.
2.5. cDNA Synthesis
miScript II RT Kit (cat. No. 218161, Qiagen, Germantown, Maryland, USA) was used
and miScriptHiSpec Buffer was selected to prepare cDNA for the subsequent quantification
of mature miRNA. The reverse transcription reaction components in a total volume of
20 µL are listed as followed: 4 µL 5× miScriptHiSpec Buffer, 2 µL 10× miScriptNucleics
Mix, 2 µL miScript Reverse Transcriptase Mix plus 7µL RNase-free water 5µL template
RNA with concentration 10 ng–2 µg. Following this, an incubation step at 57 ◦ C for 60 min
took place, followed by an extra incubation step at 95 ◦ C for 5 min for enzyme inactivation.
2.6. Quantitative Real-Time PCR (qRT-PCR)
The quantitative real-time PCR reaction was carried out using miScript SYBR Green
PCR Kit (cat. No. 218073, Qiagen, Germantown, Maryland, USA) for the quantification
of hsa-miR-20a, hsa-miR-21 and hsa-miR-10a. To normalize the amount of target miRNA,
SNORD96A served as the endogenous reference RNA, as it has been verified to have relatively stable expression levels in brain tissue. Each sample was diluted to 200 µL RNAasefree water. The total reaction volume was 25 µL and the reaction setup was as detailed
below: 12.5 µL 2× QuantiTect SYBR Green PCR Master Mix, 2.5 µL 10× miScript Universal
Primer, 10× miScript Primer Assay (Hs_miR_20a_2 cat. No. MS00003199, Hs_miR_21_2
cat. No. MS00009079, Hs_miR_210a_2 cat. No. MS00031262, Hs_SNORD96A_11 cat. No.
MS00033733), 5 µL RNase-free water and 2µL template cDNA. Cycling conditions for
qRT-PCR were, as follows: 95 ◦ C for 15 min; 45 cycles of 94 ◦ C for 15 s, 55 ◦ C for 30 s and
70 ◦ C for 30 s. qRT-PCR was performed in the thermal cycler CFX96 TouchTM Real-Time
PCR Detection System (BIO-RAD). The relative expression of each miRNA was normalized
to the control SNORD96A and ∆Cq was calculated by subtracting the Cq of the investigated
miRNA from the Cq of the endogenous control.
2.7. Statistical Analysis
2.7.1. MiRNA Signature Analysis
Data analysis was performed to reveal any hidden patterns in our GBM cohort. The
Shapiro–Wilk test was applied to all the variables of our data (age and miRNA expression)
per group to test whether they follow a normal distribution. Subsequently, since we have
a small sample size, we performed a Wilcoxon signed-rank test to assess whether the
age differs between the low- and high-risk groups. Following this, a chi-square test was
performed to assess for sex-dependent differences in our study groups. The expression
values from our 3-miRNA signature were also interrogated by a two-way ANOVA to test
if there was similar variance between our two groups. Furthermore, the ANOVA was
followed by a Wilcoxon signed-rank test for each one of the three miRNAs to determine
which miRNAs differentiate between the low- and high-risk group of patients. For the
aforementioned analysis we employed the R-language (version 4.1.0).
2.7.2. Survival Analysis
We carried out Kaplan–Meier analyses to calculate the survival probability and visualize the survival curves for the low- and high-risk groups. A log-rank test was implemented
to examine if the survival probabilities of the two groups differ significantly. For survival
analysis, we employed the Survival [13,14] and the Survminer [15] R packages.
2.8. Discriminant Analysis
2.8.1. MiRNA Raw Data
To test in silico whether our 3-miRNA signature can discriminate the low- and highrisk group of patients, a machine learning approach was implemented. Before fitting the
miRNA expression values to the models, variable correlation was checked with a Pearson’s
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correlation coefficient test to assure that the models’ performance will not be affected by the
so-called multicollinearity problem [16]. In the discriminant analysis the data were split into
low- and high-risk groups and then were used to train five machine learning algorithms.
Since our sample size was rather limited, we opted for the bootstrap method [17] for the
evaluation of the trained models. To evaluate each predictor in our models, we used
the varImp function. The training and validation processes were repeated 10 times. The
selected machine learning models employed were: linear discriminant analysis, naïve
Bayes, k-nearest neighbors, support vector machines and random forest. Herein, we
consider as sensitivity the ability of the models to identify high-risk patients correctly as
high-risk. Similarly, specificity is defined as the ability of the model to predict correctly the
low-risk patients. Our discriminant analysis was implemented by the caret R-package [18].
2.8.2. IHC Images
A set of n = 45 IHC images were analyzed to cross-validate that low- and high-risk
groups can be discriminated based on antibody detection. Hence, we opted for an image
analysis method, which would extract representative features from the entire image and
not just textural or structural features from a specific area of the image in question. For
this, we employed VGG16, a convolutional neural network (CNN) for feature extraction, as
proposed in the studies of Xu et al. and Yonekura et al. [19,20]. More specifically, VGG16 is
a pretrained CNN model with 16 layers proposed by the Visual Geometric Group [21]. It
was trained with ImageNet, which is a dataset of approximately 1.2 million non-medical
images, belonging to 1000 classes. Thus, this model has the ability to extract features from
a wide range of images and then classify them. To extract features from our IHC images,
we resized them to 224 × 224 × 3, which is the VGG16 input requirement. Subsequently,
images advanced on the convolutional layers and features were extracted from the 4th
pooling layer of the CNN, creating a 100,352-dimensional feature vector for each image. The
whole process was performed in R language using Keras [22] and Tensoflow [23] packages.
Following this, we constructed a matrix by binding the feature vectors derived from
the images studied. Further processing was required to use those data for discriminant analysis. At first, we excluded the features that had zero values either for all the samples or for
the majority of samples (>50%), since they would operate as noise in the meaningful data.
Thus, the dimensions of each image vector dropped down to 9532 features. Subsequently,
due to the high dimensionality of our matrix, we used principal component analysis (PCA)
to reduce the features to an orthogonal matrix. Before the application of the PCA transformation, data were scaled and a set of n = 45 principal components (PCs) was collected.
Following this, we employed the recursive feature elimination (RFE) algorithm [24], which
is a feature selection technique that would unveil the PCs that discriminate our two groups
better. For the implementation of the RFE, we set a threshold to select up to seven features.
This threshold was calculated by dividing by three the number of samples that belong
to the group with the fewer patients in question to avoid the overfitting of the machine
learning models employed. A similar methodology has been also successfully applied by
Theodosi et al. [10]. Data classification was carried out first with unsupervised algorithms
to see if data can be discriminated into clusters without the model knowing the group they
belong to. All n = 7 features combinations were tested to find the one that performs best.
The unsupervised algorithms that were used in our analysis were the following: k-means,
agglomerative clustering, Gaussian mixture and mini batch k-means. We also applied
supervised techniques by employing n = 10 different classifiers. In the supervised models,
we used the features that yield the best performance in the unsupervised learning. The
classifiers used were the following: nearest centroid, k-nearest neighbors (k-nn), Gaussian
naive Bayes (gaussiannb), linear discriminant analysis (lda), logistic regression, perceptron,
multi-layer perceptron, nu-support vector (nusvc), random forest and decision tree. To
evaluate the performance of each classifier, the bootstrap evaluation method was repeated
10 times. The same assumptions for specificity and sensitivity as in the discriminant analy-
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Figure 2. A 3-miRNA signature enables standard-of-care treated patients’ stratification to lower (OS > 12 months) vs. higher (OS < 12 months) risk groups:
(A,B) Distribution of age and sex in low- and high-risk patients of the age- and sex-matched GBM cohort. The 12 months overall survival was used as threshold, to
classify the GBM patients into low- and high-risk groups. Statistical analysis was performed by Wilcoxon signed-rank test. There was no statistical significance between
low- and high-risk groups regarding age and sex as indicated by p-value = 0.06 and p-value > 0.50, respectively; (C) MiRNAs, hsa-miR-21, hsa-miR-20a and hsa-miR-10a,
expression levels in each individual of the standard-of-care treated GBM cohort, as measured by qRT-PCR. The expression of each miRNA was normalized to the
endogenous control, SNORD96A. Data are expressed as ∆Cq values. The shaded area includes the high-risk group; (D) Box and whisker plot for the expression of
hsa-miR-21, hsa-miR-20a and hsa-miR-10a in the low- and high-risk group of the standard-of-care treated GBM cohort. The dependence of each miRNA when the
patients of the low-risk group are compared to those of the high-risk group, was examined by Wilcoxon signed-rank test. The 3-miRNA signature dependence, when the
patients of the low-risk group are compared to those of the high-risk group, was examined by two-way factorial ANOVA for independent samples.
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3.3. The 3-miRNA Signature Expression May Stratify the Standard-of-Care Treated Patients to
Lower (OS > 12 Months) vs. Higher (OS < 12 Months) Risk Groups
To assess the prognostic efficacy of our 3-miRNA signature, we determined the expression levels of hsa-miR-20a, hsa-miR-21 and hsa-miR-10a in n = 37 FFPE samples of our
GBM patient cohort. The differential expression of the 3-miRNAs between GBM samples
suggests that we can map and shed light to the inter-individual variability and thus, elucidate individual molecular profiles. It was noted that hsa-miR-21 expression levels were
elevated compared with those of hsa-miR-20a and hsa-miR-10a (Figure 2C). Regarding
the distribution of each miRNA per risk group, the 3-miRNA expression values in the
low-risk group of patients follow a normal distribution, whereas in the high-risk group,
only hsa-miR-10a expression values follow normal distribution. The implementation of a
two-way ANOVA among the expression values of the 3-miRNAs between the low- and
high-risk group yielded a p-value of <0.0001. Mean expression between the two risk groups
was tested for each miRNA of the 3-miRNA signature, independently. hsa-miR-21 and
hsa-miR-10a expression levels were significantly higher in the high-risk group of patients.
Meanwhile, no significant difference in the hsa-miR-20a expression levels between risk
groups was observed (Figure 2D). Our findings suggest that our 3miRNAs can serve as a
patient stratification signature in GBM, as patients can be classified in subgroups of low(OS > 12months) or high-risk (OS < 12 months).
3.4. In Silico Validation of the 3-miRNA Signature
To further evaluate the ability of our 3-miRNA signature to stratify our patient cohort,
we performed an in-silico validation. We trained five machine learning algorithms with the
3-miRNA expression values. Subsequently, we evaluated their efficiency in discriminating
GBM patients into the low- and high-risk groups studied. Figure 3 illustrates the performance of the five algorithms in the validation data. The random forest algorithm yielded
the highest performance after 10 repetitions of the training and evaluation process. The
random forest algorithm resulted in a mean accuracy of 94.32% with a standard deviation of
3.24%, a mean F1 score of 92.82% with a standard deviation of 4.02% and an AUC of 97% in
the validation set. The mean importance of each variable contribution to model predictions
was assessed as following: hsa-miR-20a = 9.41, hsa-miR-21 = 7.02, hsa-miR-10a = 13.02.
All predictions made on the training data after 10 repetitions of training and evaluation
with the bootstrapping method are depicted in Supplementary Figure S1, according to
which random forest was the algorithm that outperformed all (100% accuracy, sensitivity,
specificity, F1 score and AUC in the training data). This is due to the medium rate of
multicollinearity among the three miRNAs, since the Pearson correlation showed that the
hsa-miR-20a and hsa-miR-21 were 67% correlated, hsa-miR-20a and hsa-miR-10a were
51% correlated and hsa-miR-10a and hsa-miR-21 were 58% correlated. As random forest
was not affected by multicollinearity, it had the best performance, and was also devoid of
overfitting. Taking into consideration the significant difference of the survival probabilities
of the two groups, as the results of the Kaplan–Meier analysis (p-value < 0.001) and the
log rank test (p-value < 0.0001) indicate in Figure 4, we could infer that the reverse is also
feasible. The model is able to efficiently classify patients in the two risk groups by learning
their 3-miRNA expression values.
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sensitivity rises to 95.46%, specificity to 86.96% and F1 score to 91.01%. The performance
of all the clustering algorithms is depicted in Figure 6C. The distribution of the four PCs
that yielded the highest accuracy is depicted with box plots in Supplementary Figure S2.
Those PCs were also used to train n = 10 supervised algorithms. The performance of each
model on the validation set is provided in Figure 6D. The highest mean accuracy score of
92.00% with 3.61% standard deviation was achieved by the Nu-Support Vector classifier
and a mean F1 score of 91.72%, with 4.06% standard deviation obtained in the validation
13
set after 10 repetitions. This model’s performance is also illustrated
with its ROC curve
in Figure 6B, with an AUC = 95%. The mean confusion matrix for this model is given in
Figure 6D. The model classifies patients from both groups.

Figure 6. Unsupervised and supervised machine learning algorithms’ performance on discriminating
the low- and high-risk groups employing the immunohistochemical (IHC) stained images from
GBM biopsy material: (A) Dendrogram produced from hierarchical clustering employing Euclidian
distance and Ward’s linkage for the selected principal components. On the x-axis, the samples of the
high-risk images are colored blue, while the samples of the low-risk images are colored orange. The
1st cluster, which consists of the orange and the red groups, represents the low-risk cluster, while
the turquoise group along with the 22nd (15-11737b (20×)) sample constitutes the high-risk cluster
(sensitivity is the ability of the models to predict high risk and specificity the ability to predict low
risk); (B) The ROC curve of the supervised model, with the best performance in discriminating the
two groups, after 10 repetitions of the bootstrap method. The area under the curve is equal to 0.96;
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(C) The table presents the unsupervised models and the measurements used for their assessment.
It contains the mean value, the standard deviation and the feature combination of each model that
yield the best performance over 10 repetitions of the bootstrap method (as sensitivity is the ability of
the models to predict the high risk and as specificity the ability to predict the low risk); (D) The table
shows the performance of the 10 supervised algorithms, in the validation set, after 10 repetitions of
the evaluation method. The features used for training of the algorithms were PC2, PC5, PC6 and
PC38; (E) The mean confusion matrix of the Nu-Support Vector model that yields the highest accuracy
on the validation set after 10 repetitions.

4. Discussion
GBM patients are a remarkably heterogenous group, presenting different prognoses for
OS. Such intra-individual heterogeneity of GBM requires more effective biomarkers from
the perspective of clinical implementation, which will be accomplished by the integration
of individual molecular profiling together with a better understanding of the disease
phenotype. Herein, we assess the prognostic value of a 3-miRNA signature that allows
GBM patient stratification into low- and high-risk groups.
Following our mixed-methods content analysis, the key role for hsa-miR-20a, hsamiR-21 and hsa-miR-10a was revealed in the regulation of gene expression in GBM pathophysiology. The functional role of hsa-miR-20a, which is found overexpressed in GBM,
based on its validated targets TIMP-2, TGFb-RII and CTGF, is associated with increased
cell invasion, angiogenesis and cell growth [26,29,30]. The upregulation of hsa-miR-21 has
been correlated with reduced cellular radiosensitivity and chemosensitivity, through its
implication in DNA-repair mechanisms and cell-cycle linked pathways [7]. hsa-miR-10a
overexpression has been linked to increased cell invasion and migration, as it regulates
epithelial-to-mesenchymal transformation (EMT) [27]. Our findings reveal the oncogenic
function of the abovementioned miRNAs, as patients with unfavorable prognoses have
been associated with higher miRNA expression levels, compared with those with better prognoses. It is of note that slightly lower expression values of hsa-miR-10a may be
attributed to upstream negative regulators, such as the long non-coding RNA TUSC7 [31].
Several studies have shown that distinct miRNA expression patterns may serve as
diagnostic, prognostic or predictive candidate biomarkers. To name but a few, a GBM
miRNA profile, including nine differentially expressed miRNAs in FFPE samples, could
discriminate GBM from gliomas of grades I-III [32]. Moreover a 4-miRNA signature has
been proposed that can determine short- and long-term survival in GBM patients [33].
Additionally, the prognostic value of miRNA signatures and their OS prediction ability
have been reported in various studies [34–38]. Weighing up the aforementioned studies,
our 3-miRNA signature consists of a unique, low complexity combination of miRNAs
and may be applied regardless of confounding variables, such as MGMT status or GBM
molecular subtype.
In the present study, miRNA expression analysis was performed on a balanced GBM
cohort. The FFPE material used was that of choice as it is the most reliable source for miRNA
isolation and the most standardized way to process tissue in a clinical routine [32]. For
miRNA quantification, we used qRT-PCR, as the gold-standard methodology, characterized
by high sensitivity and specificity [39]. Importantly, our findings show that we can extract
a distinct miRNA expression profile for each individual, which reflects disease severity. To
avoid selection biases, considering the sample size of this study, instead of a populationbased estimate, 12 months was the cut-off value set for the low- and high-risk groups, as
reported by pivotal studies (RT+TMZ) in GBM and/or clinical trials for newly diagnosed
patients and the age-groups included herein [40–42]. Our analysis revealed a clear tendency
of higher expression levels for our 3-miRNA signature in the high-risk group.
Our 3-miRNA signature expression profile discriminates the two prognostic groups.
Among the three miRNAs, although differences do exist, hsa-miR-20a expression has no
significant difference between the risk groups. This result may be attributed to the specific
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sample space, upon consideration of the established oncogenic function of hsa-miR-20a,
its implication in gliomagenesis and the meta-analysis findings, which have shown its
association with an increased hazard of death [43]. To our knowledge, only two studies
have reported on hsa-miR-20a as a protective miRNA in GBM [29,44].
Our in-silico validation by coupling machine learning to a pathomics approach empowers our 3-miRNA signature value as a useful tool for risk stratification in GBM. Machine
learning algorithms, using the 3-miRNA expression values, show a very good predictive
ability for high-risk (sensitivity = 95.36%) and low-risk (specificity = 90.67%) patients. We
note that despite hsa-miR-20a expression levels not being significantly different between
the two groups, it is effectively used as a predictor in our models (mean importance of
hsa-miR-20a = 9.41), indicating that the combination of those miRNAs as a signature can
discriminate patients into high- and low-risk groups, rather than each miRNA alone. The
fact that the algorithm seems to be in favor of the high-risk group according to our view
rises from the low variability that our 3-miRNA signature has in the high-risk group.
Despite there was no external test set available for further evaluation of the models’ generalization, the random forest classifier produced robust predictions. This was reflected in
the low standard deviation in its accuracy among the 10 iterations of the models’ design
and evaluation. As our model does not overfit, we conclude that the prediction of patients’
risk groups from an independent GBM cohort, providing the 3-miRNA expression profile,
is feasible. In this context, we used the mean predictions made by the random forest to
perform the Kaplan–Meier analysis (graphs not shown). The survival probabilities produced the same results as the Kaplan–Meier analysis which was done based on the OS
and thus these predictions could be eventually used to get the survival probabilities of
an independent cohort. Our hybrid deep learning model, based on the GBM IHC images,
classifies the patients from both groups quite well. There are several studies performing
pattern recognition in different modalities of GBM images [45–47]. In most of the cases,
images were used to discriminate GBM molecular features or subtypes, whereas we aim
to stratify patients into low- and high- risk groups. The PCs used in the machine learning
process have a rather low variance, which is not considered optimal; however, as Jolliffe [48]
suggests, PCs with a low variance can also be used as predictors. Indeed, in our case PCs
were able to discriminate the two groups, which verifies the significance of our 3-miRNA
signature toward patient stratification.
GBM constitutes a major challenge in selecting the most effective therapeutic approach
due to tumor heterogeneity, inter-individual variability, late diagnosis and poor prognosis,
as well as limited therapeutic options. Since miRNAs exhibit a pivotal role in glioma
pathophysiology, miRNA profiles present information-rich signatures and may serve as a
toolbox towards optimum disease management. We and others working on better-informed
decisions and translational biomarkers call for a non-stop critical appraisal of study design
and data reliability. There is no “one-size-fits-all.” Multivariate analyses that also include
the IDH mutation status, MGMT promoter methylation status and Verhaak GBM subtypes
may corroborate independent prognostic predictors rather than being an epiphenomenon of
established prognostic markers. Herein, a prospective study was designed with extra care
for the patient cohort to be as fully characterized as possible—not accidentally homogenous,
in an attempt to account for confounding factors and overcome selection bias. First, the
choice of a single clinical site ensures the data quality of, for instance, TMZ cycles, in
particular, are difficult to ascertain from data files or retrospective studies. Following this,
we chose not to use multivariate regression methods as the means against selection bias, but
our thorough hybrid deep learning approach, instead. For sure, there are several prognostic
factors with regard to survival that are not registered, i.e., unmeasured confounders [49],
that play a crucial role in predicting OS in addition to those mentioned above: performance
status, extent of resection, and Mini-Mental State Examination [50]. So far, none of these
factors had a hazard ratio over 4. In a 5-year follow-up of TMZ data, neither recursive
partitioning analysis class nor MGMT promoter methylation have hazard ratios of such
magnitude [51]. Helseth et al. (n = 66) reported a significant association between OS and
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patients with MGMT promoter methylation status and the extent of resection with hazard
ratios of 7.9 and 4.5, respectively [52]. We advise that a sensitivity analysis based on the
methodology detailed by Rosenbaum is required to demonstrate the impact necessary for
any unmeasured confounder to invalidate findings [53]. In our study, any confounder
not controlled for would need an odds ratio of at least 4 to invalidate our findings, also
validated by a hybrid deep learning approach.
Future perspectives cannot but aim at innovative strategies with potential impacts in
clinical practice [54,55].
5. Conclusions
GBM is a rather complex disease trait that renders optimum decision-making hard,
in particular when the poor survival rate and therapeutic options are considered. To this
end, miRNAs serve as a toolbox toward biomarker discovery. We herein suggest the
synergy of wet- and dry-lab approaches as a viable solution to the deleterious issue of
translational biomarkers, which are most hampered by poor data quality and biases. Our
pipeline accounts for confounding factors in both test and validation phases. Our 3-miRNA
signature (hsa-miR-20a, hsa-miR-21, hsa-miR-10a) is able to stratify GBM patients and
hence may contribute to OS prediction to empower evidence-informed decision-making in
clinical practice and enrich drug repurposing pipelines.
Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/curroncol29060345/s1, Figure S1: Supervised models performance
on the training set for the discriminant analysis of the qRT-PCR data in low- and high-risk group:
(A) ROC curves and the corresponding AUC for each model predictions on the data that were used for
the training of the classifiers. The Random Forest algorithm results in the highest AUC. (B) The mean
value and standard deviation of the metrics used to evaluate the five machine learning algorithms
for 10 iterations.; Figure S2: Boxplots of the Principal Components combination that gives the best
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the standard-of-care treated GBM patients.
Author Contributions: Conceptualization, T.K.; methodology, V.B., S.O., C.C., E.G. and G.G.; sample
collection, I.M.G. and A.T.; software, V.B., S.O., C.C., E.G. and G.G.; validation, V.B. and S.O.; formal
analysis, V.B. and S.O.; investigation, V.B., S.O. and C.C.; resources, V.Z., D.K. and T.K.; data curation,
V.B. and S.O.; writing—original draft preparation, V.B., S.O. and T.K.; writing—review and editing,
V.B., S.O., C.C., E.G., I.M.G., G.G., A.T., V.P., E.P., D.C., V.Z., D.K. and T.K.; visualization, V.B. and
S.O.; supervision, V.P., E.P., D.C., V.Z., D.K. and T.K.; funding acquisition, T.K. All authors have read
and agreed to the published version of the manuscript.
Funding: This research is supported by the European Regional Development Fund of the European
Union and Greek national funds through the Operational Program Competitiveness, Entrepreneurship and Innovation, under the call RESEARCH–CREATE–INNOVATE (project code: T2EDK-03153).
Institutional Review Board Statement: The study protocol is in accordance with the Declaration of
Helsinki and has been approved by the ethics review board of the General University Hospital of
Patras, Greece. IRB protocol number: 8735/142 (9 February 2021).
Informed Consent Statement: Written informed consent was obtained from all subjects involved in
the study.
Data Availability Statement: All data generated or analyzed during this study are included in this
published article and its supplementary information files.
Acknowledgments: The authors would like to thank the institutions and volunteers who took part
in the study. We also wish to acknowledge Maria Pittaka for sample collection.
Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design
of the study; in the collection, analyses or interpretation of data; in the writing of the manuscript or
in the decision to publish the results.

Curr. Oncol. 2022, 29

4329

References
1.
2.

3.
4.
5.
6.

7.
8.
9.

10.

11.

12.

13.
14.
15.
16.
17.
18.
19.
20.
21.

22.
23.

24.
25.

Reni, M.; Mazza, E.; Zanon, S.; Gatta, G.; Vecht, C.J. Central Nervous System Gliomas. Crit. Rev. Oncol. Hematol. 2017, 113,
213–234. [CrossRef] [PubMed]
Carr, M.T.; Hochheimer, C.J.; Rock, A.K.; Dincer, A.; Ravindra, L.; Zhang, F.L.; Opalak, C.F.; Poulos, N.; Sima, A.P.; Broaddus, W.C.
Comorbid Medical Conditions as Predictors of Overall Survival in Glioblastoma Patients. Sci. Rep. 2019, 9, 20018. [CrossRef]
[PubMed]
Stupp, R.; Brada, M.; van den Bent, M.J.; Tonn, J.C.; Pentheroudakis, G. High-Grade Glioma: ESMO Clinical Practice Guidelines
for Diagnosis, Treatment and Follow-Up. Ann. Oncol. 2014, 25, 93–101. [CrossRef] [PubMed]
Weller, M.; le Rhun, E.; Preusser, M.; Tonn, J.C.; Roth, P. How We Treat Glioblastoma. ESMO Open 2019, 4, e000520. [CrossRef]
Seyhan, A.A.; Carini, C. Are Innovation and New Technologies in Precision Medicine Paving a New Era in Patients Centric Care?
J. Transl. Med. 2019, 17, 114. [CrossRef]
Anjum, K.; Shagufta, B.I.; Abbas, S.Q.; Patel, S.; Khan, I.; Shah, S.A.A.; Akhter, N.; ul Hassan, S.S. Current Status and Future
Therapeutic Perspectives of Glioblastoma Multiforme (GBM) Therapy: A Review. Biomed. Pharmacother. 2017, 92, 681–689.
[CrossRef]
Toraih, E.A.; Aly, N.M.; Abdallah, H.Y.; Al-Qahtani, S.A.; Shaalan, A.A.M.; Hussein, M.H.; Fawzy, M.S. MicroRNA–Target
Cross-Talks: Key Players in Glioblastoma Multiforme. Tumor Biol. 2017, 39, 1010428317726842. [CrossRef]
Yuan, Y.; Zhang, H.; Liu, X.; Lu, Z.; Li, G.; Lu, M.; Tao, X. MicroRNA Signatures Predict Prognosis of Patients with Glioblastoma
Multiforme through the Cancer Genome Atlas. Oncotarget 2017, 8, 58386. [CrossRef]
Unger, K.; Fleischmann, D.F.; Ruf, V.; Felsberg, J.; Piehlmaier, D.; Samaga, D.; Hess, J.; Suresh, M.P.; Mittelbronn, M.;
Lauber, K.; et al. Improved Risk Stratification in Younger IDH Wild-Type Glioblastoma Patients by Combining a 4-MiRNA
Signature with MGMT Promoter Methylation Status. Neurooncol. Adv. 2020, 2, vdaa137. [CrossRef]
Theodosi, A.; Ouzounis, S.; Kostopoulos, S.; Glotsos, D.; Kalatzis, I.; Tzelepi, V.; Ravazoula, P.; Asvestas, P.; Cavouras, D.;
Sakellaropoulos, G. Design of a Hybrid Deep Learning System for Discriminating between Low- and High-Grade Colorectal
Cancer Lesions, Using Microscopy Images of IHC Stained for AIB1 Expression Biopsy Material. Mach. Vis. Appl. 2021, 32, 58.
[CrossRef]
Louis, D.N.; Perry, A.; Reifenberger, G.; von Deimling, A.; Figarella-Branger, D.; Cavenee, W.K.; Ohgaki, H.; Wiestler, O.D.;
Kleihues, P.; Ellison, D.W. The 2016 World Health Organization Classification of Tumors of the Central Nervous System:
A Summary. Acta Neuropathol. 2016, 131, 803–820. [CrossRef] [PubMed]
Stupp, R.; Mason, W.P.; van den Bent, M.J.; Weller, M.; Fisher, B.; Taphoorn, M.J.B.; Belanger, K.; Brandes, A.A.; Marosi, C.;
Bogdahn, U.; et al. Radiotherapy plus Concomitant and Adjuvant Temozolomide for Glioblastoma. N. Engl. J. Med. 2005, 352,
987–996. [CrossRef] [PubMed]
Therneau, T.M. Survival Analysis [R Package Survival Version 3.2-11]. Available online: https://cran.r-project.org/web/
packages/survival/index.html (accessed on 20 June 2021).
Therneau, T.M.; Grambsch, P.M. Modeling Survival Data: Extending the Cox Model; Springer: New York, NY, USA, 2000.
Package “survminer” Type Package Title Drawing Survival Curves Using “Ggplot2”. Available online: https://cran.r-project.
org/web/packages/survminer/index.html (accessed on 20 June 2021).
Næs, T.; Mevik, B.-H. Understanding the Collinearity Problem in Regression and Discriminant Analysis. J. Chemom. 2001, 15,
413–426. [CrossRef]
Ambroise, C.; McLachlan, G.J. Selection Bias in Gene Extraction on the Basis of Microarray Gene-Expression Data. Proc. Natl.
Acad. Sci. USA 2002, 99, 6562–6566. [CrossRef] [PubMed]
Kuhn, M. Building Predictive Models in R Using the Caret Package. J. Stat. Softw. 2008, 28, 1–26. [CrossRef]
Xu, Y.; Jia, Z.; Wang, L.-B.; Ai, Y.; Zhang, F.; Lai, M.; Chang, E.I.-C. Large Scale Tissue Histopathology Image Classification,
Segmentation, and Visualization via Deep Convolutional Activation Features. BMC Bioinform. 2017, 18, 281. [CrossRef]
Yonekura, A.; Kawanaka, H.; Prasath, V.B.S.; Aronow, B.J.; Takase, H. Automatic Disease Stage Classification of Glioblastoma
Multiforme Histopathological Images Using Deep Convolutional Neural Network. Biomed. Eng. Lett. 2018, 8, 321. [CrossRef]
Simonyan, K.; Zisserman, A. Very Deep Convolutional Networks for Large-Scale Image Recognition. In Proceedings of the 3rd
International Conference on Learning Representations, ICLR 2015—Conference Track Proceedings 2014, San Diego, CA, USA,
7–9 May 2015.
GitHub—Keras-Team/Keras: Deep Learning for Humans. Available online: https://github.com/keras-team/keras (accessed on
20 June 2021).
Abadi, M.; Barham, P.; Chen, J.; Chen, Z.; Davis, A.; Dean, J.; Devin, M.; Ghemawat, S.; Irving, G.; Isard, M.; et al. TensorFlow:
A System for Large-Scale Machine Learning. In Proceedings of the 12th USENIX Symposium on Operating Systems Design and
Implementation (OSDI ’16), Savannah, GA, USA, 2–4 November 2016.
Guyon, I.; Weston, J.; Barnhill, S.; Vapnik, V. Gene Selection for Cancer Classification Using Support Vector Machines. Mach.
Learn. 2002, 46, 389–422. [CrossRef]
Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel, M.; Müller, A.; Nothman, J.;
Louppe, G.; et al. Scikit-Learn: Machine Learning in Python. J. Mach. Learn. Res. 2012, 12, 2825–2830.

Curr. Oncol. 2022, 29

26.

27.

28.
29.
30.

31.
32.

33.
34.

35.
36.
37.
38.
39.
40.

41.
42.
43.
44.
45.

46.

47.
48.
49.
50.

4330

Wang, Z.; Wang, B.; Shi, Y.; Xu, C.; Xiao, H.L.; Ma, L.N.; Xu, S.L.; Yang, L.; Wang, Q.L.; Dang, W.Q.; et al. Oncogenic MiR-20a and
MiR-106a Enhance the Invasiveness of Human Glioma Stem Cells by Directly Targeting TIMP-2. Oncogene 2015, 34, 1407–1419.
[CrossRef]
Liu, Y.; Xu, N.; Liu, B.; Huang, Y.; Zeng, H.; Yang, Z.; He, Z.; Guo, H. Long Noncoding RNA RP11-838N2.4 Enhances the Cytotoxic
Effects of Temozolomide by Inhibiting the Functions of MiR-10a in Glioblastoma Cell Lines. Oncotarget 2016, 7, 43835. [CrossRef]
[PubMed]
Maimon, O.; Rokach, L. Introduction to Knowledge Discovery and Data Mining. In Data Mining and Knowledge Discovery Handbook;
Springer: Boston, MA, USA, 2009; pp. 1–15.
Henriksen, M.; Johnsen, K.B.; Olesen, P.; Pilgaard, L.; Duroux, M. MicroRNA Expression Signatures and Their Correlation with
Clinicopathological Features in Glioblastoma Multiforme. Neuromol. Med. 2014, 16, 565–577. [CrossRef] [PubMed]
Delen, E.; Doganlar, O.; Doganlar, Z.B.; Delen, O. Inhibition of the Invasion of Human Glioblastoma U87 Cell Line by Ruxolitinib:
A Molecular Player of MiR-17 and MiR-20a Regulating JAK/STAT Pathway. Turk. Neurosurg. 2020, 30, 182–189. [CrossRef]
[PubMed]
Shang, C.; Tang, W.; Pan, C.; Hu, X.; Hong, Y. Long Non-Coding RNA TUSC7 Inhibits Temozolomide Resistance by Targeting
MiR-10a in Glioblastoma. Cancer Chemother. Pharmacol. 2018, 81, 671–678. [CrossRef]
Visani, M.; de Biase, D.; Marucci, G.; Cerasoli, S.; Nigrisoli, E.; Letizia, M.; Reggiani, B.; Albani, F.; Baruzzi, A.; Pession, A.
Expression of 19 MicroRNAs in Glioblastoma and Comparison with Other Brain Neoplasia of Grades IeIII. Mol. Oncol. 2013, 8,
417–430. [CrossRef]
Hermansen, S.K.; Sørensen, M.D.; Hansen, A.; Knudsen, S.; Alvarado, A.G.; Lathia, J.D.; Kristensen, B.W. A 4-MiRNA Signature
to Predict Survival in Glioblastomas. PLoS ONE 2017, 12, e0188090. [CrossRef]
Marziali, G.; Buccarelli, M.; Giuliani, A.; Ilari, R.; Grande, S.; Palma, A.; D’Alessandris, Q.G.; Martini, M.; Biffoni, M.;
Pallini, R.; et al. A Three-MicroRNA Signature Identifies Two Subtypes of Glioblastoma Patients with Different Clinical Outcomes.
Mol. Oncol. 2017, 11, 1115–1129. [CrossRef]
Labib, E.M.; Ezz El Arab, L.R.; Ghanem, H.M.; Hassan, R.E.; Swellam, M. Relevance of Circulating MiRNA-21 and MiRNA-181 in
Prediction of Glioblastoma Multiforme Prognosis. Arch. Physiol. Biochem. 2020, 1–6. [CrossRef]
Palumbo, R.; Pasculli, O.; Galasso, B.; Volinia, M. A MiRNA Signature for Defining Aggressive Phenotype and Prognosis in
Gliomas. PLoS ONE 2014, 9, e108950. [CrossRef]
Niyazi, M.; Zehentmayr, F.; Niemöller, O.M.; Eigenbrod, S.; Kretzschmar, H.; Schulze-Osthoff, K.; Tonn, J.-C.; Atkinson, M.;
Mörtl, S.; Belka, C. MiRNA Expression Patterns Predict Survival in Glioblastoma. Radiat. Oncol. 2011, 6, 153. [CrossRef]
Li, R.; Gao, K.; Luo, H.; Wang, X.; Shi, Y.; Dong, Q.; Luan, W.; You, Y. Identification of Intrinsic Subtype-Specific Prognostic
MicroRNAs in Primary Glioblastoma. J. Exp. Clin. Cancer Res. 2014, 33, 9. [CrossRef] [PubMed]
Schwarzenbach, H.; Machado Da Silva, A.; Calin, G.; Pantel, K. Data Normalization Strategies for MicroRNA Quantification. Clin.
Chem. 2015, 61, 1333–1342. [CrossRef] [PubMed]
Ballman, K.V.; Buckner, J.C.; Brown, P.D.; Giannini, C.; Flynn, P.J.; Laplant, B.R.; Jaeckle, K.A.; Ballman, K.; Clinic, M. The
Relationship between Six-Month Progression-Free Survival and 12-Month Overall Survival End Points for Phase II Trials in
Patients with Glioblastoma Multiforme. J. Neurooncol. 2007, 9, 29–38. [CrossRef]
Kudulaiti, N.; Zhou, Z.; Luo, C.; Zhang, J.; Zhu, F.; Wu, J. A nomogram for individualized prediction of overall survival in patients
with newly diagnosed glioblastoma: A real-world retrospective cohort study. BMC Surg. 2021, 21, 238. [CrossRef] [PubMed]
Chahal, M.; Thiessen, B.; Mariano, C. Treatment of Older Adult Patients with Glioblastoma: Moving towards the Inclusion of a
Comprehensive Geriatric Assessment for Guiding Management. Curr. Oncol. 2022, 29, 360–376. [CrossRef] [PubMed]
Zhao, H.; Shen, J.; Hodges, T.R.; Song, R.; Fuller, G.N.; Heimberger, A.B. Serum MicroRNA Profiling in Patients with Glioblastoma:
A Survival Analysis. Mol. Cancer 2017, 16, 59. [CrossRef] [PubMed]
Srinivasan, S.; Patric, I.; Somasundaram, K. A Ten-MicroRNA Expression Signature Predicts Survival in Glioblastoma. PLoS ONE
2011, 6, e17438. [CrossRef]
Conroy, S.; Kruyt, F.A.E.; Joseph, J.V.; Balasubramaniyan, V.; Bhat, K.P.; Wagemakers, M.; Enting, R.H.; Walenkamp, A.M.E.;
den Dunnen, W.F.A. Subclassification of Newly Diagnosed Glioblastomas through an Immunohistochemical Approach. PLoS
ONE 2014, 9, e115687. [CrossRef]
Tiwari, X.P.; Prasanna, X.P.; Wolansky, X.L.; Pinho, X.M.; Cohen, X.M.; Nayate, X.A.P.; Gupta, X.A.; Singh, X.G.; Hatanpaa, X.K.J.;
Sloan, X.A.; et al. Computer-Extracted Texture Features to Distinguish Cerebral Radionecrosis from Recurrent Brain Tumors on
Multiparametric MRI: A Feasibility Study. AJNR Am. J. Neuroradiol. 2016, 37, 2231–2236. [CrossRef]
Korfiatis, P.; Kline, T.L.; Coufalova, L.; Lachance, D.H.; Parney, I.F.; Carter, R.E.; Buckner, J.C.; Erickson, B.J. MRI Texture Features
as Biomarkers to Predict MGMT Methylation Status in Glioblastomas. J. Med. Phys. 2016, 43, 2835–2844. [CrossRef]
Jolliffe, I.T. A Note on the Use of Principal Components in Regression. J. Appl. Stat. 1982, 31, 300. [CrossRef]
Rønning, P.A.; Helseth, E.; Meling, T.R.; Johannesen, T.B. A population-based study on the effect of temozolomide in the treatment
of glioblastoma multiforme. Neuro. Oncol. 2012, 14, 1178–1184. [CrossRef]
Gorlia, T.; van den Bent, M.J.; Hegi, M.E.; Mirimanoff, R.O.; Weller, M.; Cairncross, J.G.; Eisenhauer, E.; Belanger, K.; Brandes, A.A.;
Allgeier, A.; et al. Nomograms for predicting survival of patients with newly diagnosed glioblastoma: Prognostic factor analysis
of EORTC and NCIC trial 26981–22981/CE.3. Lancet Oncol. 2008, 9, 29–38. [CrossRef]

Curr. Oncol. 2022, 29

51.

52.

53.
54.
55.

4331

Stupp, R.; Hegi, M.E.; Mason, W.P.; Van Den Bent, M.J.; Taphoorn, M.J.; Janzer, R.C.; Ludwin, S.K.; Allgeier, A.; Fisher, B.;
Belanger, K.; et al. Effects of radiotherapy with concomitant and adjuvant temozolomide versus radiotherapy alone on survival
in glioblastoma in a randomised phase III study: 5-year analysis of the EORTC-NCIC trial. Lancet Oncol. 2009, 10, 459–466.
[CrossRef]
Helseth, R.; Helseth, E.; Johannesen, T.B.; Langberg, C.W.; Lote, K.; Rønning, P.; Scheie, D.; Vik, A.; Meling, T.R. Overall survival,
prognostic factors, and repeated surgery in a consecutive series of 516 patients with glioblastoma multiforme. Acta Neurol. Scand.
2010, 122, 159–167. [CrossRef] [PubMed]
Rosenbaum, P.R. Observational Studies, 2nd ed.; Springer: New York, NY, USA, 2002.
Katsila, T.; Matsoukas, M.T.; Patrinos, G.P.; Kardamakis, D. Pharmacometabolomics Informs Quantitative Radiomics for Glioblastoma Diagnostic Innovation. OMICS 2017, 21, 429–439. [CrossRef] [PubMed]
Katsila, T.; Kardamakis, D. The Role of MicroRNAs in Gliomas–Therapeutic Implications. Curr. Mol. Pharmacol. 2021, 14,
1004–1012. [CrossRef]

