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Abstract: Glioblastoma (GBM) is a fatal brain cancer known for its rapid and aggressive
growth, with some studies indicating that females may have better survival outcomes
compared to males. While sex differences in GBM have been observed, the underlying
biological mechanisms remain poorly understood. Feature selection can lead to the identifi-
cation of discriminative key biomarkers by reducing dimensionality from high-dimensional
medical datasets to improve machine learning model performance, explainability, and in-
terpretability. Feature selection can uncover unique sex-specific biomarkers, determinants,
and molecular profiles in patients with GBM. We analyzed high-dimensional proteomic and
metabolomic profiles from serum biospecimens obtained from 109 patients with pathology-
proven glioblastoma (GBM) on NIH IRB-approved protocols with full clinical annotation
(local dataset). Serum proteomic analysis was performed using Somalogic aptamer-based
technology (measuring 7289 proteins) and serum metabolome analysis using the University
of Florida’s SECIM (Southeast Center for Integrated Metabolomics) platform (measuring
6015 metabolites). Machine learning-based feature selection was employed to identify
proteins and metabolites associated with male and female labels in high-dimensional
datasets. Results were compared to publicly available proteomic and metabolomic datasets
(CPTAC and TCGA) using the same methodology and TCGA data previously structured
for glioma grading. Employing a machine learning-based and hybrid feature selection
approach, utilizing both LASSO and mRMR, in conjunction with a rank-based weighting
method (i.e., GLIO-Select), we linked proteomic and metabolomic data to clinical data
for the purposes of feature reduction to identify molecular biomarkers associated with
biological sex in patients with GBM and used a separate TCGA set to explore possible
linkages between biological sex and mutations associated with tumor grading. Serum
proteomic and metabolomic data identified several hundred features that were associated
with the male/female class label in the GBM datasets. Using the local serum-based dataset
of 109 patients, 17 features (100% ACC) and 16 features (92% ACC) were identified for the
proteomic and metabolomic datasets, respectively. Using the CPTAC tissue-based dataset
(8828 proteomic and 59 metabolomic features), 5 features (99% ACC) and 13 features (80%
ACC) were identified for the proteomic and metabolomic datasets, respectively. The pro-
teomic data serum or tissue (CPTAC) achieved the highest accuracy rates (100% and 99%,
respectively), followed by serum metabolome and tissue metabolome. The local serum
data yielded several clinically known features (PSA, PZP, HCG, and FSH) which were
distinct from CPTAC tissue data (RPS4Y1 and DDX3Y), both providing methodological
validation, with PZP and defensins (DEFA3 and DEFB4A) representing shared proteomic
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features between serum and tissue. Metabolomic features shared between serum and tissue
were homocysteine and pantothenic acid. Several signals emerged that are known to be
associated with glioma or GBM but not previously known to be associated with biological
sex, requiring further research, as well as several novel signals that were previously not
linked to either biological sex or glioma. EGFR, FAT4, and BCOR were the three features
associated with 64% ACC using the TCGA glioma grading set. GLIO-Select shows remark-
able results in reducing feature dimensionality when different types of datasets (e.g., serum
and tissue-based) were used for our analyses. The proposed approach successfully reduced
relevant features to less than twenty biomarkers for each GBM dataset. Serum biospeci-
mens appear to be highly effective for identifying biologically relevant sex differences in
GBM. These findings suggest that serum-based noninvasive biospecimen-based analyses
may provide more accurate and clinically detailed insights into sex as a biological variable
(SABV) as compared to other biospecimens, with several signals linking sex differences
and glioma pathology via immune response, amino acid metabolism, and cancer hallmark
signals requiring further research. Our results underscore the importance of biospecimen
choice and feature selection in enhancing the interpretation of omics data for understanding
sex-based differences in GBM. This discovery holds significant potential for enhancing
personalized treatment plans and patient outcomes.

Keywords: glioblastoma; biological sex differences; omics; proteomic; metabolomic; feature
selection; machine learning; pattern recognition

1. Introduction
Glioblastoma (GBM) is a fatal primary brain tumor that affects men disproportionately

compared to women (1.6:1), with data suggesting that males have more aggressive diseases
and poorer outcomes [1]. The biological reasons for these observations are as yet unclear,
although molecular characterization reveals that females are more likely to have MGMT
methylated disease, secondary GBMs, differences in tumor location, and molecular and
metabolic mechanistic triggers [2–6]. Sex differences in cancer as applied to serum proteomics
and metabolomics are important given mounting data for the differential response to man-
agement and outcome differences between male and female patients. This is particularly the
case in non-invasively collected biospecimens such as serum where molecular profiling aimed
at sex differences is underexplored [1,6–11]. Nonetheless, non-invasive specimens are easier
and cheaper to acquire and provide the only means of obtaining data in real-time in tumors
located in areas not amenable to repeat tissue sampling, such as the brain. Noninvasive
biospecimens such as blood samples in the clinic are the mainstay of biomarker-directed
clinical care in the real world and the most cost and time-effective means of obtaining infor-
mation that can impact management in real-time. Blood-based biomarkers are not currently
available for most cancers including GBM, limiting the ability to personalize management
and curtailing access to precision medicine secondary to cost, particularly in resource-strained
care environments [12,13]. Sex as a biological variable analysis (SABV) has been hampered by
a paucity of data available with robust annotation for male and female as class labels and the
prevalence of datasets where one sex is more frequently diagnosed with the primary tumor as
compared to the other, as is the case for GBM [14]. Most analyses in this space employ data as
an aggregate of both men and women without separation of the samples for analysis, masking
potential differences. Additional barriers in serum proteomic and metabolomic data include
the biological complexity of sex differences comprised of hormonal influences, genetic and epi-
genetic factors, and immune response [1]. Additional technical and methodological challenges
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contribute to the lack of conclusions in serum proteome and metabolome data, as both are
highly complex, detecting both high- and low-abundance proteins and compounds, and there
is difficulty in the attribution of differences to biological aspects compared to confounders
including age and comorbidities [15]. The identification of biomarkers that are equally ef-
fective in women and men remains an understudied aspect of serum omics data. Given
existing data supporting differences in outcomes (both progression and survival) in GBM in
men vs. women, addressing these issues requires integrative, multidisciplinary approaches
combining advanced proteomic and metabolomic technologies, robust bioinformatics, and
the consideration of biological sex in study design and analysis. We wanted to define serum
proteomic and metabolomic signals in a cohort of women and men with pathologically proven
GBM using serum-derived proteomic and metabolomic data, hypothesizing that identified
signals may be representative of both known signals associated with sex differences, which can
provide validation of the methodology, and possible additional signals, which may indicate a
relationship with the underlying malignancy, with possible downstream mechanistic insights.
We repeated the same analysis in publicly available data (CPTAC and TCGA) and compared
the results, exploring the intersectionality between serum vs. tissue in an effort to guide future
efforts aimed at identifying GBM biomarkers with clinical applicability.

In this study, we proposed a hybrid feature selection method that combines LASSO
(i.e., Least Absolute Shrinkage and Selection Operator) and mRMR (i.e., Minimum Redun-
dancy Maximum Relevance). This approach leverages the advantages of sparse feature
selection and reduced redundancy, effectively addressing the limitations of each method
when applied individually. Through this integration, we sought to improve the reliabil-
ity and interpretability of selected features, especially in the context of sex differences in
glioblastoma. We also aimed to find the minimum number of selected features with the
highest performance results in terms of accuracy rate.

The main contributions of this study, divided into technical and clinical aspects, are
outlined below:

Technical aspects

• To the best of our knowledge, this is the first study that employs a combined feature
selection and weighting methodology (i.e., GLIO-Select) employing female/male as a
class label for classification tasks on different proteomic, metabolomic, and molecu-
lar datasets.

• To increase the scope and motivation of this study, we apply and compare our approach
to the five different case studies on -omics and molecular datasets for classification.

• We adopted our previous MetaWise [16] methodology to analyze different types of
problems and omics data.

• To address the effects of imbalanced class distribution in our datasets, we imple-
mented stratified cross-validation, ensuring that each data fold retained the original
class proportions.

• We utilized a rank-based feature weighting methodology to identify the feature names
despite potential variations across cross-validation folds.

• We evaluated the effects of feature selection and weighting on six different machine
learning models on proteomic, metabolomic, and molecular datasets to determine the
optimal prediction model and minimal feature set for accurate classification.

• We visualized and interpreted selected features by using clustergram (i.e., dendrogram
and heatmap) plots according to the dataset’s male/female class labels.

Clinical aspects

• We employed serum proteomic and metabolomic datasets applying feature selection
operations to determine which serum signals distinguish samples obtained from
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females as compared to males. This is novel as serum proteomic and metabolomic
profiles in GBM have not been described.

• To determine whether there are overlapping or linked signals between tissue and
serum, we carried out the same analysis in CPTAC proteomic and metabolomic data.

• To link emerging signals and results derived using feature selection to transcriptomic
data, we employed a TCGA glioma grading dataset we previously demonstrated as
effective at glioma grading to identify mutations distinguishing tumor grade distribu-
tion between women and men.

• The present approach, coupled with interpretable dimensionality reduction (i.e., fea-
ture selection), enabled the identification of biomarkers with high accuracy to differen-
tiate males from females in patients with GBM.

• Our methodology shows promising potential for future studies in several ways: (1) as
a possible check for data accuracy in serum samples; (2) as a means of validating
serum and tissue signals previously described using feature selection; (3) as a means
of showcasing signals that have a distinct relationship to one sex vs. another, some
of which represent novel signals; and (4) as a means of identifying signals that may
help with further research into differential molecular and mechanistic aspects between
females and males in GBM.

The remainder of this paper is structured as follows: Section 2 outlines the experi-
mental setup, performance indicators, and computational outcomes in detail. Section 3
presents the results and discussion. Section 4 provides a detailed description of the dataset,
the employed feature selection and weighting methodologies, and the supervised learning
models used for classification. Finally, Section 5 summarizes the study’s findings and
suggests potential directions for future research.

2. Results
In this section, we describe the experimental process and evaluation metrics, Then,

we present our computational results based on rank-based feature selection and weighting
in detail.

2.1. Experimental Process

To implement the proposed methods, we utilized Python’s scikit-learn library for
machine learning algorithms and the mRMR [17] package for filter-based feature selection.
We also utilized the MATLAB (version R2024b) environment for visualization purposes.

All experiments were carried out on a macOS Sequoia 15.2 MacBook Pro notebook with
16-core Apple M3 Max configurations and 128 GB LPDDR5 Memory. To achieve optimal
results, we utilized six different classification models, including Support Vector Machines
(SVMs), K-Nearest Neighbors (KNN), Logistic Regression (LR), Adaptive Boosting (AdaBoost),
Random Forest (RF), and a voting-based ensemble learning model, which were used in
both feature selection and classification stages. To ensure consistency across our previous
studies [16,18] involving various data types, including molecular, proteomic, and metabolomic
data, and given the numerous possible combinations of feature subsets, datasets, preprocessing
methods, classification models, total or rank-ordered weights, and cross-validation methods,
we have adopted the same parameter settings from Tasci et al. [16] and the same processing
methods from our previous similar studies [16,18,19] for the feature selection and classification
processes. In our study, we employed stratified five-fold cross-validation to evaluate the
performance of our predictive models. In other words, the dataset is divided five-fold in a
structured way (i.e., each fold maintains the same class distribution (male/female) as the
original dataset). Each fold serves as a temporary hold-out set, while the remaining folds are
used for model training. The mean accuracy rate value is obtained from the cross-validation
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process to calculate the performance results. This method was chosen for its ability to preserve
class distributions across training and test sets, ensuring that male and female patient groups
were proportionally represented in each fold. The cross-validation technique is also generally
preferred and used over the hold-out set as it is considered more robust and better captures
variations across different splits when the sample size is small. This was critical for minimizing
bias and improving the robustness of our findings. Additionally, stratified cross-validation
offered a computationally efficient approach to validate our results, making it particularly
suitable given the scope of our study and the absence of hyperparameter optimization as
a key objective. This methodology strikes a balance between computational efficiency and
rigorous performance evaluation, thereby supporting the validity of our conclusions. The
voting-based ensemble learning model consists of five prediction models, including SVM,
KNN, LR, RF, and AdaBoost by applying the soft voting rule. We set the alpha parameter
value as 0.01 for the LASSO feature selection (FS) method of the CPTAC [20] metabolomic
and TCGA-UCI [21] GBM datasets due to the high correlation between features. To manage
randomness and ensure consistent results on the datasets employed, we fixed the random
state to 0 for all six machine-learning models.

2.2. Performance Metrics

To assess the performance of the hybrid filter and embedded feature selection techniques
within the context of -omics data analysis, we specifically evaluated their classification ac-
curacy. This metric directly reflects the success of the feature selection process in correctly
classifying samples.

Classification accuracy (ACC) is determined by calculating the proportion of correctly
classified samples within the entire dataset. This involves summing the number of true
positive and true negative predictions and dividing this sum by the total number of samples,
spanning both correct and incorrect classifications [22], as outlined in Equation (1).

ACC =
TP + TN

TP + TN + FP + FN
(1)

where TP, FN, TN, and FP denote the number of true positives, false negatives, true
negatives, and false positives, respectively. This study aimed to find the best performance
of different result sets according to the highest accuracy rate with the minimum number of
selected features.

2.3. Computational Results

This subsection presents the effects of our feature selection and weighting approach
on the performance of the learning models for five different datasets.

2.3.1. The Effects of Feature Selection and Weighting Method on Classification Model
Performance for Omics and Molecular Datasets in Patients with GBM

Using stratified five-fold cross-validation, we evaluated the performance of LASSO
and mRMR-based feature selection methods using rank-based weighting schemes (with
weights of 1 and 2). The computational results of these experiments, detailing the weight
count (‘k’), are thoroughly tabulated in Tables 1–5. The changes in color, from red to green,
in the tables denote the lowest (red) accuracy rate values to the highest accuracy rate values
(green). Bold values show the best results in the related table.

• Proteomic Dataset Results

In this feature selection study for GBM patients, we obtained a 100% accuracy rate
(ACC) with 17 selected proteomic features and the SVM classifier by assigning a rank value
for LASSO of 2 and mRMR of 1 and using a weight value of 7 for the local preCRT-based
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proteomic dataset (see Table 1). A perfect classification accuracy score was yielded from a
total of 7289 proteomic features for our serum-based GBM dataset with different numbers
of selected features, models, and settings. We used the lowest number of selected features
(i.e., largest dimensionality reduction) with the highest accuracy rate to provide efficient
results. As can be observed in Table 1, LR also obtained a perfect accuracy rate by using
44 selected features and assigning weights of 1 to LASSO and 2 to mRMR. K-NN, RF,
and voting-based ensemble learning models produced results close to the best and higher
results than the AdaBoost model.

Table 1. The effect of the rank-based feature weighting and selection method on the accuracy rate (%)
for the local preCRT-based proteomic dataset.

LASSO = 1 and mRMR = 2

k # of Features SVM LR KNN RF AdaBoost Voting

1 186 96.320 98.182 91.732 96.277 93.550 98.139

2 87 100.000 99.091 95.411 97.230 93.550 99.091

3 44 99.048 100.000 95.411 98.182 96.364 99.091

4 25 99.091 99.091 98.182 94.502 94.502 99.091

5 17 99.091 99.091 99.048 95.411 93.550 98.139

6 11 97.230 97.230 97.230 95.411 93.550 97.230

7 9 97.230 97.230 97.230 95.411 92.641 96.321

8 9 97.230 97.230 97.230 95.411 92.641 96.321

9 8 97.230 97.230 97.230 96.364 92.641 96.321

10 8 97.230 97.230 97.230 96.364 92.641 96.321

11 5 97.230 97.230 97.230 95.411 95.411 97.230

12 4 96.321 96.277 96.321 93.550 93.550 96.321

13 4 96.321 96.277 96.321 93.550 93.550 96.321

14 4 96.321 96.277 96.321 93.550 93.550 96.321

LASSO = 2 and mRMR = 1

k # of Features SVM LR KNN RF AdaBoost Voting

1 186 96.320 98.182 91.732 99.091 93.550 98.139

2 175 96.320 98.182 91.732 97.186 93.550 98.139

3 73 100.000 99.091 94.502 97.230 95.411 98.139

4 72 100.000 99.091 92.641 97.230 94.502 98.139

5 39 99.091 99.091 94.502 96.320 94.502 99.091

6 36 99.048 99.091 93.593 98.182 95.455 97.230

7 17 100.000 99.091 98.182 97.230 97.273 98.182

8 16 99.048 99.091 97.229 95.411 93.593 98.139

9 11 97.186 98.139 98.139 97.230 96.321 98.139

10 10 98.139 98.139 95.411 96.321 96.321 98.139

11 4 96.321 96.277 96.321 94.459 93.550 96.321

12 4 96.321 96.277 96.321 94.459 93.550 96.321

13 4 96.321 96.277 96.321 94.459 93.550 96.321

14 4 96.321 96.277 96.321 94.459 93.550 96.321

According to the CPTAC proteomic dataset feature selection results shown in Table 2,
the best performance is obtained with 99% ACC, 5 selected proteomic features, and the
SVM or KNN classifier by assigning a rank value of 2 to LASSO and 1 to mRMR and using
a weight value of 6. As seen in the results in Table 2, all prediction models provided similar
results. The AdaBoost model gave 97.000% ACC for all different weights and rank-based
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assignments. We propose that this status could be related to the effects of the features
employed, data distribution, or model fitting. If we also use only two selected features, we
can obtain 97% ACC for the CPTAC proteomic dataset.

Table 2. The effect of the rank-based feature weighting and selection method on the accuracy rate (%)
for the CPTAC proteomic dataset.

LASSO = 1 and mRMR = 2

k # of Features SVM LR KNN RF AdaBoost Voting

1 68 98.000 99.000 96.947 99.000 97.000 98.000

2 51 99.000 99.000 98.000 99.000 97.000 99.000

3 14 99.000 98.000 99.000 99.000 97.000 98.000

4 11 99.000 98.000 99.000 98.000 97.000 98.000

5 7 98.000 98.000 98.000 97.947 97.000 98.000

6 7 98.000 98.000 98.000 97.947 97.000 98.000

7 6 97.000 97.000 97.000 98.000 97.000 98.000

8 6 97.000 97.000 97.000 98.000 97.000 98.000

9 4 97.000 97.000 97.000 98.000 97.000 98.000

10 4 97.000 97.000 97.000 98.000 97.000 98.000

11 2 97.000 97.000 98.000 98.000 97.000 98.000

12 2 97.000 97.000 98.000 98.000 97.000 98.000

13 2 97.000 97.000 98.000 98.000 97.000 98.000

14 2 97.000 97.000 98.000 98.000 97.000 98.000

LASSO = 2 and mRMR = 1

k # of Features SVM LR KNN RF AdaBoost Voting

1 68 98.000 99.000 96.947 99.000 97.000 98.000

2 36 98.000 99.000 97.000 99.000 97.000 99.000

3 16 98.000 99.000 98.000 99.000 97.000 99.000

4 15 98.000 99.000 97.000 98.000 97.000 99.000

5 8 99.000 99.000 99.000 98.000 97.000 98.000

6 5 99.000 98.000 99.000 96.947 97.000 98.000

7 2 97.000 97.000 98.000 98.000 97.000 98.000

8 2 97.000 97.000 98.000 98.000 97.000 98.000

9 2 97.000 97.000 98.000 98.000 97.000 98.000

10 2 97.000 97.000 98.000 98.000 97.000 98.000

11 2 97.000 97.000 98.000 98.000 97.000 98.000

12 2 97.000 97.000 98.000 98.000 97.000 98.000

13 2 97.000 97.000 98.000 98.000 97.000 98.000

14 2 97.000 97.000 98.000 98.000 97.000 98.000

• Metabolomic Dataset Results

We also evaluated our GLIO-Select methodology on two different metabolomic
datasets. The effect of the rank-based feature weighting and selection method on the
accuracy rate (%) for two datasets is presented in Tables 3 and 4. The best performance
is obtained with 91.6% ACC, 16 selected metabolomic features, and the LR classifier by
assigning a rank value of 2 to LASSO and 1 to mRMR and using a weight value of 7 for the
local level one confidence level preCRT-based metabolomic dataset.
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Table 3. The effect of the rank-based feature weighting and selection method on the accuracy rate (%)
for the local level one preCRT-based metabolomic dataset.

LASSO = 1 and mRMR = 2

k # of Features SVM LR KNN RF AdaBoost Voting

1 72 81.299 83.030 81.255 82.251 71.862 85.931

2 48 85.844 86.883 74.719 78.485 69.091 83.983

3 27 87.792 87.792 80.217 82.251 75.671 86.840

4 21 88.788 91.558 85.887 80.390 81.255 90.649

5 16 87.879 87.879 84.026 82.294 81.299 87.835

6 10 81.299 81.299 77.619 81.299 81.255 81.255

7 8 79.481 80.346 79.480 79.481 77.619 79.481

8 6 80.390 80.346 76.537 78.528 70.000 78.571

9 5 77.576 82.294 72.814 77.576 71.905 76.667

10 3 77.533 81.385 72.857 71.991 74.675 76.667

11 3 77.533 81.385 72.857 71.991 74.675 76.667

12 2 78.571 79.524 73.939 76.667 68.225 78.571

13 2 78.571 79.524 73.939 76.667 68.225 78.571

14 1 76.667 71.948 74.675 64.459 68.139 78.441

LASSO = 2 and mRMR = 1

k # of Features SVM LR KNN RF AdaBoost Voting

1 72 81.299 83.030 81.255 80.346 71.862 85.931

2 65 77.489 84.026 76.623 76.667 70.866 83.074

3 41 85.888 88.744 74.762 80.390 67.143 84.935

4 37 84.935 86.840 76.494 80.346 72.814 84.026

5 21 86.970 85.974 80.303 81.342 79.394 86.970

6 18 86.970 88.744 84.069 79.480 81.212 86.926

7 16 87.835 91.558 87.792 81.385 78.355 87.835

8 13 85.065 85.974 87.792 79.524 75.714 86.926

9 10 83.160 84.069 85.065 79.524 81.299 86.017

10 8 86.017 85.974 84.156 79.481 77.576 86.061

11 5 78.571 78.485 72.900 78.485 79.394 78.571

12 4 80.346 80.433 75.628 79.437 76.667 80.303

13 2 78.571 79.524 73.939 76.667 68.225 78.571

14 2 78.571 79.524 73.939 76.667 68.225 78.571

For the CPTAC metabolomic dataset, the best result is provided by 80% ACC and
13 selected metabolomic features by utilizing the LR or voting-based ensemble models,
using the feature weight value of 10 and assigning a rank-based weight of 2 to LASSO and
1 to mRMR (see Table 4). For the proteomic and metabolomic datasets, the assignment of
the rank-based weights of 2 to LASSO 2 and 1 to mRMR gave the highest accuracy rate
for all combination sets of feature selection operations by employing different weights or
prediction models.
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Table 4. The effect of the rank-based feature weighting and selection method on the accuracy rate (%)
for the CPTAC metabolomic dataset.

LASSO = 1 and mRMR = 2

k # of Features SVM LR KNN RF AdaBoost Voting

1 55 56.000 60.000 60.000 58.667 57.333 62.667

2 45 57.333 61.333 58.667 60.000 60.000 66.667

3 38 61.333 64.000 58.667 54.667 54.667 68.000

4 25 65.333 68.000 65.333 60.000 64.000 69.333

5 18 73.333 74.667 72.000 70.667 65.333 76.000

6 9 70.667 68.000 66.667 62.667 62.667 72.000

7 8 72.000 69.333 65.333 64.000 69.333 65.333

8 7 73.333 66.667 64.000 68.000 66.667 69.333

9 7 73.333 66.667 64.000 68.000 66.667 69.333

10 3 65.333 62.667 64.000 65.333 60.000 62.667

11 3 65.333 62.667 64.000 65.333 60.000 62.667

12 2 64.000 60.000 73.333 68.000 50.667 69.333

13 2 64.000 60.000 73.333 68.000 50.667 69.333

14 1 68.000 62.667 68.000 62.667 60.000 69.333

LASSO = 2 and mRMR = 1

k # of Features SVM LR KNN RF AdaBoost Voting

1 55 56.000 60.000 60.000 54.667 57.333 62.667

2 54 56.000 60.000 60.000 49.333 52.000 64.000

3 44 58.666 61.333 60.000 58.667 53.333 68.000

4 42 60.000 62.667 60.000 56.000 54.667 68.000

5 36 61.333 62.667 57.333 64.000 56.000 69.333

6 36 61.333 62.667 57.333 64.000 56.000 69.333

7 25 65.333 68.000 65.333 58.666 62.667 66.667

8 22 66.666 69.333 62.667 62.667 53.333 68.000

9 14 70.667 78.667 65.333 65.333 64.000 76.000

10 13 76.000 80.000 74.667 74.667 61.333 80.000

11 6 73.333 66.667 65.333 66.667 76.000 69.333

12 6 73.333 66.667 65.333 66.667 76.000 69.333

13 2 64.000 60.000 73.333 68.000 50.667 69.333

14 2 64.000 60.000 73.333 68.000 50.667 69.333

• Molecular Dataset Results

When we use the TCGA-GBM/UCI ML Repository molecular/mutation dataset for
the male/female class label feature selection task, the best result is provided by 63.6% ACC,
3 selected features, a weight value of 11, and using SVM and RF models by assigning
weights of 1 to LASSO and 2 to mRMR. The detailed results are illustrated in Table 5.
This dataset shows which molecular/mutation genes are particularly discriminative for
the current class label in GBM patient data. With the exception of KNN, all approaches
provided similar results (Table 5) but were not able to separate the class label signals as
well as the other datasets in this study. Overall, the three selected features resulted in
63.6% ACC.

We give the selected feature names list for all datasets in Table S1 and present the
mean performance of six prediction models on the datasets employed for the female/male
dataset-based classification, with and without feature selection using five-fold stratified
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cross-validation in Supplementary Tables S2–S6. We assessed the performance of the
different machine learning models using only LASSO FS or only mRMR FS methods for
five GBM datasets. We observed that our feature selection and weighting methodology
provided better results than using only one FS method.

Table 5. The effect of the rank-based feature weighting and selection method on the accuracy rate (%)
for the TCGA-GBM/UCI ML Repository molecular dataset.

LASSO = 1 and mRMR = 2

k # of Features SVM LR KNN RF AdaBoost Voting

1 9 61.646 61.658 44.571 61.376 62.515 61.364

2 9 61.646 61.658 44.571 61.376 62.515 61.364

3 7 62.201 61.091 46.523 62.209 60.519 61.638

4 7 62.201 61.091 46.523 62.209 60.519 61.638

5 7 62.201 61.091 46.523 62.209 60.519 61.638

6 6 61.066 63.066 53.074 61.062 62.495 60.781

7 4 63.062 63.352 55.364 63.062 63.634 63.630

8 3 63.634 63.066 49.404 63.634 63.352 62.213

9 3 63.634 63.066 49.404 63.634 63.352 62.213

10 3 63.634 63.066 49.404 63.634 63.352 62.213

11 3 63.634 63.066 49.404 63.634 63.352 62.213

12 2 62.213 62.785 42.575 62.785 62.785 62.499

LASSO = 2 and mRMR = 1

k # of Features SVM LR KNN RF AdaBoost Voting

1 9 61.646 61.658 53.087 61.376 62.515 61.083

2 7 62.201 61.091 45.666 62.209 60.519 61.638

3 7 62.201 61.091 45.666 62.209 60.519 61.638

4 6 61.919 60.233 45.666 62.209 60.801 61.919

5 5 61.066 63.352 52.507 61.062 62.491 59.928

6 5 61.066 63.352 52.507 61.062 62.491 59.928

7 4 63.062 63.352 55.364 63.062 63.634 63.344

8 3 62.781 62.785 52.527 62.499 62.785 62.781

9 2 62.213 62.785 42.575 62.785 62.785 62.499

10 1 61.646 61.646 43.143 61.646 61.646 61.646

11 1 61.646 61.646 43.143 61.646 61.646 61.646

12 1 61.646 61.646 43.143 61.646 61.646 61.646

2.3.2. Our Best Results of the Utilized Datasets

We constructed a generic table to show our best results for the feature selection tasks in
this study. Table 6 presents the best accuracy rates in percentage, the number of all features,
and the number of selected features for the datasets used. The table shows that the largest
dimensionality reduction is obtained with the CPTAC-GBM proteomic dataset by reducing the
number of features from 8828 to 5. The best ACC is yielded by utilizing our local proteomic
preCRT-based dataset as the perfect classification. The minimum selected number of features
(i.e., 3) is obtained from the TCGA-UCI glioma grading dataset for GBM patients. The
lowest dimensionality reduction rate (i.e., from 59 to 13) is obtained with the CPTAC-GBM
metabolomic dataset.
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Table 6. Our best results of the employed datasets for GBM (all identified features are in
Supplementary Table S1).

Dataset # of Features Accuracy Rate (%) Number of Identified Features

Local Proteomic PreCRT-based Dataset 7289 100.000 17

CPTAC-GBM Proteomic Dataset 8828 99.000 5

CPTAC-GBM Metabolomic Dataset 59 80.000 13

Local Level One PreCRT-based Metabolomic Dataset 318 91.558 16

TCGA-UCI Glioma Grading Dataset for GBM 20 63.634 3

2.4. Clinical Results

We plotted clustergrams for each feature selection result in Figures 1–5. Clustergrams are
useful for grouping (i.e., hierarchical clustering) data based on similarity and visualizing those
groupings. Clustergrams include a dendrogram and heatmap of the data. The colors and
visual elements in a clustergram reveal key insights about the data structure. In clustergrams,
colors usually represent the density or similarity of data points. Warm colors (reds and
oranges) often indicate high density or similarity, while cool colors (blues and greens) suggest
low density or similarity. The color scale helps illustrate how data points are distributed and
their relative proximity. Clustergrams often consist of a dendrogram, a tree-like diagram that
shows the sequence in which data points are grouped and how these groups are formed. By
tracing the branches, we can identify which data points were grouped earlier and which were
grouped later. The colors in the heatmap matrix represent the degree of similarity between
two data points.

As can be shown in Figure 1, the most significant four features (96.3% ACC), namely,
Benign Prostate-specific Antigen (BPSA), Pregnancy zone protein (PZP), Human Chorionic
Gonadotropin (HCG), and Follicle-stimulating hormone (FSH), can have different values for
males and females in our local proteomic dataset. It is observed that the BPSA heatmap value
is around 0 in men and around −1 in women, and PZP in females has higher values than
males. While the HCG and FSH heatmap values in females have positive values, it is observed
that the values become negative for males. We also note the clustering of several markers. For
example, two female-related sex hormones, FSH and HCG, exhibit high density in females
and cluster together, while BPSA, a male marker, instead clusters with SPIT3 (Figure 1). HBD-2
and ferritin cluster together with lower values in females compared to males. CCL28 clusters
with IGFBP-1, and then both cluster with PSP-94 (Figure 1).

As can be seen in Figure 2, the most discriminative two proteomic features (97% ACC)
for the CPTAC dataset are RPS4Y1 and DDX3Y. Both of these features have “Y” annotating
their known association with the male sex, so they cluster together and exhibit positive values
in males and negative values emerge in female GBM patients. DEFA3 and TPPP3 cluster
together with higher values in females and also cluster with HLA-DRB5, which exhibits a
more ambiguous pattern (Figure 2). Both the local set and the CPTAC set result in nearly
perfect accuracy with the exception of PZP and two components of the denfensin family
(HBD-2, also known as DEFB4A, in serum and DEFA3 in CPTAC). The signals that emerged
as the most significant features are different between the local set (serum) and CPTAC (tissue).

In the serum metabolomic data, the most significant two features (79.5% ACC) are ob-
tained with GLU-THR and N-FORMYLGLYCINE for our local metabolomic dataset (Figure 3).
While GLU-THR often has positive heatmap values in males with GBM, N-FORMYLGLYCINE
has negative heatmap values in male GBM patients. The two most discriminative metabolomic
features (60% ACC) are PANTOTHENIC ACID and 3-HYDROXYBUTYRIC ACID from the
CPTAC metabolomic dataset (Figure 4). While PANTOTHENIC ACID heatmap data generally
have a negative value in males or females, 3-HYDROXYBUTYRIC ACID has positive values or
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values around zero. The clustering of metabolic intermediates that share pathways (N-acetyl
glycine and N-formylglycine, both elevated in females, and GLU-THR with TRYMETHYLY-
SINE, both decreased in females) also emerged (Figure 3). These metabolites are not present
in the selected metabolic features in CPTAC. Two features were shared between the results in
the two sets, HOMOCYSTEINE and PANTHOTHENIC ACID, although the latter did not
make the list of top selected features that resulted in 92% accuracy in serum. In the CPTAC
set, HOMOCYSTEINE and PANTHOTHENIC ACID cluster together, as do mannitol and
galactitol, but differences between males and females are not as distinct in CPTAC tissue data,
as evidenced by the 80% accuracy rate. When employing the TCGA-UCI glioma grading
dataset, the most discriminative and significant three features (63.6% ACC) are EGFR, FAT4,
and BCOR. EGFR often has positive heatmap values for both men and women. However,
FAT4 and BCOR often have negative heatmap values for both sexes (Figure 5). We can also say
that heatmap values generally have lower or upper bound values as these mutation/molecular
data contain only binary values. Additionally, as the highest ACC value is around 64%, it
can be said that observing the differentiation in colors in males and females for the same
molecules is difficult.
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indicates the rank of the selected features from highest (1) to lowest (17) for the 17 selected features
that were identified, resulting in a 100% accuracy rate.
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Figure 2. Clustergram for the selected features of the CPTAC proteomic dataset. Grey bar indicates
the rank of the selected features from highest (1) to lowest (5) for the 5 selected features that were
identified, resulting in a 99% accuracy rate.
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Figure 3. Clustergram for the selected features of the NCI NIH GBM serum metabolomic dataset.
Grey bar indicates the rank of the selected features from highest (1) to lowest (16) for the 16 selected
features that were identified, resulting in a 92% accuracy rate.
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Figure 4. Clustergram for the selected features of the CPTAC tissue metabolomic dataset. Grey bar
indicates the rank of the selected features from highest (1) to lowest (13) for the 13 selected features
that were identified, resulting in an 80% accuracy rate.
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Figure 5. Clustergram for the selected features of the TCGA (UCI shared) dataset. Grey bar indicates
the rank of the selected features from highest (1) to lowest (3) for the 3 selected features that were
identified, resulting in a 64% accuracy rate.

3. Discussion
While several studies have described sex differences in GBM employing transcrip-

tomic or tissue-level proteomic data, noninvasive biospecimen-derived data and biological
sex differences profiles in GBM serum proteomic and metabolomic data are not currently
available [1,6,9,11,23]. This paucity of data limits the ability to account for the impact
of biological sex when interpreting emerging biomarkers in serum while also limiting
our mechanistic understanding of observed outcome differences. In this study, we identi-
fied several hundred serum features associated with the male and female class labels in
proteomic and metabolomic datasets. Using the local serum-based dataset, 17 features
(100% ACC) and 16 features (92% ACC) were identified for the proteomic and metabolomic
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datasets, respectively, demonstrating that the serum in our cohort is a robust biospecimen
of analysis for the identification of proteins associated with sex differences. Using the
CPTAC tissue-based dataset (8828 proteomic and 59 metabolomic features), 5 features
(99% ACC) and 13 features (80% ACC) were identified for the proteomic and metabolomic
datasets, respectively. The proteomic data serum (local data) or tissue (CPTAC) achieved
the highest accuracy rates (100% and 99%, respectively), followed by serum metabolome
(92% and 80%) for the local set and CPTAC, respectively (Table 6).

The current GLIO-Select method allowed for the selection of serum proteomic features
that can differentiate a sample originating from a female GBM patient from a male GBM pa-
tient in serum with 100% accuracy for proteomic features and 92% accuracy for metabolomic
features. The identified proteomic features offer both internal and methodological valida-
tion since several are already described as being associated with sex differences specifically
in serum, including benign prostatic specific antigen (BPSA) [24], pregnancy zone protein
(PZP) [25], PSP-94 [26], and DAZP1 [27]. Additional roles in glioma have also emerged
for proteins known to have an association with one sex compared to the other, including
HCG [28], FSH [29], PZP [25,30], and ferritin [31] (Table 7). However, while existing data
support several of the identified features as being associated more with one sex than the
other, for example, PZP with the female sex and PSA with the male sex, there are females
with low PZP and males with PSA as low as that measured in most females. Thus, per the
existing literature, no one serum protein or metabolite is 100% associated with either sex.
For example, HCG may be measured in both men and women but may have physiological
(pregnancy) or pathological (testicular cancer) implications. It should also be noted that just
because certain serum proteins have a classical association with biological sex, such as HCG,
they may have an additional role in GBM that is either unrecognized or subject to evolving
data. HCG has been associated with GBM and may represent a possible biomarker [32],
being implicated in glioma cells’ redox homeostasis. Equally so, there is an emerging
relationship between sex hormones and androgen levels and tumor aggressiveness in GBM,
which may be reflected in the identification of PSA, FSH, and PSP-94 [29,33]. Some proteins,
such as IGFBP-1 (associated with stemness and invasion) [34] and BTN1A1 (novel immune
checkpoint exclusive to PDL-1) [35] may have a relationship with biological sex [36], but
this is evolving. In contrast, others are already associated with glioma (TPSNR (HLA1
antigen processing protein) [37], IgE [38], SAA1 (potential prognostic marker) [39], NCAN
(also known as CSPG3, glycosylated chondroitin sulfate proteoglycan implicated in the
tumor microenvironment) [40], and SPIT3 [41], and, in our analysis, are also associated
with biological sex (Figure 6). Interestingly, SPIT3 clustered with BPSA in the serum,
raising the hypothesis that there may be mechanistic features between the male sex and
tumor behavior in males that may link to stemness and treatment resistance. DEFB4A (a
component of the defensin family associated with several malignancies) [42] was identified
in serum, while DEFA3 was identified in tissue, with their roles in innate immunity and
malignancy evolving. These proteins present an opportunity to identify potential mecha-
nistic relationships that drive glioma proliferation and response differences between the
sexes since they are, in some form, present and associated with sex in both biospecimens.

PZP was also identified in CPTAC tissue proteome in this analysis; however, it was
not one of the five features that directly contributed to ACC of 99%.
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Table 7. The 16 proteomic features identified in the NCI NIH GBM serum proteomic dataset. Green
fill indicates known association with biological sex based on existing literature and use in the clinic
and/or association with glioma or, more specifically in some cases, glioblastoma (GBM).

Target Entrez Gene Symbol Target Full Name
Documented

Association with
Biological Sex

Documented
Association with

Glioma

BPSA KLK3 Benign Prostate specific Antigen yes [24] no

PZP PZP Pregnancy zone protein yes [25] no

HCG CGA|CGB3|CGB7 Human Chorionic Gonadotropin yes [28] yes [32]

FSH CGA|FSHB Follicle stimulating hormone yes yes [29]

IGFBP-1 IGFBP1 Insulin-like growth factor-binding
protein 1 possible [36] yes [34]

TPSNR TAPBPL Tapasin-related protein no yes [37]

CYTL1 CYTL1 Cytokine-like protein 1 no no

BTN1A1 BTN1A1 Butyrophilin subfamily 1 member A1 possible [35] no

CCL28 CCL28 C-C motif chemokine 28 no no

PSP-94 MSMB Beta-microseminoprotein yes [29,33] no

Ferritin FTH1|FTL Ferritin yes [1] yes [31]

IgE IGHE Immunoglobulin E possible yes [38]

SAA1 SAA1 Serum amyloid A-1 protein no yes [39]

CSPG3 NCAN Neurocan core protein no yes [40]

HBD-2 DEFB4A Beta-defensin 4A no no

DAZP1 DAZAP1 DAZ-associated protein 1 yes [27] no

SPIT3 SPINT3 Kunitz-type protease inhibitor 3 no yes [41]

The CPTAC tissue proteome data achieved an accuracy rate of 99% resulting in
five features: RPS4Y1, DDX3Y, HLA-DRB5, DEFA3, and TPPP3. Two of the features,
RPS4Y1 and DDX3Y, are already Y chromosome-associated, and HLA-DRB5 and TPPP3
have been reported as being associated with GBM [43,44] with respect to prognosis and
the epithelial–mesenchymal transition, respectively, albeit not in serum biospecimens as
of yet. In contrast, DEFA3, a member of the defensin family (Supplemental Table S1),
has not been directly implicated in GBM or associated with sex differences specifically.
Defensins, however, have been connected to cancer [42,45], and their identification in both
serum (DEFB4A) and tissue (DEFA3) in association with GBM and biological sex could
support previous data suggesting a relationship between innate immunity as a critical
aspect of GBM propagation [46] and its contribution to differential outcomes between men
and women in GBM. Defensins captured in serum biospecimens thus merit additional
research as a possible biomarker and a key to sex differences and differential responses
to management. A connection between TPPP3, DEFA3, and HLA-DRB5, as evidenced by
the clustering observed in the current analysis (Figure 3), had not yet been described, and
if it presents as a distinguishing signaling axis between men and women with GBM, this
merits additional investigation as it links the epithelial–mesenchymal transition to tumor
grade and prognosis and the innate immune system, with a clear link to biological sex in
the GBM tissue proteome. We also observed limited overlap between proteins identified in
serum and proteins identified in tissue, which may indicate that one biospecimen cannot
serve as a validation of signals for the other, although far more data are needed in GBM
using patient samples that have both serum and tissue for analysis.

With respect to metabolomic data, the relationship between compounds in serum or
tissue and biological sex is less well defined, although data are emerging. Compounds
such as serum testosterone were identified in this study, again providing validation of
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the biospecimen of origin given clinical information with known clinical applicability
for measurement in serum and supporting the accuracy of the feature selection method.
Additional compounds such as GLU-THR (glutamine threonine), homocysteine, glycerol,
xanthosine, and thromboxane B2 have also been associated with glioma and documented
as differentially measured between men and women, while others such as allocholic acid
are evolving (Supplemental Table S7) [1,4,47–51]. These compounds, as well as several
others, relate to amino acid synthesis [52] and purine metabolism, as well as fatty acid
metabolism [53]. Two metabolomic features shared between serum and tissue were ho-
mocysteine and pantothenic acid; however, overall, fewer compounds for analysis were
present in CPTAC than in our dataset, with only 59 features to work with. Overall, both
purine metabolism and fatty acid metabolism have been reported as highly significant in
GBM, with emerging relationships to tumor resistance [53–55], and the current analysis
supports that, indeed, several compounds may be captured in the serum and tumor tissue
of patients with GBM, leading to potential mechanistic relationships for further research.
Blood homocysteine levels are related to primary brain tumors [56] and homocysteine is
associated with biological sex differences [47]. In the present study, homocysteine ranked
fourth in the CPTAC tissue data (ACC 80%) and seventh in the local serum (ACC 92%).
Pantothenic acid or vitamin B5 has been associated with GBM, and in a recent study, it was
one of several metabolites differentially expressed between core and edge tumor specimens
in association with MGMT status [57]. In the present study, it was ranked feature number 1
in tissue (CPTAC); however, it was ranked far lower in serum, not even reaching the 16
top identified features in serum. Since it emerged as a feature in both datasets, it warrants
further study regarding its relationship with biological sex differences with respect to GBM.

EGFR, FAT4, and BCOR were the three features associated with 64% ACC using
the TCGA-UCI glioma grading set aimed at tumor grading [58]. The current analysis
indicated that EGFR expression is differentially altered between men and women, with
EGFR expression lower overall in women compared to men, which has been shown in
other studies involving TCGA and other data [23]. FAT4 and BCOR, however, were overall
higher in women as compared to men. Neither has been explored in their relationship with
biological sex differences; however, FAT4 acts as a tumor-suppressor gene with typically
lower expression in tumors [59], while BCOR (BCL6 corepressor gene) drives oncogenic
transformation in neural cells [60]. BCOR has also been linked to glioma via BCOR-altered
gliomas, a newly identified glioma with a potential response to fluorinated pyrimidines [61],
indicating that glioma formation in women may occur via different pathways in women
and men, resulting in differential tumor responses to chemotherapy. The relationship
between the expression of these markers and sex differences is not well explored and
the data are inconclusive. The current study illustrates potential relationships between
well-known glioma drivers in males compared to females in GBM, some of which are better
understood and studied; for example, the relationship between EGFR, BCOR, and FAT4
and connections to CD44 but with potential signaling via sex-related proteins such as HCG,
as well as potential metabolic programming that may drive tumor behavior, e.g., via KLK3
(BPSA) and IGFBP1, which can connect to BCOR (Figure 7).
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Figure 6. Proteins identified in serum have respective known relationships with biological sex and
glioma, as well as novel signals with no direct or evolving relationships.

Our analyses can suggest that integrating LASSO with mRMR offers notable benefits
compared to existing hybrid methods, such as enhanced classification performance or
robustness. This highlights the effectiveness of our hybrid feature selection and weight-
ing approach in managing high-dimensional data efficiently. Future studies will focus
on refining and validating the proposed method using larger datasets and alternative
hybrid techniques.

Our analysis focused on traditional machine learning methods, including SVM, KNN,
Logistic Regression, AdaBoost, and Random Forest. Although modern techniques, such
as deep neural networks, autoencoders, and transformer-based models, may offer ben-
efits, these methods can introduce additional complexity and computational demands.
Traditional approaches were chosen for their established utility in high-dimensional data
with limited sample sizes, as well as their ease of interpretation. Future studies will ex-
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plore integrating advanced techniques to compare their potential advantages with our
current framework.
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Some limitations of our study can be expressed as follows: The datasets used in our
study do not include unaffected controls, which limits our ability to distinguish GBM-
related features from those that may arise due to general variability unrelated to GBM.
Future studies incorporating unaffected control data will be crucial for enhancing the speci-
ficity of identified features. While our feature selection analysis was aimed at identifying
sex differences in GBM, it was conducted on combined datasets rather than separately for
male and female groups. As another limitation of this study, we utilized two independent
proteomic (or metabolomic) datasets to identify features associated with male/female
GBM classification and feature selection. Although both datasets provided meaningful
insights, the shared features between them were limited. This presented a challenge for
implementing cross-dataset classification, which relies on consistent features across datasets
for reliable evaluation. To address this, we concentrated on feature selection within each
dataset, aiming to extract biologically relevant patterns unique to each one. Nonetheless,
we recognize that cross-dataset classification could offer a more comprehensive assessment
of the generalizability and robustness of our findings. Moving forward, future research can
prioritize the inclusion of datasets with a higher degree of feature overlap or incorporate
cross-dataset validation to reinforce our conclusions. Another limitation of this study is
the lack of independent external validation, which is critical for assessing the generaliz-
ability of the model. The predictive model in this study was validated using stratified
cross-validation as external validation was not possible due to the absence of datasets with
the same specifications. This validation strategy ensures our results’ robustness within the
available data’s constraints. Future work will aim to address this limitation by identifying
or generating additional datasets to validate the findings externally.
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Since a large number of classifier models, different datasets, five-fold stratified cross-
validation technique, and different feature weighting values were tried and applied in this
study, the implementation of the SHAP values in tree-based models or deep learning-based
feature attribution methods would be associated with a significant increase in both time
and processing power; it is, however, our intention to test these methods in future studies.
While these advanced methods are recognized for both their capacity to capture complex
nonlinear interactions and offer robust frameworks for feature selection, LASSO and
mRMR were chosen for their well-established interpretability, computational efficiency, and
suitability for high-dimensional omics datasets. Future work will address this limitation by
comparing our approach with additional state-of-the-art techniques.

4. Materials and Methods
This section provides an overview and the key characteristics of our dataset em-

ployed. Subsequent subsections detail our methodological approach, including definitions,
techniques, and prediction models utilized in this study.

4.1. Datasets

We employed a total of five proteomic, metabolomic, and molecular datasets from
local or public data repositories to select the feature subset for the classification tasks in
this study. The characteristics of the datasets employed are illustrated in Table 8.

The local proteomic preCRT-based dataset consists of NIH NCI ROB proteomic data
of GBM patients with pre-chemoirradiation (CRT) status. This dataset is the format of
log base two transformed regarding the preprocessing method and contains 109 cases
with 74 males, 35 females, and 7289 proteomic features. The CPTAC (Clinical Proteomic
Tumor Analysis Consortium)–GBM dataset is a nationwide initiative aimed at advancing
the comprehension of cancer’s molecular underpinnings by leveraging extensive proteomic
and genomic analyses, also known as proteogenomics [20]. The dataset includes different
types of normalized GBM data, such as proteomic and metabolomic data. The local
level one preCRT-based and normalized metabolomic dataset includes NIH NCI ROB
metabolomic data from GBM patients who have not yet undergone chemoirradiation
(CRT), adhering to confidence level one specification. The TCGA-UCI glioma grading
dataset [21] for GBM patients includes only GBM patient data with 20 significant molecular
features for 352 patients. These features can be not_mutated (i.e., 0) or mutated (i.e., 1)
depending on their status.

Table 8. Proteomic, metabolomic, and molecular feature selection datasets utilized for the classifica-
tion tasks.

Dataset Preprocessing # of Cases # of Males # of Females # of Features

Local Proteomic PreCRT-based Dataset Log Base 2 Transformed 109 74 (68%) 35 (32%) 7289

CPTAC-GBM Proteomic Dataset Normalized 99 55 (56%) 44 (44%) 8828

CPTAC-GBM Metabolomic Dataset Normalized 75 41 (55%) 34 (45%) 59

Local Level One PreCRT-based Metabolomic Dataset Normalized 107 73 (68%) 34 (32%) 318

TCGA-UCI Glioma Grading Dataset for GBM No Preprocessing 352 217 (62%) 135 (38%) 20

4.2. Methodology

This section provides a general overview of our employed feature selection and
weighting architecture, consisting of a brief description of underpinning methodologies.
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4.2.1. Proposed Scheme

In this study, we adopted our previous methodology, MetaWise [16], with the same
settings for feature selection tasks on five different GBM datasets that captured male and
female as class labels for analysis. Our utilized scheme consists of two phases: (a) feature
selection (FS) and (b) feature weighting (FW) [18,58,63]. These stages use the fusion of the
two feature selection methods: Least Absolute Shrinkage and Selection Operator (LASSO)
and Minimum Redundancy Maximum Relevance (mRMR). The detailed schematic diagram
is illustrated in Figure 8.

First, all features are entered into the feature selection (FS) model using a cross-validation
technique. For each fold, the feature sets selected by the two FS methods are saved into
variables, and the selected feature counts are summed according to the weights provided by
the rank-based approach (i.e., 2 or 1 for two FS methods). Then, the weight-based feature
list is evaluated by using all weight values (i.e., features with higher weight values represent
high importance levels). In the last phase, the final feature list is derived by examining
all weight values and identifying those with the highest accuracy rate across six machine
learning models: Support Vector Machine (SVM), K-Nearest Neighbors (KNN), Logistic
Regression (LR), Random Forest (RF), Adaptive Boosting (AdaBoost), and voting-based
ensemble learning model. The combined strategy of using LASSO and mRMR FS methods
provides dimensionality reduction and contributes to decreasing feature redundancy with
high-performance results by balancing feature relevance between the target and them. For an
in-depth explanation of this methodology, please refer to Tasci et al. [16].
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4.2.2. Feature Selection Methods

Feature selection is the process of selecting a subset of relevant and discriminative
features for use in learning model construction. This step is crucial to improve the prediction
model’s performance by eliminating redundant or irrelevant data, which can enhance the
accuracy, speed, and interpretability of the model [19,64]. Feature selection methods can
be categorized into three classes based on the evaluation criteria: filter, wrapper, and
embedded methods [64]. Filter feature selection methods assess the relevance of features
by examining metrics such as their statistical relationships with the target variable. They
are independent of any machine learning algorithm and include techniques like correlation
coefficients (e.g., mRMR). They are typically fast and computationally efficient but might
ignore feature interactions. Wrapper feature selection methods evaluate the feature subset
by training a model on different combinations of features and selecting the subset that
yields the best performance. These methods are computationally expensive because they
involve training multiple learning models. Embedded feature selection methods perform
feature selection during the model training process (e.g., LASSO). Common methods consist
of LASSO (Least Absolute Shrinkage and Selection Operator), which shrinks coefficients of
less important features to zero, and mRMR (Minimum Redundancy Maximum Relevance),
which selects features that have minimal redundancy among the features and maximum
relevance to the target variable. These methods help in identifying the most significant
feature subset that contributes to the predictive power of the learning model.

4.2.3. Feature Weighting Methods

To determine the relative importance of selected features in identifying patterns,
weights were assigned based on their contribution to the classification operation in terms
of their accuracy rate. A rank-based feature weighting scheme was applied for the LASSO
and mRMR FS methods in this study. Their performance (i.e., accuracy rate) on each data
fold was used to rank them. The top-performing method was given a weight of 2, while the
other was assigned a weight of 1 for each fold. This process was repeated for all possible
rank combinations to optimize feature weights for all the datasets [16]. In the final stage,
all selected feature weights are summed and assessed to find the best-performing feature
subset with the smallest number of features.

4.3. Classification

The classification stage involves training a machine learning model to categorize
data into predefined classes or labels. Once the learning model is trained, the model can
predict the class of new and unseen data based on the learned patterns. In our previous
works [16,18], we provided a comprehensive overview of popular classification algorithms
such as KNN, SVM, LR, AdaBoost, RF, and voting-based ensemble learning models. We
employed a soft voting-based approach that predicts the class label based on the maximum
of the sums of the predicted probabilities for five classification models [65].

5. Conclusions
This study (i.e., GLIO-Select) carries a fusion of the filter and embedded feature

selection and weighting methodologies for feature selection tasks on five different GBM
high-dimensional omics or molecular datasets that capture female and male as class labels.
Six different machine-learning model performances are assessed regarding the accuracy rate
with the different number of weights or selected features. Serum and tissue-based dataset
results are also analyzed for feature selection operations. The critical importance level of
the feature selection process regarding model performance improvement and reducing
the computational complexity is also observed in detail for the dimensionality reduction
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operations. Overall, several signals emerged in the current analysis, which are known to
be associated with glioma or GBM but were previously not known to be associated with
biological sex, with several signals present in non-invasively derived biospecimen (serum).
These findings require further validation and merit further scrutiny as potential therapies
grounded in several critical signaling and metabolic pathways; notably, amino acid and
fatty acid metabolism may have differential expression between men and women and result
in different therapeutic responses. The ability to detect serum proteins and metabolites
that are different between women and men provides encouragement that noninvasive
biospecimen collection may provide biomarkers that can effectively eventually lead to
more personalized management in GBM. Several novel signals that were previously not
linked to either biological sex or glioma also emerged in the analysis and may relate to
mechanistic insights for differential tumor responses between the sexes, especially those
that link mechanistically to both tissue and genomic data.

By focusing on the most relevant and discriminative features, researchers can build
more accurate and efficient models and aid in early diagnosis, prognosis, and personalized
treatment of GBM. The feature selection process can also mitigate the curse of dimension-
ality and improve the generalizability of learning models. Ongoing advancements and
research in this area are likely to significantly enhance patient outcomes and make substan-
tial contributions to the broader field of cancer research regarding biomarker discovery or
personalized treatments.
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