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Abstract: Background/Objectives: Glioblastoma (GBM) is a highly aggressive primary
central nervous system tumor with a median survival of 14 months. MGMT (O6-
methylguanine-DNA methyltransferase) promoter methylation status is a key biomarker
as a prognostic indicator and a predictor of chemotherapy response in GBM. Patients with
MGMT methylated disease progress later and survive longer (median survival rate 22 vs.
15 months, respectively) as compared to patients with MGMT unmethylated disease. Pa-
tients with GBM undergo an MRI of the brain prior to diagnosis and following surgical
resection for radiation therapy planning and ongoing follow-up. There is currently no
imaging biomarker for GBM. Studies have attempted to connect MGMT methylation status
to MRI imaging appearance to determine if brain MRI can be leveraged to provide MGMT
status information non-invasively and more expeditiously. Methods: Artificial intelligence
(AI) can identify MRI features that are not distinguishable to the human eye and can be
linked to MGMT status. We employed the UPenn-GBM dataset patients for whom methyla-
tion status was available (n = 146), employing a novel radiomic method grounded in hybrid
feature selection and weighting to predict MGMT methylation status. Results: The best
MGMT classification and feature selection result obtained resulted in a mean accuracy rate
value of 81.6% utilizing 101 selected features and five-fold cross-validation. Conclusions:
This compared favorably with similar studies in the literature. Validation with external
datasets remains critical to enhance generalizability and propagate robust results while
reducing bias. Future directions include multi-channel data integration with radiomic
features and deep and ensemble learning methods to improve predictive performance.

Keywords: MGMT; radiomics; image processing; machine learning; feature extraction;
feature selection

1. Introduction
Glioblastoma (GBM) is a highly aggressive primary central nervous system tumor

with a median survival of 14 months [1]. GBM is typically managed with maximal surgical
resection followed by concurrent chemotherapy and radiation therapy [2]. GBM behaved
in a treatment-resistant manner, recurring locally with treatment options generally limited
upon recurrence. MGMT (O6-methylguanine-DNA methyltransferase) promoter methyla-
tion status is a key biomarker as a prognostic indicator and a predictor of chemotherapy
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response in GBM [3]. Patients with MGMT methylated disease progress later and survive
longer (median survival rate 22 vs. 15 months, respectively) as compared to patients with
MGMT unmethylated disease. However, the biological mechanisms that underlie this
observation are less well understood [4]. MGMT methylation renders aspects of DNA
repair inactive, leading to superior response to management. MGMT methylation status is
obtained by examining tumor tissue and is typically available to clinicians within 2–3 weeks
of surgical resection once pathological analysis has been completed. Current retrospective
data in GBM often suffer from sparse annotation for MGMT status, in part due to their later
introduction into clinical practice, cost, and sample availability limitations. Patients with
GBM undergo an MRI of the brain prior to diagnosis and following surgical resection for
radiation therapy planning and ongoing follow-up. The ability to predict MGMT status
using MRI could revolutionize preoperative planning for neurosurgeons [5], allow for
superior risk stratification [6,7], and help personalize radiation therapy [8]. There is cur-
rently no imaging biomarker for GBM. Several studies have attempted to connect MGMT
methylation status as a molecular classification to MRI imaging appearance. This would
allow the utilization of large-scale MRI brain data for MGMT status annotation. Artificial
intelligence (AI) can identify MRI features that are not distinguishable to the human eye
and can be linked to MGMT status [9–12]. The results have been mixed, reaching close
to 70% accuracy in recent studies, and are still evolving [13–15]. In a recent study [16], a
two-phase MGMT Promoter Methylation Prediction (MGMT-PMP) system was employed
to extract and combine different types of radiomics features (GLCM, HOG, and LBP) to
predict GBM subtype using the BraTS-2021 dataset. In a separate study [17], an area under
the curve (AUC) of 0.718 was obtained using a deep learning framework utilizing convo-
lutional neural networks (CNNs) with Bayesian-optimized hyperparameters to predict
MGMT status using the RSNA-MICCAI dataset. This present study aims to develop a
novel radiomic method grounded in hybrid feature weighting to assess MGMT promoter
methylation status.

The key findings of this study are summarized as follows:

• This is the first study that employs a hybrid feature selection and weighting method-
ology for MGMT status prediction on a large-scale radiomics dataset employing
multiparametric MRI (T1, T1-Gd, T2, and T2-FLAIR).

• Radiomics feature selection techniques (filtering (i.e., mRMR) and embedding-based
(i.e., LASSO) selection) were employed to refine predictive models and enhance inter-
pretation by identifying the most relevant and low-dimensional imaging features.

• This study focuses on the growing role of AI-driven radiomics in precision oncology,
offering a non-invasive alternative to determine MGMT status in patients with GBM.

2. Materials and Methods
In this subsection, we give a brief overview of the feature selection and feature weight-

ing scheme utilized, including a general description of the dataset and methodologies used.

2.1. Dataset

We employed the dataset from UPenn-GBM (n = 671), focusing on the patients for
whom methylation status was available (97 methylated and 49 unmethylated), n = 146, as
downloaded from the TCIA website [18].

2.2. Image Preprocessing

The image preprocessing pipeline consists of image registration, brain extraction, and
tumor subregion segmentation, following the procedures outlined by Bakas et al. [18].
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All multiparameter MRI images are resampled to a 1 mm3 isotropic resolution and
rigidly registered to the T1-Gd image. To further refine alignment, a greedy diffeomorphic
registration method is applied to the rigidly co-registered MRI images [19]. Brain extraction
is then performed to remove non-brain tissues, isolating the cerebrum and cerebellum
from the skull using the Brain Mask Generator (BrainMaGe) (University of Pennsylvania,
Philadelphia, PA, USA), a deep learning (DL) generalizable brain extraction (skull-stripping)
tool explicitly implemented for the operations in brain MRI scans was employed [20].

2.3. Tumor Segmentation

We employed top-performing deep learning methods from the MICCAI BraTS Chal-
lenge for tumor segmentation. Tumor subregion segmentation was performed using three
top-ranked Brain Tumor Segmentation initiative (BraTS) methods: DeepMedic [21], Deep-
SCAN [22], and nnU-NET [23] to segment the tumor into three subregions: enhancing
tumor (ET), necrotic tumor core (NCR), and peritumoral edematous tissue (ED) (Figure 1).
These subregions are segmented using conventional structural MRI modalities, including
T1, T1-Gd, T2, and T2-FLAIR weighted images. A label fusion technique integrates outputs
from multiple methods to enhance segmentation accuracy. The final segmentation results
are manually reviewed by experienced radiologists for validation.

 

Figure 1. Tumor subregion segmentation based on T1 gadolinium-enhanced MRI, T2, FLAIR, and T1
and T2 sequences, illustrating enhancing tumor (ET) (blue), peritumoral edematous/infiltrated tissue
(ED) (yellow), and necrotic tumor core (NCR) (green).

2.4. Feature Extraction

Following tumor subregion segmentation, radiomic features are extracted from all
MRI modalities to quantify imaging characteristics for each subregion [24]. These features
are subsequently used for MGMT promoter methylation status classification.

One hundred and forty-four radiomic features are computed for each annotated
subregion (Table 1, Figure 2). The total number of features is 144 (Table 1) × 11 (Table 2) ×
3 (Figure 1), for a total of 4752 features.
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Table 1. Extracted radiomic features for each annotated subregion. Bold text shows the feature-related titles.

Feature Type (Category) Feature Description Radiomic Features (n = 144)

Intensity-based features Capture first-order
intensity statistics 20

Histogram-related features

Describe the intensity range
and distribution of gray-level

pixel intensities within
each subregion

61

Volumetric features Measure area and volume 2

Morphological features Capture various shape metrics 19

Texture descriptors
Represent local variation and

spatial dependence of
image intensities

Gray-Level Co-occurrence
Matrix (GLCM) features 8

Gray-Level Run-Length
Matrix (GLRLM) features 10

Gray-Level Size Zone Matrix
(GLSZM) features 18

Neighborhood Gray-Tone
Difference Matrix

(NGTDM) features
5

Local Binary Pattern
(LBP) feature 1

Table 2. Imaging sequences analyzed.

Imaging Sequences (n = 11)
T1 pre-contrast

T1 post-contrast (T1Gd)

T2 weighted

FLAIR

DSC (perfusion)—rCBV map

DSC—rCBF map

DSC—PSR map

DTI—FA map

DTI—MD map

ADC map (from DWI)

SWI (susceptibility-weighted imaging)
T1Gd (T1 Gadolinium), FLAIR (Fluid-Attenuated Inversion Recovery), DSC (Dynamic susceptibility contrast),
rCBV (relative cerebral blood volume), rCBF (regional cerebral blood flow), PSR (percentage signal recovery), FA
(fractional anisotropy), MD (mean diffusivity), ADC (apparent diffusion coefficient), DWI (diffusion weighten
imaging), SWI (susceptibility weighted imaging).
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Figure 2. Distribution of extracted radiomic features by feature subtype before feature selection and
feature weighting.

2.5. Feature Selection
Utilized Scheme for Feature Selection and Weighting

We generally adopted our previous feature selection and weighted methodology,
namely, MGMT ProFWise [25], on the MGMT-based imaging dataset. Our employed
architecture includes two essential steps: feature selection (FS) and weighting (FW) [25,26].
These stages combine the popular and efficient two feature subset selection methods:
Minimum Redundancy Maximum Relevance (mRMR) and Least Absolute Shrinkage and
Selection Operator (LASSO). The detailed schematic diagram is illustrated in Figure 3.

Initially, using a machine learning model and cross-validation method, every radiomic
feature obtained from the feature extraction phase is considered a candidate predictor of
the feature selection (FS) stage. For each fold, the related feature subsets chosen by the
two FS techniques are stored in variables, and the counts of selected features are aggregated
based on the weights. Subsequently, the weight-based feature list is reviewed using all
weight values, with higher accuracy values indicating more significant importance. Finally,
the definitive feature list is created by assessing all weight values and identifying those
that yield the highest performance score (i.e., the accuracy rate) with the Support Vector
Machine (SVM) model. To investigate this employed methodology, please see the articles
from Tasci et al. [25–27].
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Figure 3. The overview of the employed feature selection and weighted methodology for MGMT
promoter status classification based on imaging features.

3. Results
This section presents the experimental process and explains the performance metric

employed. The computational results are also given in the following subsections.

3.1. Experimental Process

The proposed methods are implemented in Python 3.9, utilizing the scikit-learn pack-
age [28] for LASSO regression and classification and the mRMR package for feature se-
lection [29]. The programs run on a DELL Precision Tower Workstation T7910, equipped
with a 20-core 2.20 GHz Xeon CPU and 64 GB of memory, under the Ubuntu 20.04 Linux
operating system. After testing various parameter combinations, the optimal performance
is achieved using the following settings: a LASSO alpha value of 0.05, a LASSO weighting
coefficient of 2.0, an mRMR weighting coefficient of 1.0, and a subset feature selection
threshold of 3.0.

3.2. Performance Metric

To evaluate the effectiveness of the combined feature selection and weighting method
utilized for MGMT classification, we employed the classification accuracy rate (ACC) for
the machine learning operations.
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For the classification process, the accuracy rate was calculated by taking the total of
true positives and true negatives and dividing it by the overall number of instances, which
also includes false negatives and false positives [30], as given in Equation (1).

ACC =
TP + TN

TP + TN + FP + FN
(1)

TP, FN, TN, and FP denote the counts of true positives, false negatives, true negatives, and
false positives, respectively.

3.3. Computational Results

In this study, we evaluated the effects of using the no feature selection method, only
using individual feature selection (i.e., LASSO and mRMR), and combining the feature
selection method with the weighting strategy. The detailed computational results are given
in Table 3, along with the accuracy rate of each cross-validation fold. The best result in
Table 3 was obtained with a mean accuracy rate value of 81.6% by utilizing 101 selected
features (Supplemental File S1) and a minimum weight number of 3, assigning LASSO
weight to 2 and mRMR weight to 1. The total number of selected features is one hundred
and one, including sixteen intensity features, forty histogram-based features, seventeen
morphologic features, five GLCM features, one GLRLM feature, and twenty-two GLSZM
features. The distribution of extracted radiomic features (%) prior to feature selection and
weighting and after this process is illustrated in Figure 4. When hybrid feature selection
and weighting are applied to the imaging dataset, the best possible outcome is a significant
performance improvement in the classification accuracy rate. We also calculated the AUC
(area under the ROC curve), sensitivity, and specificity results after feature selection and
weighting operation. The mean AUC, sensitivity, and specificity values are obtained as
0.760, 0.927, and 0.593, respectively.

Table 3. Performance results prior to feature selection (FS) with LASSO, mRMR, and post-feature weighting.

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean
Before FS 0.667 0.69 0.655 0.655 0.586 0.651
LASSO 0.533 0.724 0.655 0.655 0.552 0.624
mRMR 0.667 0.69 0.69 0.655 0.448 0.630

Feature Weighting 0.767 0.862 0.828 0.931 0.69 0.816

3.4. Identified Features

The dimensionality reduction process impacted the relative contribution of different
feature groups in the final predictive model (Figure 4). Histogram-related features were the
most prevalent before and after feature selection at nearly 40% of all features, indicating
their strong discriminative power in predicting MGMT status. While their proportion
slightly decreased post-selection from 42% to 40%, they remained dominant, suggesting
their robust contribution to classification performance. Intensity-based features showed a
minor increase from 14% to 16% in representation after feature selection, reflecting their
importance in capturing first-order intensity statistics relevant to MGMT methylation
status. Volumetric features, initially contributing a small fraction (1.4%), were primarily
removed after feature selection, indicating their limited predictive value in this context.
Morphological features experienced a notable increase in representation after selection
(13% vs. 17%), suggesting that shape-based metrics provide relevant discriminatory in-
formation for MGMT status. Textural features exhibited varied effects with Gray-Level
Co-occurrence Matrix (GLCM) features decreasing, implying that specific second-order
statistical patterns were redundant or less informative. Gray-Level Run-Length Matrix
(GLRLM) and Neighborhood Gray-Tone Difference Matrix (NGTDM) features were ab-
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sent in the final feature set, suggesting limited relevance in the final model prediction.
Gray-Level Size Zone Matrix (GLSZM) features substantially increased from 13% to 22%,
indicating that zone-size-based textural variations are crucial in the classification. Lo-
cal Binary Pattern (LBP) features remained at a minimal contribution both before (0.7%)
and after feature selection (0%), reinforcing their low relevance in MGMT status predic-
tion. The identified features were ranked according to importance (Supplementary File
S1). “DSC_PSR_ET_GLCM_Bins.16_Radius.1_Contrast” was the top identified feature.
DSC_PSR refers to Dynamic Susceptibility Contrast (DSC) imaging, and PSR stands for
Percent Signal Recovery, a perfusion parameter that can reflect vascular integrity and per-
meability. ET indicates that the feature is extracted from the enhancing tumor region (the
part of the tumor that enhances after contrast injection, which is typically the most aggres-
sive part in glioblastoma), while the GLCM (Gray-Level Co-occurrence Matrix) captures
texture or how pixel intensities relate to each other spatially. Bins.16 refers to the number of
gray levels the image is quantized into (16 levels), and Radius.“1” indicates the spatial scale
examining neighboring voxel interaction within a 1-voxel radius. “Contrast” is a GLCM
feature that quantifies the intensity difference between neighboring voxels, with higher
contrast indicating sharper transitions between voxels. The second most significant feature
was “DSC_ap.rCBV_ET_GLCM_Bins.16_Radius.1_ClusterShade“. This feature is related
to relative cerebral blood volume (rCBV) and shares the GLCM, Bins.16, and Radius.1
with the previous feature. “ClusterShade,” the actual feature, indicates irregularity or the
difference between more uniform and more heterogeneous textures. Each feature is defined
in PyRadiomics [24].

 

Figure 4. The distribution of extracted radiomic features (%) prior to feature selection and weighting
(blue) and after (orange).
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4. Discussion
The non-invasive prediction of MGMT status using radiomics has significant clinical

implications given that MGMT promoter methylation status is a key prognostic and pre-
dictive biomarker in GBM [31–33]. The ability to predict MGMT status using imaging as
opposed to relying on tumor tissue given sample, cost, and timing constraints has been of
critical interest in neuro-oncology [6,14,34]. The current study demonstrates the potential
of radiomics-based prediction of GBM, achieving an overall accuracy of 81.6% using feature
selection and feature weighting techniques, which aligns favorably with previous studies
with accuracy ranging between 70% and 90% [13,15]. The use of feature selection and
feature weighting contributed significantly to model optimization, with overall feature
reduction from 4752 to 101 features, including 16 intensity features, 40 histogram-based
features, 17 morphologic features, 5 GLCM features, 1 GLRLM feature, and 22 GLSZM fea-
tures. Interestingly, several feature types grew in importance, notably Gray-Level Size Zone
Matrix (GLSZM) features, morphological features, and intensity-based features. By contrast,
volumetric features, NGTDM, and LBP features were not present in the final feature set,
indicating a lesser importance in MGMT prediction overall. Histogram-related features
comprised nearly 40% of all features and were sustained with feature selection and weight-
ing. The top identified feature was “DSC_PSR_ET_GLCM_Bins.16_Radius.1_Contrast”
and may represent an association with MGMT molecular classification by interrelating
contrast enhancement and signal recovery, a perfusion parameter reflecting both vascular
integrity and vascular permeability, both clinically relevant and biologically interpretable
in GBM. ET indicates that the feature is extracted from the enhancing tumor region, which
is generally seen as the most aggressive component of GBM. Interestingly, the GLCM
(Gray-Level Co-occurrence Matrix), which examines texture and differences in how pixel
intensities relate to each other spatially, may indicate a relationship to tumor heterogeneity.
MGMT unmethylated tumors exhibit more significant heterogeneity than MGMT methy-
lated tumors. This aspect may also be reflected in the second most significant feature
“DSC_ap.rCBV_ET_GLCM_Bins.16_Radius.1_ClusterShade”, which captures intervoxel
heterogeneity and relative cerebral blood volume. This aspect may relate to angiogenesis in
GBM, with MGMT unmethylated tumors possibly exhibiting a higher level of angiogenesis
as compared to MGMT methylated tumors, as reflected in angiogenesis pathways and
glioma subtypes overall [35]. Other studies have also identified second-order statistical
textural features, including GLSZM and GLRLM, supporting the critical aspect of cap-
turing heterogeneity related to MGMT methylation status in GBM [36]. In the present
study, GLSZM features represented the one feature category with the most increase in
representation following feature selection and weighting, in keeping with the importance
of this feature set in MGMT prediction, as supported by other studies [36].

One of the critical improvements in the current approach is the application of feature
selection and weighting to prioritize features, refining the model’s predictive power, en-
hancing generalizability, and mitigating overfitting. Many radiomics-based studies suffer
from the high-dimensionality problem, where many extracted features can introduce noise
and reduce model interpretability. The feature weighting further refined the contribution
of each selected feature, ensuring that highly informative features had a more significant
impact on classification while reducing the influence of less relevant ones. Our model’s
performance is competitive compared to prior studies utilizing conventional machine learn-
ing approaches. Previous studies using handcrafted radiomics features combined with
machine learning models (SVMs and random forest) have reported AUC values ranging
from 0.75 to 0.90 [15,36,37]. Deep learning-based models have achieved slightly higher
accuracy in some cases but rely on large training datasets and computational resources,
which remains challenging since there is a paucity of large, annotated imaging sets in
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GBM. Guo et al. [15] proposed a Cascaded Data Processing Network (CDPNet), combining
several approaches to estimate MGMT methylation from MRI and achieving an accuracy
rate of 70.11% with ten-fold cross-validation. Using deep learning-based methods with
different network architectures, another study [13] predicted MGMT methylation status
with a mean AUC of 0.6309 with five-fold cross-validation. Shahzad et al. [16] obtained
a 96.84 ± 0.09% accuracy rate using different types of radiomics features and ten-fold
cross-validation, while Farzana et al. [17] obtained an area under the curve (AUC) of 0.718
using a CNN with Bayesian-optimized hyperparameters.

The present methodology effectively leverages feature selection to optimize compu-
tational efficiency by employing three top-performing deep learning methods from the
MICCAI BraTS Challenge (DeepMedic [21], DeepSCAN [22], and nnU-NET [23]) to seg-
ment the tumor into three subregions. The label fusion technique was employed to improve
segmentation precision, providing an advantage by combining multiple segmentation out-
puts, enhancing accuracy and robustness. In contrast to deep learning-based segmentation
models, which can be prone to overfitting or domain-based biases, label fusion integrates
results from various methods to establish a consensus segmentation solution, minimizing
errors from individual segmentation models. Additionally, it provides computational
efficiency, making it suitable for different scenarios where deep learning models demand
substantial training data and processing resources [38].

The current study does suffer from several limitations, which include the retrospective
nature of the data and the small number of patients with known MGMT status in public
data, including, in this case, the UPenn-GBM/TCIA data, where MGMT status is known
in 22% (n = 146) of the cohort. While the predictive model exhibited a robust classifi-
cation performance when applied to the dataset, it requires validation in independent
datasets. Validation efforts in several studies have been hampered by the heterogeneity
of MRI protocols across institutions, limiting generalizability. We performed five-fold
cross-validation to demonstrate model stability and strengthen the robustness and general-
izability of the results. Additional explanations of the limitations and possible solutions can
be obtained from [39]. Future directions include using deep learning-based radiomics ap-
proaches and integrating clinical, proteomic, and metabolomic data to improve predictive
accuracy further.

5. Conclusions
In the current study, we proposed a novel method for MGMT methylation status

classification in GBM by employing radiomic features in MRI scans as a non-invasive
approach for obtaining MGMT promoter methylation status. The approach achieved high
accuracy (81.6%) using feature selection and weighting with interpretable performance
improvement superior or comparable to contemporary data, suggesting a promising ability
to predict MGMT status using standard brain MRI. While the current results require further
validation in independent datasets, the method presented here could significantly impact
the clinical management and survival of GBM patients. Our key findings demonstrate
why external validation is a fundamental step and one of the limitations of our study. This
can be useful for improving the results and ensuring model effectiveness for real-world
implications (e.g., reliability or reducing biased outcomes) of the research. As MGMT
methylation data annotation is growing, retrospective imaging where MGMT status was
obtained may allow for further analysis and examination of the mechanistic interplay
between omic signals, imaging appearance of GBM, and outcomes.
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Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/diagnostics15101292/s1, Supplementary File S1: Identified features
and weighting of each feature after feature selection and weighting.

Author Contributions: Conceptualization, A.V.K., Y.Z. and E.T.; methodology, E.T. and Y.Z.; software,
Y.Z.; investigation, A.V.K., E.T. and Y.Z.; data curation, A.V.K., E.T., Y.Z., L.Z., H.N., J.Y.C. and R.W.M.;
writing—original draft preparation, A.V.K., E.T. and Y.Z.; writing—review and editing, A.V.K., E.T.,
Y.Z., L.Z., H.N., J.Y.C. and R.W.M.; visualization, A.V.K., E.T. and Y.Z.; supervision, A.V.K. and K.C.;
project administration, A.V.K.; funding acquisition, A.V.K. and K.C. All authors have read and agreed
to the published version of the manuscript.

Funding: Funding is provided in part by the NCI NIH intramural program (ZID BC 010990).

Institutional Review Board Statement: The data employed in the present study is publicly available
and exempt from institutional review. Additional ethical review and approval were waived for this
study, given the use of publicly available data employed.

Informed Consent Statement: Patient consent was obtained per the publicly available dataset
specifications of the UPenn dataset.

Data Availability Statement: Publicly available datasets from the University of Pennsylvania
glioblastoma (UPenn-GBM) cohort were analyzed in this study. This data can be found here:
[https://www.cancerimagingarchive.net/collection/upenn-gbm/ (accessed on 15 May 2025)].

Conflicts of Interest: The authors declare that they have no conflicts of interest.

Abbreviations

AI Artificial Intelligence
AUC Area Under the ROC Curve
BraTS Brain Tumor Segmentation
CaPTk Cancer Imaging Phenomics Toolkit
CET Contrast-Enhancing Tumor
CNS Central Nervous System
DSC Dynamic Susceptibility Contrast
ED Peritumoral Edema
ET Enhancing Tumor
FLAIR Fluid-Attenuated Inversion Recovery
GBM Glioblastoma
LASSO Least Absolute Shrinkage and Selection Operator
MGMT O6-Methylguanine-DNA Methyltransferase
MRMR Minimum Redundancy Maximum Relevance
MRI Magnetic Resonance Imaging
NCR Necrotic Tumor Core
PSR Percent Signal Recovery
RBF Radial Basis Function
rCBV Relative Cerebral Blood Volume
SVM Support Vector Machine
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