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Abstract

Background: Accurate histological grading of gliomas, distinguishing low-grade (LGG)
from high-grade (HGG) lesions, remains a critical determinant of treatment planning and
patient prognosis. This study systematically investigates the optimal combination of
structural MRI sequences, pretrained convolutional neural network (CNN) architectures,
and supervised classifiers for automated glioma grade classification. Methods: Deep fea-
tures were extracted from four MRI sequences (T1, contrast-enhanced T1 (T1Gd), T2, and
FLAIR) from the BraTS 2023 dataset using five pretrained CNNs: VGG16, ResNet50,
DenseNet121, EfficientNetB0, and InceptionV3. Features were refined via LASSO selec-
tion and classified using Random Forest, Support Vector Machine, XGBoost, Gradient
Boosting, k-Nearest Neighbors (KNNs), and a shallow deep neural network. A patient-
level 80/20 training—test partition was employed, with five-fold cross-validation used
within the training set for feature selection and hyperparameter optimization. A total of
120 modality—extractor—classifier configurations were benchmarked on the held-out test
set. Results: InceptionV3-derived features paired with KNN classifiers consistently
yielded superior performance. Based on a TOPSIS multi-criteria ranking integrating accu-
racy, precision, recall, F1-score, and AUC, the best-performing configuration combined
T1Gd features with KNN (closeness coefficient = 0.971; accuracy = 0.975, precision = 0.997,
recall = 0.948, Fl-score = 0.969, AUC = 0.996). The second-ranked configuration, using T1
features with KNN (closeness coefficient = 0.962), achieved significantly higher accuracy,
recall, and F1-score, despite its slightly lower composite ranking. Conclusion: Deep fea-
ture extraction using InceptionV3 from T1-weighted MRI, coupled with KNN classifica-
tion, represents a promising and practical approach for slice-level glioma grading and
merits further validation in prospective clinical cohorts.

Keywords: artificial intelligence; magnetic resonance imaging; glioma grade classification;
deep learning; transfer learning
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1. Introduction

Gliomas are the most common primary brain tumors, and the World Health Organ-
ization (WHO) classifies them into grades 1-4 based on histopathological and molecular
features [1]. Grades 1-2 are generally considered low-grade gliomas (LGGs), while grades
3—4 are high-grade gliomas (HGGs), with grade 4 (glioblastoma) associated with the poor-
est prognosis [2]. Accurate grading plays an important role in determining appropriate
treatment strategies and supporting clinical decision-making. Clinically, glioma grade
classification largely relies on visual interpretation of multimodal magnetic resonance im-
aging (MRI) image weights (T1, T1 post-contrast enhancement (T1Gd); T2, fluid-attenu-
ated inversion recovery (FLAIR)) in combination with pathology diagnosis, a process that
is time-consuming and susceptible to sampling errors and procedural complications [3,4].

In recent years, there has been growing interest in applying artificial intelligence (AI)
to medical sciences, particularly in medical image analysis [5-7]. Prior work in radiomics
and deep learning (DL) has demonstrated that machine learning (ML) and deep learning
(DL) models applied to MRI sequences can noninvasively predict glioma grade [8-10]. A
survey study conducted by Gao et al. [11] reported that radiomic features extracted from
the peritumoral edema region in T2-weighted MRI images play an important role in gli-
oma prognosis. However, these approaches still face several limitations, including poor
reproducibility across imaging protocols, reliance on large annotated datasets, vulnera-
bility to small sample sizes, and limited clinical interpretability [12-14]. Transfer learning
(TL) offers a promising solution by leveraging pretrained models to reduce data require-
ments, improve generalizability across institutions, and enhance computational efficiency
while maintaining diagnostic accuracy [15]. Furthermore, many DL-based glioma grading
methods [16,17] rely on accurate tumor segmentation, which is time-consuming, prone to
variability, and dependent on expert annotation. Although segmentation can help focus
the model on tumor regions, it introduces an additional step that may affect workflow
efficiency. Glioma grade classification approaches using MRI image slices eliminate this
dependency by allowing models to learn tumor features along with relevant contextual
information directly from full MRI scans. Recent studies [18-21] have shown that such
methods can achieve reliable performance, making them a practical alternative for glioma
grade classification. Therefore, in this study, we adopt an approach based on different
MRI image weights combined with TL to develop an efficient and robust framework for
LGG/HGG classification.

TL is especially useful in medical imaging tasks where labeled data are limited, as it
allows models to reuse robust feature representations learned from large-scale datasets,
reducing overfitting and training complexity. Consequently, TL has become a widely ex-
plored approach for glioma grade classification. Recent work [19] has established a two-
stage TL paradigm where pre-trained convolutional neural networks (CNNs) (e.g., Res-
Net) serve as image feature extractors, with the extracted features then used to train dif-
ferent ML classifiers (e.g., Random Forest (RF) and Support Vector Machine (SVM)) for
glioma grading. Many attempts have been made [22] to use different pretrained networks,
such as VGG, ResNet, Inception, and others, as image feature extractors in glioma grade
classification. On the other hand, an increasing number of studies have examined the im-
pact of different ML and DL classifiers on glioma grade classification. Surveys conducted
by previous studies [23,24] have shown the significant impact of MRI sequence selection
on glioma grade classification.

Motivated by the variability of glioma imaging biomarkers across structural MRI se-
quences and the complementary strengths of deep learning and machine learning, this
study introduces a comprehensive and systematic evaluation framework for glioma grade
classification that addresses several critical yet underexplored gaps in the existing litera-
ture. Despite the widespread adoption of multimodal MRI in glioma grading, the
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independent discriminative contribution of individual MRI weightings to classification
performance remains largely uninvestigated, as the overwhelming majority of existing
studies employ multiple sequences simultaneously as a combined input rather than eval-
uating each weighting independently [25-28]. This fundamental limitation obscures the
specific informational value of each MRI contrast for glioma grade differentiation and hin-
ders the development of streamlined, resource-efficient clinical workflows. Furthermore,
the comparative performance of different pretrained CNN architectures used as fixed fea-
ture extractors, combined with various machine learning classifiers, has not been system-
atically evaluated within a unified pipeline that uses the entire MRI image, rather than
segmented tumor boundaries, for feature extraction and classification. Consequently, the
optimal configuration for this clinically important task remains unclear.

To address these gaps, the present study makes the following novel contributions.
First, we systematically and independently evaluate four individual structural MRI
weightings (T1, T2, FLAIR, and T1Gd) to quantify the unique discriminative capacity of
each sequence for glioma grade classification. Second, we comprehensively benchmark
five pretrained CNN architectures (VGG, ResNet, Inception, DenseNet, and EfficientNet)
as fixed feature extractors across six machine learning classifiers (RF, SVM, XGBoost, Gra-
dient Boosting, KNN, and DNN)), yielding a total of 120 distinct pipeline configurations
evaluated under a unified framework. Third, a dedicated ablation study is conducted us-
ing TOPSIS-based closeness coefficient analysis to quantitatively and transparently assess
the independent contribution of each pipeline component to overall classification perfor-
mance. To the best of our knowledge, this represents the first study to systematically in-
vestigate and benchmark such a comprehensive range of MRI weighting, CNN architec-
ture, and classifier combinations within a single glioma grading framework, providing
quantitative and clinically meaningful insights into the optimal pipeline configuration for
this task.

2. Materials and Methods

This study proposes a comprehensive deep learning-based framework for the classi-
fication of LGG and HGG using the Brain Tumor Segmentation 2023 (BraTS 2023) MRI
dataset. To enhance data diversity and mitigate overfitting, image augmentation tech-
niques were applied during the preprocessing stage. Pretrained CNNs, including VGGI16,
ResNet50, InceptionV3, DenseNet121, and EfficientNet-B0, were employed as feature ex-
tractors, leveraging transfer learning to capture high-level discriminative representations
from the MRI images. The extracted deep features were subsequently subjected to feature
selection using the Least Absolute Shrinkage and Selection Operator (LASSO) to reduce
dimensionality and retain the most informative features. The selected features were then
used to train and evaluate multiple classification models, including tuned RF, SVM,
XGBoost, Gradient Boosting, KNN, and a simple DNN. An overall workflow diagram,
Figure 1, was designed to visually illustrate the sequential stages of the proposed meth-
odology, from data loading and feature extraction to feature selection and final classifica-
tion.

2.1. Magnetic Resonance Imaging (MRI) Data Set

The present study utilized the BraTS 2023 dataset (https://www.synapse.org/Syn-
apse:syn64952532,  https://www.kaggle.com/datasets/bkb2024/brats-2023-training, ac-
cessed on 10 January 2024), a widely recognized benchmark for the evaluation of brain
tumor segmentation and classification algorithms. Ground-truth glioma grade labels
(LGG/HGG) were not distributed as part of the BraTS 2023 release itself. As the BraTS
2023 dataset incorporates cases shared across earlier BraTS challenges, including BraTS
2021, in which glioma grade labels were provided, grade labels for the corresponding
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subjects in this study were obtained by matching subject IDs between the BraTS 2023 gli-
oma (GLI) cohort and the previously released BraTS 2021 labeled cases. Only subjects for
which a validated LGG/HGG label could be retrieved through this matching procedure
were included in the present analysis. This multi-institutional dataset comprises pre-op-
erative MRI scans acquired using four imaging modalities: T1, T1Gd, T2, and FLAIR. The
dataset includes a heterogeneous cohort of patients diagnosed with LGGs and HGGs,
along with expert-provided annotations delineating the enhancing tumor, peritumoral
edema, and necrotic or non-enhancing tumor core regions.

Load MRI images and image Feature Feature Glioma grade
image augmentation extraction selection Classification
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Figure 1. Overview of the proposed LGG/HGG classification framework. The workflow illustrates
the sequential stages of the methodology, including input MRI images from the BraTS 2023 dataset,
image augmentation, deep feature extraction using pretrained CNN models (VGG16, ResNet50, In-
ceptionV3, DenseNet121, and EfficientNet-B0), feature selection via the Least Absolute Shrinkage
and Selection Operator (LASSO), and final classification using tuned machine learning classifiers
(Random Forest, Support Vector Machine, XGBoost, Gradient Boosting, k-Nearest Neighbors) and
a deep neural network (DNN).

Prior to public release, the BraTS dataset underwent a standardized and rigorous
preprocessing pipeline, including image co-registration, spatial resolution normalization,
and skull stripping, to ensure data homogeneity and suitability for quantitative analysis.
Following data acquisition, the MRI sequences (T1, T1Gd, T2, and FLAIR) were organized
according to tumor grade, resulting in separate LGG and HGG groups for subsequent
analysis.

Two cases from the BraTS 2023 dataset were excluded from the analysis due to the
presence of imaging artifacts, such as Gibbs ringing and truncation effects, as identified
by an experienced MRI expert. Consequently, a total of 400 glioma subjects were included
in this study, consisting of 324 high-grade glioma (HGG) cases (81%) and 76 low-grade
glioma (LGG) cases (19%). Following patient-level 80/20 splitting, the training set com-
prised 259 HGG patients and 60 LGG patients (319 patients total), while the held-out test
set comprised 65 HGG patients and 16 LGG patients (81 patients total). Following data
preparation and the application of image augmentation techniques, a total of 5145 two-
dimensional images per MRI modality (T1, T2, FLAIR, and T1Gd) were used for training
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across both glioma grades, with 41.59% corresponding to LGG and 58.41% to HGG cases.
The held-out test set, augmented using the same class-specific strategy, comprised 1029
two-dimensional images per MRI modality (601 HGG and 428 LGG). This strategy en-
sured adequate representation of both tumor grades and all imaging sequences, support-
ing robust model training and evaluation.

2.2. Image Augmentation

In order to enhance the robustness and generalization capability of the proposed
LGG/HGG classification framework, data augmentation was adopted. Spatial and inten-
sity-based transformations were imposed on 2D MRI slices during training in order to
increase data diversity and reduce overfitting. Spatial augmentations involved random
rotations within +10°, while performing horizontal and vertical flipping with a probability
of 0.5, in addition to random translations of up to 5 pixels in each direction. Furthermore,
intensity-based augmentations-such as brightness and contrast variations within a +10%
range-were employed to account for the variability in MRI acquisition protocols. All aug-
mentation operations were adopted in a controlled manner to maintain the underlying
anatomical structures as well as tumor-related features. These data augmentation tech-
niques were implemented using the ImageDataGenerator class from the Python library
Keras (version 2.13.1).

2.3. Pre-Trained Networks

Five state-of-the-art pretrained networks, VGG, ResNet, Inception, DenseNet, and
EfficientNet, were adopted as feature extractors in this study to evaluate their efficacy in
capturing discriminative image features for glioma grade classification. Because these pre-
trained architectures require specific input dimensions, all MRI scans were resized to
match the expected input size of each model. To enable task-independent deep feature
extraction and to minimize overfitting, the fully connected layers (the last layers of the
architecture) of all pretrained networks were excluded, while only the convolutional lay-
ers were preserved. The retained convolutional layers are responsible for learning hierar-
chical and spatially informative feature representations that are largely transferable across
different tasks.

A pretrained VGG-16 model [29] with ImageNet was used as a feature extractor by
removing the fully connected layers to generate 7 x 7 x 512 deep feature maps for glioma
grade classification. Details of the architecture are presented in Figure 2.
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14x14x512
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TxTx512
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Figure 2. The VGG-16 convolutional neural network employed as a feature extractor. Features from

the final convolutional layers were extracted and used as input for machine-learning classifiers.

ResNet-50 employs residual learning with skip connections and bottleneck blocks to
enable deep feature extraction; in this study, a pretrained ImageNet-based ResNet-50 [30]
was used as a feature extractor by removing the final fully connected layer, as illustrated
in Figure 3.
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Figure 3. Architecture of the ResNet-50 model used for feature extraction in glioma grade classifi-
cation. (A) Overview of the complete ResNet-50 architecture. (B) Detailed illustration of the stem
block, consisting of the initial convolution and pooling layers. (C,D) Representative convolutional
(residual) blocks employed in the ResNet-50 architecture, demonstrating the bottleneck structure

and skip connections used for deep feature learning.

Inception-v3 [31] employs parallel multi-scale convolutions and factorized kernels to
achieve computationally efficient deep feature extraction; in this study, a pretrained
ImageNet-based Inception-v3 was used as a feature extractor by removing the final fully
connected layer, as illustrated in Figure 4 (with detailed block structures provided in Sup-
plementary Figures S1-S3).

DenseNet-121 [32] employs dense connectivity to enhance feature reuse and gradient
flow across four dense blocks; in this study, a pretrained ImageNet-based DenseNet-121
was used as a feature extractor by removing the final fully connected layer for LGG/HGG
classification, as shown in Figure 5.

EfficientNet-B0 [33] employs compound scaling with MBConv and squeeze-and-ex-
citation blocks to achieve efficient deep feature extraction; in this study, a pretrained
ImageNet-based EfficientNet-BO was used as a feature extractor by removing the final
fully connected layer for LGG/HGG classification, as illustrated in Figure 6.
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Figure 4. Inception-V3 architecture used for feature extraction in glioma grade classification. Over-

view of the complete Inception-V3 network architecture. Detailed representation of the stem block
and Inception Block-A used within the network. The detailed structures of Inception Blocks-B and
-C, as well as Reduction Blocks-A and -B, are provided in the Supplementary Material.
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Figure 5. DenseNet-121 architecture used for feature extraction in glioma grade classification. Over-

view of the complete DenseNet-121 network architecture. Different Dense blocks illustrating the

dense connectivity pattern among convolutional layers are presented. Transition layer showing the

1x1 convolution and pooling operations used to reduce feature map dimensions between dense

blocks.
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Figure 6. EfficientNet-B0 architecture used for feature extraction in glioma grade classification. The
figure presents the overall network structure, including the convolutional layer and successive
MBConv blocks with squeeze-and-excitation modules, illustrating how spatial resolution is pro-

gressively reduced while feature depth is increased for efficient and scalable feature learning.

2.4. Feature Selection

For feature selection, the Least Absolute Shrinkage and Selection Operator (LASSO)
[34] was employed, as it is a well-established regularization technique capable of perform-
ing simultaneous coefficient shrinkage and feature selection. Prior to LASSO fitting, all
extracted deep features were standardized using z-score normalization (StandardScaler),
ensuring comparable feature scales and stable regularization behavior. Both the standard-
ization and LASSO fitting procedures were performed exclusively on the training set; the
fitted scaler and selected feature set were then applied to the held-out test set without
refitting, preventing information leakage from the test data into the feature selection pro-
cess.

By incorporating an L1 regularization penalty, LASSO promotes sparsity in the
model coefficients, thereby enabling the identification of the most informative features
while suppressing redundant and noisy variables. In this study, LASSO was applied with
five-fold cross-validation (CV = 5) to determine the optimal regularization parameter, en-
suring a robust and unbiased feature selection process. To ensure reproducibility and sta-
ble convergence, the model was configured with a fixed random seed (random_state = 42)
and a maximum of 10,000 iterations (max_iter = 10,000). This feature selection strategy
effectively reduced the dimensionality of the extracted deep feature sets while preserving
the most discriminative features relevant for glioma LGG/HGG classification.

2.5. Classifiers

In this study, we evaluated multiple classifiers for glioma grade classification into
LGG and HGG across different MRI weightings. These included conventional machine
learning methods such as RF, SVM, XGBoost, GB, and KNN, alongside a custom DNN.
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The DNN architecture comprised sequential dense layers (512, 256, 128, and 64 neuron
units) with ReLU activation, interspersed with Dropout layers (0.3, 0.3, 0.2, 0.2) to mitigate
overfitting. The final layer utilized a 2-neuron-unit dense layer with SoftMax activation to
output probabilistic predictions for binary glioma grade classification. The DNN model
was trained using the Adam optimizer (learning rate = 0.001) and the ‘categorical cross-
entropy’ loss function over 500 epochs to optimize convergence while monitoring valida-
tion performance for early stopping. This comparative framework allowed us to assess
the synergistic effects of deep feature extraction and diverse classification paradigms, bal-
ancing interpretability (traditional ML) and hierarchical learning (DNN) for optimized
diagnostic performance.

In this study, we implemented a hyperparameter optimization strategy that com-
bined Grid Search and Randomized Search cross-validation to improve the performance
of the glioma grade classification models. Grid Search was applied to models with smaller
and computationally manageable parameter spaces, including RF, SVM, KNN, and GB.
For models with larger and more complex search spaces, such as XGBoost, we used Ran-
domized Search with 50 iterations to efficiently sample from a broader set of possible con-
figurations. All optimization procedures were performed using 5-fold stratified cross-val-
idation with accuracy as the primary evaluation metric. The hyperparameter distributions
for all classifiers were defined using Python’s SciPy (V 1.16.1), Stats (V 0.1.2a) and scikit-
learn (V 1.7.1) libraries, as summarized in Table 1.

Table 1. Hyperparameter search and range settings for the glioma grade (LGG/HGG) classification
models. The table summarizes the parameters and their corresponding ranges used for hyperpa-
rameter tuning via Grid Search and Randomized Search cross-validation across different classifiers,
as implemented with 5-fold stratified cross-validation. Abbreviations: RF: Random Forest, SVM:
Support Vector Machine, XGBoost: Extreme Gradient Boosting, GB: Gradient Boosting, and KNN:
k-Nearest Neighbors.

Classifier =~ Search Method Hyperparameters & Ranges
XGBoost Randomized Search n_estimators [100, 200, 300]; max_depth [3, 5, 7]; learning_rate [0.01, 0.05, 0.1]; sub-
(50 iterations) sample [0.7, 0.9, 1]; colsample_bytree [0.7, 0.9,1]
RE Grid Search n_estimators [100, 0200, 300]; max_depth [none, 20, 40]; min_samples_split [2, 5];
min_samples_leaf [1, 2]; bootstrap [True, False]
SYM Grid Search C[0.01, 0.1, 1, 10, 100]; kernel (linear, RBF, polynomial); gamma [scale, auto, 0.001,

0.01]; degree [2, 3]
KNN Grid Search n_neighbors [3, 5, 7, 9, 11]; weights [uniform, distance]; metric [Euclidean, Manhattan]
n_estimators [100, 200, 300]; learning_rate [0.01, 0.05, 0.1]; max_depth [3, 5, 7]; sub-
sample [0.8, 1]

GB Grid Search

2.6. Grad-CAM

To visualize the image regions most influential to the model’s predictions, we em-
ployed Gradient-weighted Class Activation Mapping++ (Grad-CAM++) [35]. This method
generates class-specific localization heatmaps by leveraging the gradients of the target
class with respect to the final convolutional layer, thereby highlighting discriminative fea-
tures that contribute most to the classification decision without altering the original model
architecture.

2.7. Model Training and Evaluation

In this study, pretrained CNN architectures were utilized solely as fixed feature ex-
tractors, whereby their weights remained frozen throughout the process. No fine-tuning
of the CNN models was performed. Instead, the extracted deep features served as input
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to the machine learning classifiers, which were trained and optimized for LGG/HGG clas-
sification.

To prevent data leakage and ensure valid model evaluation, we implemented a strict
patient-level data partitioning approach. The dataset was divided into training (80%) and
testing (20%) sets at the patient level, ensuring that all 2D slices extracted from a given 3D
volume remained exclusively within one subset. This approach maintained independence
between training and testing data, as slices from the same patient are inherently correlated.
Subsequently, 2D tumor region images were extracted from the 3D volumes based on
segmentation masks. The BraTS segmentation masks were used only during prepro-
cessing to identify and select slices containing tumor tissue. These masks were not pro-
vided to the model as input and were not used for segmentation during training or infer-
ence. The training set was used for model development with 5-fold cross-validation, main-
taining patient-level assignments across folds. The test set was held out entirely during
training and used only for final performance evaluation, ensuring unbiased assessment of
the model’s generalization capability for LGG/HGG classification. The BraTS 2023 dataset
exhibits an inherent class imbalance between HGG and LGG cases, reflecting the true clin-
ical prevalence disparity between these glioma grades. To address this imbalance while
simultaneously increasing overall training sample size and improving model generaliza-
tion, data augmentation was applied independently and separately within each class
group, HGG and LGG, following strict patient-level splitting and tumor-containing slice
selection. This class-specific augmentation strategy served two simultaneous and comple-
mentary purposes: (1) increasing the representational diversity of the minority LGG class
to reduce the disparity between HGG and LGG sample counts within the training parti-
tion, thereby preventing systematic classifier bias toward the majority HGG class, and (2)
increasing the overall number of training samples to improve classifier optimization and
reduce the risk of overfitting. By applying augmentation independently within each class
after patient-level splitting, the integrity of patient-level data separation and the balance
between class representations were simultaneously preserved throughout the entire pipe-
line.

As patient-level partitioning was enforced prior to all subsequent processing steps,
augmented slices within each dataset were derived exclusively from patients belonging
to that dataset, preventing any form of data leakage between training and test sets. In this
study, the performance of the proposed models was rigorously assessed using a compre-
hensive set of evaluation metrics for assessment of glioma grade classification perfor-
mance. Standard quantitative measures, including accuracy, precision, recall, and F1-
score, were employed to provide a balanced evaluation of classification performance.
HGG was designated the positive class (LGG = 0, HGG = 1) for all binary classification
metrics, consistent with its higher clinical priority for early and accurate detection. In ad-
dition, the area under the receiver operating characteristic curve (AUC-ROC) was used to
quantify the models” discriminative capability across varying decision thresholds.

To systematically and objectively compare the 120 evaluated configurations after fi-
nal testing, a post hoc multi-criteria decision-making approach based on the Technique
for Order of Preference by Similarity to Ideal Solution (TOPSIS) was employed [36]. This
analysis was applied strictly for descriptive ranking of already-obtained test-set results
and played no role in model training, tuning, or selection. TOPSIS ranks alternatives by
simultaneously measuring their relative closeness to a positive ideal solution, represent-
ing the best attainable value across all criteria, and their distance from a negative ideal
solution, representing the worst attainable value, providing a single composite closeness
coefficient per alternative that enables transparent and reproducible multi-criteria ranking.
All performance metrics, accuracy, precision, recall, F1-score, and AUC, were first nor-
malized using vector (L2) normalization to ensure scale independence. The positive ideal
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solution (A*) and negative ideal solution (A-) were determined as the maximum and min-
imum weighted normalized values for each criterion, respectively. Euclidean separation
distances (S* and S-) were computed for each combination, and a Closeness Coefficient
(CCi=S7/(5*+57)) was derived, yielding values in the range [0, 1] where 1 indicates perfect
similarity to the ideal solution. All 120 combinations were ranked by CCi in descending
order.

It should be clarified that five-fold cross-validation was employed exclusively for
LASSO feature selection and classifier hyperparameter optimization within the training
partition and was not used to generate the final reported performance outcomes. All ac-
curacy, precision, recall, F1-score, and AUC values, together with the corresponding TOP-
SIS rankings, were derived solely from the independent, patient-level held-out test set.

To systematically evaluate the independent contribution of each pipeline component
to glioma grade classification performance, a comprehensive ablation study was con-
ducted across all 120 configurations. The ablation analysis was performed by isolating
each component (MRI image weighting, pretrained CNN architecture, and ML classifier),
while averaging the TOPSIS closeness coefficient (CC) across all remaining components.
This approach enables a fair and systematic comparison of each component’s individual
contribution to the overall classification performance, independent of the other pipeline
elements. The average CC derived from the TOPSIS analysis was adopted as the unified
ranking criterion, as it simultaneously incorporates all five performance metrics (accuracy,
precision, recall, F1-score, and AUC) into a single composite score, providing a more bal-
anced and comprehensive evaluation than any single metric alone.

To statistically evaluate whether the top TOPSIS-ranked configuration was meaning-
fully distinguishable from the remaining top-ranked alternatives, a comprehensive statis-
tical comparison was conducted across the top 10 configurations. AUC values were com-
pared using DeLong’s test, applying the paired form for configurations sharing an identi-
cal test set and an independent-sample AUC comparison for configurations evaluated on
different MRI sequences, together with 95% confidence intervals derived from stratified
bootstrap resampling (2000 iterations). Classification error patterns at the standard 0.5 de-
cision threshold were compared using McNemar’s test. To additionally evaluate the re-
maining TOPSIS criteria, paired bootstrap resampling (2000 iterations) was used to com-
pare accuracy, precision, recall, and F1-score between all pairs of the top 10 configurations,
with 95% confidence intervals and two-sided p-values derived from the resampled differ-
ence distributions.

3. Results

Representative MRI examples from LGG and HGG patients across the four modali-
ties are shown in Figure 7.

In this study, after image augmentation, we performed a comprehensive evaluation
of glioma grade classification using five pretrained CNN architectures (Inception, VGG,
ResNet, DenseNet, and EfficientNet) as feature extractors, combined with six machine
learning classifiers (KNN, SVM, DNN, XGBoost, Gradient Boosting, and Random Forest)
as well as a DNN classifier. In total, 30 unique combinations of feature extractors and clas-
sifiers (e.g., VGG + XGBoost, DenseNet + XGBoost, etc.) were systematically assessed
across four MRI sequences. Because each pretrained CNN has its own architectural design,
the dimensionality of the extracted deep features varied across models. The number of
extracted features from each pretrained CNN is summarized in Table 2. These differences
reflect the distinctive depth, width, and feature map structure inherent to each network.
After extracting deep features from each pretrained model, we applied LASSO for feature
selection, and the number of selected features in each MRI image weights is summarized
in Table 2. An important observation from this table is that LASSO selected the smallest
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subset of features from EfficientNet-BO deep representations, suggesting that its features
are more informative and less redundant compared to other pre-trained networks.

Figure 7. Representative MRI sequences of high-grade glioma (HGG, top row) and low-grade gli-
oma (LGG, bottom row) from the BraTS dataset. (A) FLAIR, (B) T1-weighted, (C) T1-weighted post-
contrast (T1Gd), and (D) T2-weighted images of an HGG case. (E-H) Corresponding sequences for
an LGG case.

Table 2. Number of deep features extracted by each pretrained CNN and the corresponding number
of features selected using LASSO for T1, T1Gd, T2, and FLAIR MRI images for LGG/HGG classifi-

cation.

fLA 1 Fea-
Pre-Trained Networks Number of Extracted Features MRI Sequences Number o SSO Selected Fea

tures
T1 482
T1Gd 480
DenseNet 121 50,176 FLAIR 489
T2 568
T1 132
N T1Gd 56
EfficientNet B0 62,720 FLAIR 29
T2 50
T1 860
. T1Gd 587
Inception V3 131,072 FLAIR 762
™ 735
T1 311
T1Gd 157
ResNet 50 100,352 FLAIR 102
T2 188
T1 518
VGG 16 25,088 TiGd 587
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The performance of all 120 evaluated combinations, including multiple pre-trained
CNN deep feature extractors, machine learning classifiers, and MRI sequence inputs, is
summarized as heatmaps in Figures 8-10, presenting Accuracy, Precision, Recall, F1-score,
and AUC values across all combinations on the held-out test dataset. As a post hoc com-
parative step, TOPSIS-based multi-criteria ranking was applied to the held-out test-set
results using all five performance metrics, Accuracy, Precision, Recall, F1-score, and AUC,
as simultaneous decision criteria, with the complete ranked ordering of all 120 combina-
tions presented in Supplementary Table S1. Clear performance variations can be observed
among different feature extractor—classifier combinations. Notably, two low-ranking con-
figurations, ResNet50+DNN and EfficientNetB0+SVM, both evaluated on T1Gd sequences,
exhibited an identical precision of 1.00, recall of 0.50, and F1-score of 0.67 for the HGG
class. Rather than reflecting majority-class prediction toward HGG, which would instead
manifest as high recall and reduced precision given the HGG-majority test set (601 HGG
vs. 428 LGG slices), this pattern indicates that both models adopted a conservative deci-
sion boundary, correctly avoiding false HGG predictions but failing to detect approxi-
mately half of true HGG cases. Consistent with their limited discriminative performance,
both configurations ranked poorly in the overall TOPSIS analysis (rank 101 and 102 of 120,
respectively; Supplementary Table S1), indicating that this behavior is confined to lower-
performing pipeline combinations and does not affect the study’s primary findings re-
garding the top-performing InceptionV3-KNN configurations.
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Figure 8. Heatmap of glioma classification performance metrics (Accuracy, Precision, Recall, F1-

score) across 30 feature extractor—classifier combinations with T1 and T1Gd MRI image weights.
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Figure 9. Heatmap of glioma classification performance metrics (Accuracy, Precision, Recall, F1-

score) across 30 feature extractor—classifier combinations with T2 and FLAIR MRI image weights.

As illustrated in Figures 8 and 9 and the TOPSIS multi-criteria ranking (Table 3), the
two top-ranked models among all 120 evaluated combinations were based on Inception-
derived deep features coupled with KNN classifiers. According to the TOPSIS closeness
coefficient, which integrates accuracy, precision, recall, F1-score, and AUC into a single
composite ranking criterion, the T1Gd-InceptionV3-KNN configuration was identified as
the overall best-performing model (CC = 0.971), followed closely by the T1-InceptionV3-
KNN configuration (CC = 0.962). It should be noted that when individual metrics are con-
sidered separately, the T1-based configuration achieved marginally higher accuracy, re-
call, F1-score, and AUC than the T1Gd-based configuration; however, the T1Gd configu-
ration attained the highest precision and the best overall balance across all five metrics
simultaneously, resulting in its top TOPSIS ranking. The top-performing model utilized
Inception features extracted from T1Gd images and a KNN classifier (configured with:
metric = Manhattan, n_ neighbors = 11, weights = uniform). This model achieved an accu-
racy of 0.9754, a precision of 0.997, a recall of 0.9489, and an F1-score of 0.9694. The second
top-performing model employed Inception features extracted from T1 images in combi-
nation with a KNN classifier (metric = Manhattan, n_ neighbors = 9, weights = uniform).
This configuration yielded the performance with an accuracy of 0.9825, a precision of 0.968,
a recall of 0.9907, and an F1-score of 0.9792.
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AUC Heatmap for LGG/HGG classification
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Figure 10. AUC heatmaps of glioma classification across 30 feature extractor-classifier combinations
with T1, T1Gd, T2, and FLAIR MRI image weights.

Table 3. TOPSIS-based ranking of top 10 combinations of pre-trained CNN feature extractors, ma-
chine learning classifiers, and MRI modality inputs for glioma grade classification. 2 AUC and 95%
confidence intervals estimated via 2000-iteration stratified bootstrap resampling on the respective
held-out test set for each configuration. » Two-sided DeLong’s test comparing each configuration’s
AUC against the Rank 1 configuration. ¢ McNemar’s test on binarized predictions (threshold = 0.5).
* p-value < 0.05.

, McNemar’s p-
Rank CNN  Classifier MRIWeight C°%¢n¢55-C0" Ao o509, cpp»  DeLomgsp-Value oy ) o ’
efficient (vs. Rank 1) ®
(vs. Rank 1) ¢

1 Inception  KNN T1Gd 0.971 0.996 (0.993-0.999) - -
2 Inception  KNN T1 0.962 0.997 (0.994-0.999) 0.021 * 0.0003 *
3 Inception SVM T1Gd 0.951 0.997 (0.995-0.999) 0.003 * 0.0023 *
4 Inception XGBoost T1Gd 0.949 0.996 (0.995-0.997) 0.004 * 0.0288 *
5 DenseNet DNN T1 0.945 0.996 (0.993-0.997) 0.177 0.2955
6 Inception GradBoost T1Gd 0.934 0.995 (0.993-0.997) 0.022 * 0.2531
7 Inception GradBoost T1 0.933 0.995 (0.993-0.997) 0.074 0.4338
8 Inception = DNN T1 0.932 0.996 (0.994-0.998) 0.038 * 0.7463

https://doi.org/10.3390/make8080228



Mach. Learn. Knowl. Extr. 2026, 8, 228 16 of 27

9 DenseNet RF T1 0.929 0.992 (0.988-0.995) 0.662 0.5808
10 DenseNet GradBoost T1 0.928 0.989 (0.984-0.993) 0.592 0.5102

To assess whether the top TOPSIS-ranked configuration was statistically distinguish-
able from the remaining top 10 configurations, DeLong’s test, McNemar’s test, and paired
bootstrap comparisons of accuracy, precision, recall, and F1-score were performed, with
the results summarized in Table 3 and Supplementary Table S2. AUC values across the
top 10 configurations were closely clustered (0.989-0.997), with substantially overlapping
95% confidence intervals. DeLong'’s test indicated that the top-ranked configuration (In-
ceptiontKNN+T1Gd) differed significantly in AUC in four of the nine remaining config-
urations (p < 0.05), while McNemar’s test on binarized predictions indicated significant
differences for three of the nine comparisons; no significant difference was found for the
remaining majority of comparisons under either test. Paired bootstrap testing across ac-
curacy, precision, recall, and F1-score similarly showed that only a minority of pairwise
comparisons among the top 10 configurations reached statistical significance (44 of 180
comparisons, 24.4%). Notably, while the top-ranked configuration showed no significant
difference in precision relative to the other InceptionV3-based classifiers evaluated on
T1Gd (SVM, XGBoost, GradBoost; p > 0.05), it exhibited significantly lower recall than
each of these alternatives (p = 0.003, 0.002, and <0.001, respectively), indicating that its top
TOPSIS ranking reflects strong overall balance across the five composite criteria rather
than uniform superiority on every individual metric. Taken together, these results indi-
cate that several top-ranked pipelines, particularly those sharing the InceptionV3 feature
extractor with T1 or T1Gd sequences, are not categorically distinguishable in discrimina-
tive performance, and that classifiers prioritizing higher recall, such as SVM or XGBoost
on T1Gd, may represent preferable alternatives in clinical contexts where minimizing
missed HGG detections is prioritized over minimizing false positives.

The results of the ablation study are summarized in Figure 11 according to three
pipeline components: CNN architecture, ML classifier, and MRI image weighting.

Effect of CNN Architecture: Among the five evaluated pretrained CNN architectures,
Inception achieved the highest average TOPSIS CC of 0.823, followed by DenseNet (CC =
0.784), VGG (CC = 0.693), ResNet (CC = 0.589), and EfficientNet (CC = 0.546). These find-
ings indicate that Inception, with its multi-scale parallel feature extraction capability, pro-
vides the most discriminative deep feature representations for glioma grade classification
across all MRI weightings and classifiers. The substantial performance gap between In-
ception and EfficientNet suggests that architectural design plays a critical role in deter-
mining the quality of extracted features within a segmentation-independent pipeline.

Effect of ML Classifier: Among the six evaluated classifiers, XGBoost achieved the
highest average CC of 0.741, followed closely by RF (CC = 0.727) and GradBoost (CC =
0.722), indicating that ensemble-based tree methods are the most compatible classifiers for
deep features extracted by pretrained CNNs. KNN and SVM achieved equal average CC
scores of 0.667, while DNN demonstrated the lowest performance (CC = 0.600), likely at-
tributable to its higher sensitivity to hyperparameter configuration and the relatively lim-
ited size of the feature input space.

Effect of MRI Weighting: Among the four evaluated MRI image weightings, T1Gd
achieved the highest average CC of 0.772, followed by T1 (CC = 0.761), T2 (CC = 0.694),
and FLAIR (CC = 0.521). The superior performance of T1Gd is consistent with its well-
established clinical relevance in glioma characterization, as contrast enhancement patterns
in T1Gd reflect blood-brain barrier disruption and tumor vascularity, which are key bio-
logical features differentiating HGG from LGG. The comparable performance of T1 fur-
ther supports the utility of non-contrast sequences in glioma grading, while the notably
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lower performance of FLAIR suggests that its diffuse signal characteristics provide less
discriminative information for grade classification when used independently.

A% EfficientNet I BE FLAIR
&) ResNet I %O
= E T2 |
£ VGG I &
S <
5> DenseNet I = Tl |
— p—
= I tion g
|
HESD TIGd l
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Figure 11. Ablation study results illustrating the independent contribution of each pipeline compo-
nent to glioma grade classification performance, quantified by the average TOPSIS closeness coeffi-
cient (CC). (A) Effect of CNN architecture, comparing five pretrained feature extractors (Inception,
DenseNet, VGG, ResNet, and EfficientNet) averaged across all MRI weightings and classifiers. (B)
Effect of MRI image weighting, comparing four structural MRI sequences (T1Gd, T1, T2, and FLAIR)
averaged across all CNN architectures and classifiers. (C) Effect of ML classifier, comparing six clas-
sifiers (XGBoost, RF, GradBoost, KNN, SVM, and DNN) averaged across all CNN architectures and
MRI weightings. Higher average CC values indicate greater overall contribution to classification

performance across all evaluated configurations.

The AUC heatmaps for all feature extractor—classifier combinations across the four
MRI sequences are shown in Figure 10. As shown in Figures 8-10, heatmaps, and TOPSIS
analysis, our results demonstrate that models trained on T1 and T1Gd MRI sequences
consistently achieved higher classification performance compared to those trained with
FLAIR and T2 MRI weighted images. Notably, the DNN classifier consistently underper-
formed across all feature extractors, achieving the lowest performance in glioma grading
compared to ensemble methods like XGBoost, Gradient Boosting, RF, SVM, and KNN.

Figure 12 presents Grad-CAM++ visualizations for representative cases with a T1Gd
MRI image weight for the LGG case, highlighting the image regions that most strongly
influenced the classification decisions of the evaluated pretrained CNN models. Notably,
the Inception-V3 pretrained CNN models consistently attended to both the tumor and
brain regions, indicating an effective capture of discriminative features relevant to glioma
grading. This spatial attention pattern is consistent with the strong quantitative
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performance achieved by the InceptionV3 models and suggests their strong capacity to
extract discriminative deep features for glioma grade classification.
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Figure 12. Grad-CAM++ visualizations for glioma grade classification using different pretrained
CNN architectures. The figure presents the input contrast-enhanced T1-weighted MRI (T1Gd), fol-
lowed by Grad-CAM++ heatmaps generated from ResNet-50, InceptionV3, DenseNet-121, VGG-16,
and EfficientNet-BO, highlighting regions that most strongly influenced each model’s prediction.
The color bar represents the Grad-CAM++ activation intensity. Corresponding tumor masks are
overlaid on the original T1Gd images, where red denotes edema regions, white indicates active tu-

mor regions, and purple represents necrotic core regions.

Figure 13 illustrates the ROC curves and the corresponding confusion matrices for
the two highest-performing models in glioma grade classification. Both models are based
on KNN classifiers trained on deep features extracted using the Inception-V3 architecture.
The first model utilizes deep features derived from T1Gd MRI image weights, whereas
the second model employs deep features extracted from T1 MRI image weights.

As indicated by the ROC curves, both models demonstrate strong discriminative ca-
pability, achieving high sensitivity and specificity in differentiating between LGG and
HGG cases. The accompanying confusion matrices further corroborate these findings,
showing a high proportion of correctly classified samples with minimal misclassification
across both glioma grades. Collectively, these results underscore the effectiveness of inte-
grating Inception-based deep feature representations with KNN classifiers, particularly
when applied to T1Gd and T1 MRI sequences.
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Figure 13. ROC curves and confusion matrices for the two best-performing glioma grade classifica-
tion models. (Top row) ROC curve and confusion matrix for the KNN classifier trained on Inception
deep features extracted from T1Gd MRI images. (Bottom row) ROC curve and confusion matrix for

the KNN classifier trained on Inception deep features extracted from T1 MRI images.

4. Discussion

Accurate glioma grading is of critical clinical importance, as it directly influences
treatment planning, prognostic assessment, and eligibility for clinical trials, thereby un-
derscoring the need for automated, accurate, and efficient classification systems to sup-
port standardized clinical decision-making. Numerous studies [28,37-40] have demon-
strated that ML, Radiomics, and DL approaches can substantially enhance the accuracy
and efficiency of glioma grade and tumor classification compared with conventional di-
agnostic methods. In this context, the present study was designed to systematically exam-
ine the combined effects of different pretrained deep learning architectures employed for
transfer learning as feature extractors, various machine learning classification algorithms,
and structural MRI image weights on glioma grade classification performance, thereby
addressing a critical gap in the existing literature.

In this study, we employed 2D MRI slices as model inputs and extracted deep fea-
tures from the entire image without performing any tumor segmentation. In contrast,
many previous studies [11,15,16] have relied on features extracted from manually or au-
tomatically segmented tumor regions, which require an additional segmentation step. By
eliminating the need for tumor segmentation, our approach simplifies the processing
pipeline and reduces dependence on expert annotations or complex segmentation algo-
rithms. Based on our results, the image deep feature extraction strategy demonstrates
strong classification performance while enabling a fully automatic and computationally
efficient framework. This streamlined design contributes to faster processing and im-
proved practicality for potential clinical usage.
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Based on the accuracy, precision, recall, and F1-score values shown in Figures 8-10,
ablation results in Figure 11, and TOPSIS analysis, features extracted from T1 and T1Gd
MRI images consistently outperformed those derived from T2 and FLAIR images for gli-
oma grade classification. This performance difference was observed across multiple fea-
ture extractor—classifier combinations, indicating that T1-weighted and contrast-enhanced
T1Gd images provide more discriminative information for distinguishing between LGG
and HGG. These findings highlight the critical role of MRI image weighting in glioma
grade classification and suggest that the choice of MRI modality can substantially influ-
ence model performance. Previous radiomics-based studies on glioma grade classification
using structural MRI [10,41,42] have reported that feature selection methods tend to retain
a greater number of informative features from T1Gd images compared with other MRI
sequences due to the high and discriminative information contained within these images
for glioma grade classification. These findings are consistent with our results. The superior
model performance trained with T1Gd and T1 MRI sequences may be attributed to the
distinct biological information they capture. T1Gd enhancement reflects contrast agent
extravasation across a disrupted blood-brain barrier, a phenomenon more pronounced in
higher-grade gliomas due to their heightened angiogenesis and structural vascular abnor-
mality, making it a robust correlate of malignancy-associated neovascularity and necrosis
[43]. Even without contrast, T1 retains discriminative capacity through its sensitivity to
intrinsic tumor features, including necrosis, hemorrhage, and elevated cellularity, along-
side grade-dependent T1 relaxation-time alterations, collectively rendering it informative
for tumor grade classification [24,44].

One of the main aims of this study was to compare the performance of different pre-
trained CNN architectures as image feature extractors for glioma grade classification. Ac-
cording to our results, the InceptionV3 network consistently outperformed the other pre-
trained models evaluated in this study. This superior performance was further supported
by Grad-CAM++ visualizations, which demonstrated that InceptionV3 focused more pre-
cisely on both tumor regions and relevant surrounding brain structures, indicating more
effective extraction of discriminative features for glioma grading. A previous study [22]
employed various pre-trained CNN architectures combined with two to three fully con-
nected layers for glioma grade classification, reporting that InceptionV3 achieved superior
performance compared to other pre-trained networks. These findings are in line with the
results of the present study. The higher performance of InceptionV3 in this study can be
attributed to its ability to capture multi-scale features through parallel convolutional fil-
ters, allowing simultaneous extraction of fine tumor details and broader contextual infor-
mation from brain MRI images. Compared with VGG16’s sequential architecture and the
deeper but more redundant representations of ResNet50 and DenseNet121, InceptionV3
provides a balanced combination of feature diversity and computational efficiency. While
EfficientNetB0 emphasizes parameter efficiency, its compact design may limit task-spe-
cific feature richness. These architectural advantages are supported by Grad-CAM++ vis-
ualizations, which show that InceptionV3 focuses more effectively on tumor and relevant
brain regions, contributing to improved glioma grade classification.

The most significant finding of this study is that across 120 different combinations of
MRI sequences, deep feature extractors, and machine learning classifiers used in this
study, deep features extracted using the InceptionV3 architecture from T1 and T1Gd MRI
image weights, when coupled with a KNN classifier, yielded the highest classification
performance for glioma grading. Moreover, features derived from T1Gd images demon-
strated a marginal performance advantage over those obtained from T1 images, although
this improvement comes at the cost of requiring contrast agent administration during MRI
acquisition. Statistical comparison further supported this observation: the T1-based Incep-
tionV3+KNN configuration achieved significantly higher accuracy, recall, and F1-score
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than the T1Gd-based configuration ranked first by the composite TOPSIS score
(McNemar’s test, p < 0.001; paired bootstrap test, p < 0.001), while precision did not differ
significantly between the two. Given this statistically supported performance advantage,
combined with the practical benefit of not requiring contrast agent administration, our
findings suggest that InceptionV3-extracted deep features from T1 images combined with
a KNN classifier represent a statistically well-supported and practical candidate approach
for glioma grade classification, although further validation on larger, independent, and
molecularly characterized cohorts remains warranted before any clinical translation can
be considered.

In evaluating the clinical utility of the two top-performing classification models, the
direction of misclassification, as shown in Figure 13’s confusion matrix, emerged as a crit-
ical consideration. The Inception-KNN model based on T1Gd features predominantly
misclassified HGGs as LGGs, with 31 HGG cases incorrectly labeled as LGGs. This mis-
classification pattern is particularly concerning in a clinical setting, as underestimation of
tumor grade may lead to insufficient treatment, rapid disease progression, and severely
compromised patient outcomes. In contrast, the Inception-KNN model using T1-derived
features misclassified 20 LGG cases as HGG. Although this type of misclassification is also
clinically undesirable, it is more likely to result in overtreatment rather than failure to
detect aggressive disease. While overtreatment may increase the risk of unnecessary tox-
icity and negatively affect quality of life, its consequences are generally less severe than
those associated with missed HGG diagnosis. Therefore, despite comparable overall error
rates, the T1Gd-based Inception-KNN model presents a greater potential risk to patient
safety, underscoring the importance of prioritizing HGG sensitivity in future model opti-
mization and clinical validation.

Previous studies [17] have applied transfer learning to structural MRI images for gli-
oma grade classification and reported top-performing models with performance compa-
rable to that of our best results. However, these approaches relied on features extracted
from segmented tumor regions. This distinction highlights the advantage of our approach,
which eliminates the need for tumor segmentation while maintaining competitive classi-
fication performance. In another study [45], researchers utilized T1Gd images from the
BraTS 2021 dataset for LGG/HGG classification using various pre-trained CNN architec-
tures. The average performance reported for networks such as DenseNet121 and Efficient-
NetB0 was comparable to the results obtained with these architectures in our study. How-
ever, the top-performing model in our work achieved higher classification performance
than the best and proposed BoT-YOLOv6 model reported in their study. This performance
gain can be attributed to our use of fine-tuned machine learning classifiers following deep
feature extraction and feature selection, which enhanced the discriminative capability of
the learned representations.

The classification performance achieved by our proposed pipeline was comparable
to previously reported segmentation-based and radiomics-driven glioma grade classifica-
tion approaches [10,46—49]. The aim of this comparison is to highlight the potential ad-
vantages of our method relative to segmentation-based methods. Radiomics-based meth-
ods, while demonstrating competitive diagnostic accuracy, inherently require precise tu-
mor segmentation as a mandatory prerequisite for feature extraction, either through time-
consuming manual delineation by expert neuroradiologists or through computationally
demanding automated segmentation models that necessitate high-performance hardware
infrastructure, substantial GPU memory, and considerably longer training times. Further-
more, manual segmentation is subject to inter-observer variability, which may compro-
mise the reproducibility and consistency of extracted features across different clinical set-
tings. In contrast, the present study adopts a mask-assisted slice-selection pipeline with
segmentation-free model inputs. BraTS masks were used only during preprocessing to
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identify which slices contained tumor tissue. Deep features were then extracted directly
from the full MRI slice, with no tumor delineation involved in the classification step itself.
This design substantially reduces computational demands, hardware requirements, and
overall processing time while maintaining competitive classification performance. Nota-
bly, Grad-CAM++ visualization of the top-performing models revealed that the most dis-
criminative features were predominantly extracted from tumor regions, providing post-
hoc evidence that the models implicitly focused on clinically relevant areas despite the
absence of explicit segmentation guidance. These findings collectively suggest that our
approach offers a more practical and streamlined framework with comparable spatial
specificity to segmentation-based methods, thereby enhancing its potential for clinical ap-
plicability, particularly in resource-limited settings where high-performance computing
infrastructure may not be readily available.

An important observation in this study is that the DNN classifier exhibited compar-
atively lower performance than the other evaluated classifiers. This outcome is likely at-
tributable to the fact that no hyperparameter optimization or architectural fine-tuning was
applied to the DNN, including adjustments to the number of fully connected layers, the
number of neurons per layer, or the optimization strategy, while the other machine learn-
ing classifiers in this study were extensively fine-tuned. As a result, the DNN was unable
to fully exploit its representational capacity. Future studies may therefore benefit from
systematic optimization of DNN architectures to achieve improved classification perfor-
mance.

This study has several limitations that should be acknowledged. First, the number of
LGG cases was relatively limited, which may have introduced class imbalance. Despite
the application of data augmentation and class imbalance weighting, the substantial dis-
parity between HGG and LGG case counts represents an inherent limitation of the current
study. Future work should investigate more advanced imbalance handling strategies, in-
cluding synthetic minority oversampling and cost-sensitive learning frameworks, to fur-
ther improve classification performance on the minority LGG class. Performance metrics
reported in this study are derived from slice-level evaluation of tumor-containing 2D
slices, selected based on BraTS 2023 segmentation masks. While patient-level splitting was
strictly enforced throughout all stages to prevent data leakage, a formal patient-level pre-
diction aggregation strategy, such as majority voting or averaged-probability fusion
across slices, was not implemented in the current study. As correlated slices originating
from the same patient may inflate apparent slice-level performance relative to true pa-
tient-level diagnostic accuracy, the reported metrics should be interpreted as slice-level
classification performance within a segmentation-independent 2D pipeline, rather than as
a direct estimate of per-patient diagnostic accuracy. This study was intentionally designed
as a preliminary, slice-level benchmarking investigation to establish the relative value of
different MRI sequences, CNN feature extractors, and classifiers prior to more clinically
oriented development. Future work will extend this framework to three-dimensional vol-
umetric analysis and formal patient-level decision fusion, which together will more accu-
rately reflect real-world clinical diagnostic workflows and enable rigorous estimation of
per-patient diagnostic performance. Additionally, the present study relied on two-dimen-
sional MRI slices, which may not fully capture the three-dimensional structural character-
istics of gliomas. Future work should therefore investigate three-dimensional imaging-
based approaches and systematically compare their performance with 2D-based methods.
The LGG and HGG labels used in this study were obtained by matching subject identifiers
between the BraTS 2023 glioma cohort and the previously labeled BraTS 2021 dataset, as
BraTS 2023 itself does not distribute grade labels directly (see Section 2.1). These labels
follow the WHO 2016 CNS tumor classification framework and are primarily histology-
based and do not incorporate the integrated molecular-genetic criteria introduced in the
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WHO Classification of Tumors of the Central Nervous System, 5th edition [50], including
IDH1/IDH2 mutation status, 1p/19q co-deletion, and other molecular markers now used
to determine tumor grade independent of histological appearance. This distinction is clin-
ically significant, as a subset of histologically lower-grade-appearing tumors may be re-
classified as high grade under WHO 2021 criteria based on molecular features alone, and
vice versa. Given that our labeling procedure itself relied on legacy, histology-based grade
annotations rather than direct molecular characterization, readers should interpret the
grading labels accordingly, and future work should aim to validate findings using molec-
ularly characterized cohorts, with transparently documented and verifiable labeling pro-
cedures, aligned with current WHO 2021 standards [50]. Finally, more comprehensive hy-
perparameter optimization and architectural tuning of DNN classifiers are recommended
in future studies to potentially enhance classification performance. Another limitation of
this study is that TOPSIS ranking was performed on the held-out test set across all 120
combinations, which may introduce optimistic bias. Future work should employ stricter
protocols such as nested cross-validation to ensure unbiased model selection.

It is important to emphasize that the results reported in this study were obtained
exclusively within the standardized and preprocessed BraTS 2023 experimental frame-
work and should not be interpreted as evidence of inter-center robustness or guaranteed
clinical transferability. Real-world deployment across heterogeneous clinical environ-
ments, involving variable MRI acquisition protocols, scanner manufacturers, field
strengths, and patient demographics, would likely introduce additional sources of varia-
bility that could meaningfully affect classification performance. External validation on in-
dependent, multi-institutional, and molecularly characterized cohorts acquired under di-
verse real-world clinical conditions is therefore a critical and necessary step before any
clinical translation of the proposed pipeline can be responsibly considered. Although a
parameter-level ablation analysis was conducted by computing the average TOPSIS
Closeness Coefficient independently as a function of pre-trained CNN architecture and
MRI modality input, a more comprehensive component-wise ablation study, systemati-
cally evaluating the isolated contribution of individual pipeline components such as
LASSO feature selection, data augmentation, and class imbalance weighting on overall
classification performance, was not performed in the current study and represents an im-
portant direction for future investigation.

5. Conclusions

The present study was designed to determine the effect of different pre-trained CNN,
ML classifiers, and structural MRI image weights on glioma grade classification. In this
investigation, the aim was to find the highest performing image feature extractor, classi-
fier, and MRI image weight for LGG/HGG classification. One of the more significant find-
ings to emerge from this study is that combining deep features extracted using the Incep-
tionV3 architecture with a KNN classifier yields highly effective slice-level classification
performance within the standardized BraTS 2023 dataset, particularly when applied to
T1-weighted MRI images. Statistical comparison confirmed that this T1-based configura-
tion significantly outperformed the composite-ranked top configuration in accuracy, re-
call, and F1-score, while offering the practical advantage of requiring no contrast agent.
These findings should be interpreted as a promising benchmark result rather than a
demonstration of clinical robustness, given the slice-level evaluation and single-dataset
setting of this study. Taken together, these results suggest that careful selection of MRI
image weight, deep feature extractor, and classifier plays a crucial role in optimizing gli-
oma grade classification performance. Future studies will assess the effect of extending
the proposed framework to three-dimensional MRI volumes and external multi-center
datasets to further evaluate its robustness, generalizability, and clinical applicability.
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