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Brain tumor classification in MRI is complicated by the similarity of imaging
features across multiple tumor classes. This study evaluates the use of lightweight
convolutional neural network (CNN) architectures as feature extractors combined
with machine learning classifiers for multi-class classification. MobileNetV2 and
EfficientNetB0 were used to extract fixed-length feature representations, which were
then classified using Support Vector Machine (SVM), Logistic Regression, Random
Forest, and K-Nearest Neighbors. The evaluation used stratified five-fold cross-
validation, and performance was measured with accuracy, F1-score, and Matthews
Correlation Coefficient (MCC). Results show that EfficientNetB0 features paired
with SVM achieved the highest test accuracy (98.5%), while Logistic Regression
also yielded competitive performance (97.1%). Class-wise analysis indicated strong
results for pituitary and non-tumor cases. This work shows that lightweight CNN-
based feature extraction may serve as a practical direction for improving multi-class
brain tumor MRI classification, with potential benefits for applications in resource-

limited environments.

This is an open access article under the CC—BY-SA license.

I. INTRODUCTION

Brain tumors are among the most challenging conditions in
neurology, with a considerable impact on public health.
Recent estimates report over 320,000 new cases of brain and
central nervous system cancers and nearly 250,000 related
deaths each year [1]. The Global Burden of Disease (GBD)
study further indicates that the incidence of brain tumors
continues to rise across various age groups [2]. These
statistics emphasize the importance of reliable diagnostic
support systems to assist in tumor recognition and
classification.

Magnetic Resonance Imaging (MRI) is the standard
technique for detecting and evaluating brain tumors because
of its high-resolution images and superior soft-tissue contrast
[3]. Despite these advantages, interpretation of MRI scans
remains difficult. Radiologists often face challenges in
differentiating between tumor subtypes with overlapping
visual patterns, such as gliomas and meningiomas, which can
lead to variations in diagnosis [4]. This difficulty, combined

with the time required for expert analysis, motivates the
search for automated solutions that can assist in classification
tasks.

Deep convolutional neural networks (CNNs) have
advanced medical image analysis significantly. Models such
as ResNet, DenseNet, and EfficientNet have shown strong
performance in brain tumor classification by automatically
learning rich feature representations [5], [6]. However, end-
to-end CNN approaches typically demand large labeled
datasets and high computational resources, and they often
provide limited interpretability [7]. These limitations reduce
their practicality, especially in environments with restricted
access to large-scale data or advanced hardware.

Hybrid frameworks provide a potential alternative. Recent
studies highlight the effectiveness of pretrained CNNs as
feature extractors combined with traditional machine learning
classifiers [8]. For instance, Deepak et al. used CNN-based
feature extraction with SVM to reach a 95.82% classification
accuracy [9]. Moreover, lightweight CNN architectures like
MobileNetV2 and EfficientNetBO have gained attention due
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to their compact model size and high efficiency, making them
ideal for use in resource-constrained environment [10]

Despite these advancements, gaps in methodology remain.
Yagis et al. [11] cautioned that improper preprocessing and
data leakage may artificially inflate model performance,
while Benaouali et al. [12] emphasized the importance of
rigorous validation when using CNN features for medical
image analysis. Moreover, many studies report only single
train/test split results without applying cross-validation or
statistical testing, limiting the reliability and generalizability
of their findings. In addition, Gomez-Guzman et al. [13] noted
that high-performance computing resources are often required
to train end-to-end CNN models, which can limit their
applicability in settings with limited computational capacity.

To address these gaps, this study conducts a systematic
comparison of two lightweight convolutional neural networks
such as MobileNetV2 and EfficientNetBO as fixed feature
extractors for multiclass brain tumor MRI classification. Both
models were evaluated under identical experimental
conditions, including consistent preprocessing, classifier
configurations, and leakage-free stratified cross-validation.
The objective of this work is not to propose a new architecture
but to assess how effectively compact CNN backbones can
transfer learned representations to the task of distinguishing
gliomas, meningiomas, pituitary tumors, and no-tumor cases.
By incorporating statistical validation and per-class
performance analysis, this study aims to explore and evaluate
different lightweight convolutional neural networks (CNNs)
such as MobileNetV2 and EfficientNetB0, to determine
which model performs better under resource constraints. The
research also applies preprocessing, cross-validation, and
statistical testing as part of its evaluation process, aiming to
provide clarity and consistency in the analysis.

II. METHOD

This study presents a comparative analysis of feature
representation between MobileNetV2 and EfficientNetBO for
multi-class brain tumor MRI classification. Both models are
employed as pretrained feature extractors, while machine
learning classifiers are used in the final classification stage.
This hybrid design was chosen to reduce training complexity
and provide a fair assessment of how well each backbone
captures discriminative features from MRI images. End-to-
end CNN training was not pursued due to the limited dataset
size and the intention to focus on efficient feature extraction
strategies suitable for constrained hardware environments.

To ensure methodological rigor, the experimental pipeline
was designed with separation between training and testing
data. All preprocessing, normalization, and feature extraction
steps were performed independently within each fold of
cross-validation, ensuring that no information from the test
data influenced model training. This design minimizes bias
and allows an unbiased comparison of the representational
quality of the two CNN architectures.

The overall workflow of the study is illustrated in Figure 1,
which outlines the steps from dataset preparation to final
evaluation. After preprocessing, deep features were extracted
from MobileNetV2 and EfficientNetBO, then passed into
machine learning classifiers including Support Vector
Machine (SVM), Random Forest (RF), Logistic Regression
(LR), and K-Nearest Neighbors (KNN). Model performance
was assessed through stratified five-fold cross-validation,
followed by evaluation on test set. Finally, statistical
validation was applied to compare classifiers across
backbones, ensuring that observed performance differences
were robust and not due to random variation. The following
subsections describe each stage of this workflow in detail.
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Figure 1. Framework diagram of the proposed methodology.

A. Datasets

This study utilizes a publicly available brain tumor MRI
dataset obtained from Kaggle [14]. The dataset aggregates
MRI scans from three established public sources: the Br35H
dataset, the SARTAJ dataset, and a brain tumor collection
from Figshare. This combined dataset contains four
diagnostic categories: glioma, meningioma, pituitary tumor,
and no tumor, providing a comprehensive benchmark for
multi-class brain tumor classification.

The dataset consists of 7,023 axial T1-weighted contrast-
enhanced MRI scans with varying original resolutions. The
relatively balanced class distribution in Table 1 which
minimizes the risk of classification bias during model training
and evaluation.
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TABLE 1
DISTRIBUTION OF MRI IMAGES ACROSS TUMOR CLASSES
Class Total
Glioma 1621
Meningioma 1645
Pituitary 1757
No Tumor 2000
Total 7023

A key characteristic noted by the dataset curator is that the
original images have varying sizes and may contain extra
margins. As explicitly mentioned in the dataset
documentation, resizing the images after pre-processing is
recommended to improve model accuracy [14]. This
informed our pre-processing strategy, detailed in the
following section, to standardize the input dimensions for the
deep learning models, while Figure 2 presents representative
examples of MRI scans for each category. This balanced
organization across classes makes the dataset suitable for
benchmarking both deep learning and machine learning
approaches.

Sample MRI Images from Each Class

Figure 2. Sample images from MRI dataset.

B. Preprocessing

The dataset underwent comprehensive preprocessing to
ensure methodological integrity and compatibility with deep
learning architectures. A critical sanity check confirmed no
filename overlap between the training (5,712 images) and
testing (1,311 images) subsets, verifying the absence of
patient data leakage between partitions. Preprocessing applied
before data splitting can lead to data leakage, where
information from the test set inadvertently influences the
training process.

1) Image Standardization: All MRI images were
uniformly resized to 224x224 pixels using bilinear
interpolation to meet the input dimension requirements of
MobileNetV2 and EfficientNetB0. Grayscale images were
converted to 3-channel RGB format by duplicating the single

channel across all three channels to satisfy CNN input
requirements while preserving original intensity information..

2) Normalization: Pixel intensities were normalized
using architecture-specific preprocessing functions. For
MobileNetV2, images were scaled to the [-1, 1] range using
the mobilenet preprocess function, while EfficientNetBO
used the efficientnet preprocess function which applies
channel-wise normalization based on ImageNet statistics.
This ensures compatibility with the pretrained weights from
ImageNet.

While data augmentation is commonly employed in deep
learning to improve generalization, it was deliberately
excluded from this study to maintain consistent feature
representations across the dataset. The use of static feature
extraction without fine-tuning meant that augmented
variations could introduce inconsistencies in the feature
space, as the pretrained models were not adapted to these
artificial transformations. This contamination artificially
inflates performance metrics, creating an overly optimistic
assessment of the model's capabilities and undermining the
reliability and generalizability of the results [15]. The
conservative approach establishes a clear baseline for
evaluating the raw feature representation quality of the
pretrained architectures, isolated from the effects of data
augmentation.

Furthermore, to prevent data leakage and evaluation bias,
all preprocessing operations were implemented with strict
protocols where normalization parameters were calculated
exclusively from the training portion of each cross-validation
fold and subsequently applied to validation and test data,
ensuring that no information from validation or test sets
influenced the training process at any stage.

C. Feature Extraction

Both MobileNetV2 and EfficientNetB0 were employed as
static feature extractors using weights pretrained on the
ImageNet dataset. No fine-tuning or backpropagation was
performed on the brain tumor dataset, preserving the generic
feature representations learned from natural images. The
classification layers of both architectures were removed, and
global average pooling was applied to generate fixed-length
1,280-dimensional feature vectors from each MRI image.
This static feature extraction approach allows for direct
comparison of representational quality between architectures
while maintaining computational efficiency and preventing
overfitting on the medical imaging dataset.

The extraction stage is central to our comparative analysis,
as it isolates the representational capabilities of different CNN
backbones from classifier effects. Instead of fine-tuning the
networks end-to-end, both MobileNetV2 and EfficientNetB0
were employed as fixed feature extractors. Their
classification layers were removed, and the global average
pooling output was used to generate fixed-length feature
vectors. This design allows a direct evaluation of feature
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representation quality while avoiding confounding factors
introduced by retraining.

Each model produced feature vectors of different
dimensionalities due to architectural differences:

1) MobileNetV?2: Initialized with ImageNet-pretrained
weights, producing a 1,280-dimensional feature vector per
image. The architecture is based on depth wise separable
convolutions arranged in inverted residual blocks with linear
bottlenecks, which provide an efficient yet expressive
representation [16]. Input images were scaled to following
MobileNetV2’s channel-wise normalization. Features were
extracted in batches of 64, ensuring dropout was disabled and
batch normalization layers operated consistently. The
resulting feature matrices were saved separately for the
training and test subsets, enabling reproducible downstream
classification.

2) EfficientNetB0: Configured with parameters to
produce 1,280-dimensional feature vectors, enabling a direct
comparison with MobileNetV2. Unlike MobileNetV2,
EfficientNetB0 employs compound scaling to balance depth,
width, and resolution, resulting in more expressive features
within a lightweight architecture [17]. Feature extraction was
performed in batches of 64 to ensure deterministic behavior.
Using identical feature dimensions and standardized
processing steps allowed a fair comparison of representational
quality between the two backbones without confounding
artifacts.

MobileNetV2 and EfficientNetBO were chosen as feature
extractors because of their lightweight architecture and
computational efficiency, which makes them attractive for
use in medical imaging tasks under resource limitations. The
smaller complexity of MobileNetV2 and EfficientNetB0
indicating that it may offer a favorable trade-off between
accuracy and efficiency for future exploration in clinical
decision support systems.

D. Classification

Accurate classification is a crucial stage in medical
imaging pipelines, as it determines the ability of an automated
system to distinguish between disease subtypes and provide
reliable decision support [18]. In brain tumor analysis, this
step translates extracted image features into meaningful
categories. Since our study focuses on evaluating the
representational power of CNN-derived features, the
classification stage plays a central role in assessing how
effectively these features separate tumor classes.

To capture a broad range of decision-making paradigms,
four traditional classifiers were employed: Support Vector
Machine (SVM), Logistic Regression, Random Forest (RF),
and K-Nearest Neighbors (KNN). SVM with a radial basis
function (RBF) kernel was selected for its ability to model
non-linear class boundaries, where the kernel function is
defined as

K(xi ) = (=7 Ixi = x1%) (1

with y controlling the influence of each training instance.
Logistic Regression was implemented in its multinomial
form, estimating class membership probabilities through the
softmax function:

exp(w£x+bk)

P(y=k|x) =00k
(y ! ) Zj=1exp(w;-rx+bj)

2

where y is the target class and K is number of tumor
classes. Random Forest, as an ensemble of decision trees, was
included to improve robustness and reduce variance, while
KNN provided a non-parametric baseline that directly reflects
the geometry of the feature space.

Scaling operations were embedded where necessary, and
the same feature vectors extracted from MobileNetV2 and
EfficientNetBO were provided to each classifier under
identical conditions. This uniform design ensured that
observed performance differences arose primarily from the
representational capacity of the CNN backbones, rather than
inconsistencies in classifier implementation, thereby allowing
a fair and unbiased comparison.

E. Hyperparameter Tuning

Hyperparameter optimization was conducted to ensure fair
and unbiased comparisons across classifiers [19]. For each
algorithm, hyperparameters were tuned using stratified five-
fold cross-validation applied only to the training set. This
design preserved the independence of the held-out test set and
prevented optimistic bias. Tuning was implemented through
grid search, with candidate ranges defined based on prior
studies and practical constraints.

For Support Vector Machine, the penalty parameter C and
kernel coefficient y were varied across predefined grids.
Logistic Regression was tuned by adjusting the regularization
strength C. Random Forest parameters included the number of
trees (Nestimators) and maximum depth of trees. For K-Nearest
Neighbors, the number of neighbors (k) was varied.

F. Evaluation

Model performance was assessed using a two-phase
protocol. First, stratified 5-fold cross-validation was applied
exclusively to the training set for hyperparameter tuning,
ensuring balanced class representation and preventing data
leakage. After selecting the best configuration, models were
retrained on the full training set and evaluated on the test set
to provide unbiased estimates of generalization capability.

A comprehensive set of metrics was used to capture both
overall and class-specific performance. These included
accuracy, precision, recall, Fl-score, and Matthews
Correlation Coefficient (MCC). Precision, recall, and F1 were
reported in macro averaged forms to account for potential
class imbalance. In addition, per-class precision, recall, and
F1-scores were provided for glioma, meningioma, pituitary,
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and no tumor categories to highlight specific strengths and
weaknesses. The following are the performance metrics that
will be utilized.

TP+TN

Accuracy = ——
Y = TP4TN+FP+FN

A3)
accuracy measures the overall proportion of correct
predictions.

TPy

Precisionk = m
k k

“4)
precision evaluates how many predicted positives for a class
were actually correct.

TPy

Recallk = m

®)
recall (Sensitivity) measures how many true instances of a
class were successfully identified.

Precisiony -Recally

Fl, =2 (6)

Precisiong +Recallg

f1-score is the harmonic mean of precision and recall,
balancing both aspects.

For multiclass MCC, we adopted the generalized definition:

MCC =

C'S_kak'tk (7)
[R5 d)

where c is the number of correctly classified samples, s is the
total number of samples, px is the number of instances
predicted for class k, and tx is the number of true instances
for class k.

MCC provides a correlation coefficient between predicted
and true labels, ranging from —1 (total disagreement) to +1
(perfect prediction). Unlike accuracy, MCC accounts for all
four outcomes (TP, TN, FP, FN) and is more robust in
imbalanced multi-class problems.

II1. RESULT AND DISCUSSION

This research presents comparative analysis of feature
representation  quality between  MobileNetV2  and
EfficientNetBO0 architectures for multi-class brain tumor MRI
classification. This section details our findings through
quantitative performance metrics, feature space visualization,
and per-class analysis on these two prominent CNN
architectures for medical image feature extraction.

A. Feature Representation

To gain insights into the quality of feature representations
extracted by MobileNetV2 and EfficientNetB0, we conducted
t-SNE visualization of the 1,280-dimensional feature spaces.
Figure 3 and Figure 4 presents the two-dimensional
embeddings of training features for both architectures.

t-SNE Visualization of EfficientNetBO Features
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Figure 3. Feature of EfficientNetB0 represents a brain MRI sample
colored by tumor type.

E-SNE Visualization of MobileNetV2 Features
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Figure 4. Feature of MobileNetV2 represents a brain MRI sample
colored by tumor type.

The visualization reveals that EfficientNetBO0 features form
more distinct and well-separated clusters for all four classes
(glioma, meningioma, pituitary tumor, and no tumor)
compared to MobileNetV2. This improved separation is
particularly evident for glioma and meningioma samples,
which often exhibit overlapping radiological characteristics in
MRI. While MobileNetV2 shows noticeable overlap between
these two tumor types, EfficientNetBO maintains clearer
boundaries between classes.

This visual evidence aligns with the choice of backbone
architecture significantly impacts feature quality, yet most
medical imaging studies treat CNNs as black boxes [20]. The
cluster formation in EfficientNetB0's feature space provides a
clear explanation for its better classification performance and
suggests that its compound scaling approach creates more
discriminative representations of subtle morphological
differences between brain tumor types.

B. Performance evaluation

In Table 2 presents the comparative performance of
MobileNetV2 and EfficientNetBO feature extractors across
four traditional classifiers. The results show that
EfficientNetBO consistently outperformed MobileNetV2 in
terms of accuracy, macro Fl-score, and MCC with the most
notable improvement observed when paired with SVM,
where it achieved the highest overall accuracy of 98.5%.
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TABLE 2
MAIN RESULTS OF EACH MODEL
Model Classifier CV Accuracy (mean |Test Accuracy Test Macro-F1 MCC Train Time (s)
+ std)
SVM 0.958 +0.003 97.0% 0.968 0.968 116
MobileNetV2 [ Logistic 0.940 + 0.007 94.4% 0.94 0.94 42
Regression
Random Forest |0.90 +0.007 92.3% 0.917 0.917 25
KNN 0.920 + 0.007 91.9% 0.914 0914 0.4
SVM 0.964 +0.003 98.5% 0.984 0.986 37
EfficientNetBO0 | Logistic 0.947 +0.003 97.1% 0.968 0.968 31
Regression
Random Forest |0.912 +0.009 93.5% 0.93 0.93 21
KNN 0.923 £0.012 93.7% 0.934 0.934 0.5

Logistic Regression also demonstrated competitive results,
particularly with EfficientNetBO features, reaching 97.1%
accuracy, which highlights that even simpler classifiers can
perform effectively when supported by high-quality feature
representations. Random Forest and KNN yielded slightly
lower scores, though both still benefited from EfficientNetBO
features compared to MobileNetV2.

The stability of each classifier was examined using fivefold
stratified cross-validation. Among all classifiers, SVM
demonstrated the most consistent performance, with an
average accuracy of 98.5% and a standard deviation of £0.3%
across the folds. Other classifiers such as Random Forest and
KNN showed slightly higher variation (£0.9% and +1.2%,
respectively). These results suggest that SVM provides the
most stable and generalizable performance among the
evaluated classifiers. The low standard deviation across five
cross-validation folds (+0.003 for both MobileNetV2 and
EfficientNetBO with SVM) indicates that SVM delivers
highly consistent performance, with minimal variation
between folds. This suggests strong stability and reliable
generalization under different train/validation splits.

There is no significant evidence of overfitting in any
classifier, including Random Forest. The experimental design
prevents data leakage by computing preprocessing parameters
independently within each fold using only training data.
Furthermore, the small gap between cross-validation accuracy
and final test accuracy (typically less than 2%) supports good
generalization. While Random Forest showed lower overall
performance compared to SVM and Logistic Regression, this
appears due to its sensitivity to high-dimensional feature
spaces  rather  than  overfitting. Its  consistent
underperformance across both backbones suggests a
limitation in handling CNN-extracted features in this context,
rather than poor regularization or model instability.

In addition to conventional metrics such as accuracy and
macro-F1, we report the Matthews Correlation Coefficient
(MCC). MCC is particularly informative for imbalanced
datasets because it considers all elements of the confusion
matrix (TP, TN, FP, FN) and provides a single summary score
of classification quality [21]. Values range from —1 (inverse
prediction) to 0 (random prediction) and +1 (perfect
prediction) [22]. In this study, EfficientNetBO+SVM
achieved an MCC of 0.98, indicating very strong predictive
performance across all classes.

Accuracy Comparison : MobileNetV2 vs EfficientNetB0
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Figure 5. Accuracy comparison.

Figure 5 visualizes test accuracy by classifier, model
EfficientNetBO consistently produced taller bars than
MobileNetV2 across all classifiers, with the largest margin
seen for SVM followed by Logistic Regression, Random
Forest, and KNN.

C. Statistical Significance

To quantitatively assess the performance differences
between backbone architectures, we conducted Wilcoxon
signed-rank tests on the macro F1-scores from the five cross-
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validation folds for each classifier. The results revealed that
while EfficientNetBO consistently achieved higher mean
performance across all classifiers, these differences did not
reach statistical significance after Bonferroni correction for
multiple comparisons (corrected a = 0.0125). For the SVM
classifier, which showed the largest performance gap, the test
yielded p = 0.0625, indicating a strong trend toward
significance. Similar patterns were observed for Logistic
Regression (p = 0.3125), Random Forest (p = 0.1250), and
KNN (p = 1.0000).

The consistent directional advantage of EfficientNetB0
across all four classifiers, coupled with the limited statistical
power inherent in five-fold cross-validation, suggests these
findings represent meaningful practical significance even in
the absence of strict statistical significance. This pattern
aligns with our feature visualization results, where
EfficientNetBO demonstrated better class separation,
particularly for the challenging glioma-meningioma
distinction. The statistical analysis therefore provides
rigorous validation of the observed performance trends while
appropriately recognizing the experimental limitations for
detecting small effects.

D. Per-Class Performance

Per-class evaluation reveals critical insights into how
different feature extraction architectures handle the specific
challenges of multi-class brain tumor classification. Tables 3
and 4 present the precision, recall, F1-score, and accuracy
metrics for MobileNetV2 and EfficientNetBO architectures
paired with the best classifiers such as SVM and Logistic
Regression. These tables demonstrate that feature
representation quality has a profound impact on classification
performance across tumor types with varying visual

characteristic.
TABLE 3
PER-CLASS PERFORMANCE FOR BEST CLASSIFIERS USING MOBILENETV2
Classifiers | Class Precision | Recall | F1- | Accuracy
Score
Glioma 96.72 88.33 192.33 [96.72
Meningioma | 87.58 94.44 [90.88 [87.58
SVM Pituitary 99.26 99.75 [99.51 {99.26
No Tumor |97.67 97.67 [97.67 (97.67
Macro 95.31 95.05 [95.10 [95.42
Average
Glioma 95.24 86.67 190.75 [95.24
Meningioma | 85.59 93.14 |89.20 | 85.59
Logistic Pituitary 99.26 100.00 [ 99.63 | 99.26
Regression
No Tumor [97.31 96.33 |96.82 (97.31
Macro 94.35 94.03 |94.10 | 94.51
Average

MobileNetV2 demonstrates competent performance across
all tumor classes, with notable strengths in pituitary tumor
classification (99.26% precision, 99.75% recall) and no tumor
identification (97.67% precision, 97.67% recall). However,
the architecture shows limitations in distinguishing between
visually similar tumor types, particularly for glioma
classification where it achieves 96.72% precision but only
88.3% recall with SVM. This imbalance indicates a tendency
to miss positive glioma cases (false negatives), which is
particularly concerning in medical applications.

TABLE 4
PER-CLASS PERFORMANCE FOR TOP CLASSIFIERS USING EFFICIENTNETBO
Model Class Precision | Recall [ F1- | Accuracy
Score
Glioma 96.82 91.33 194.00 | 96.82
Meningioma | 91.43 94.12 [92.75 (91.43
SVM Pituitary 98.78 100.00)99.39 | 98.78
No Tumor | 98.68 99.67 199.17 | 98.68
Macro 96.43 96.28 196.33 196.57
Average
Glioma 95.82 91.67 193.70 195.82
Meningioma | 92.04 94.44 193.23192.04
Logistic Pituitary 99.51 100.0099.75 | 99.51
Regression
No Tumor |98.35 99.33 198.84198.35
Macro 96.43 96.36 196.38 | 96.64
Average

EfficientNetB0 demonstrates feature representation quality
across all tumor classes, with the most significant
improvements observed in the challenging glioma and
meningioma  classifications. For glioma detection,
EfficientNetBO+SVM achieves 96.82% precision and 91.3%.
EfficientNetBO maintains near-perfect performance on
pituitary tumors (98.8% precision, 100% recall) and no tumor
cases (98.7% precision, 99.7% recall), while demonstrating
more balanced precision-recall trade-offs across all classes.

The Logistic Regression results clearly demonstrate
EfficientNetB0's feature representation quality compared to
MobileNetV2. Both models performed well on distinct
classes like pituitary tumors (99.3-99.5% precision), but
EfficientNetBO maintained stronger performance across all
categories, especially for the no tumor class where it achieved
98.4% precision and 99.3% recall versus MobileNetV2's
97.3% precision and 96.3% recall.
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Figure 6. Confusion matrix of MobileNetV2 with SVM.
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MobileNetV2 + SVM confusion matrix in Figure 6 reveals
a characteristic error pattern where glioma and meningioma
exhibit the highest mutual confusion. Specifically, 35 glioma
cases were misclassified as meningioma, while 7 meningioma
cases were misclassified as glioma. This asymmetric error
pattern reflects the architecture's stronger recall for
meningioma compared to glioma, indicating MobileNetV2's
feature representations struggle more with identifying
positive glioma cases than meningioma cases. The confusion
matrix shows near-perfect classification for pituitary tumors
strong performance for no tumor cases, with only minor
confusion between these two distinct classes (3 pituitary cases
misclassified as no tumor and 7 no tumor cases misclassified
as pituitary).
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Figure 7. Confusion matrix of MobileNetV2 with Logistic Regression.

MobileNetV2 + Logistic Regression confusion matrix in
Figure 7 exhibits a similar error pattern to MobileNetV2 +
SVM but with slightly reduced performance across
challenging class boundaries. Specifically, 39 glioma cases
were misclassified as meningioma while 9 meningioma cases
(were misclassified as glioma. The confusion between

pituitary tumors and no tumor cases also increases slightly
compared to SVM, though both classes maintain high overall
accuracy.

EfficientNetb0 + SVM

10

True Label
meningioma glioma
e
)

i
o
IS
Normalized Value

pituitary

-02

notumor

' ' -0.0
meningioma pituitary
Predicted Label

Figure 8. Confusion matrix of EfficientNetB0 with SVM.
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EfficientNetBO + SVM confusion matrix in Figure 8
demonstrates significantly improved class separation
compared to MobileNetV2, particularly for the challenging
glioma-meningioma distinction. The number of glioma cases
misclassified as meningioma drops from 35 to 26, while
meningioma cases misclassified as glioma decrease from 7 to
5. The confusion matrix shows near-perfect performance for
pituitary tumors (405/405 correctly identified) and
exceptional results for no tumor cases (299/300), with only 1
no tumor case misclassified as pituitary.

EfficientNetb0 + LogisticRegression o
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Figure 9. Confusion matrix of EfficientNetB0 with Logistic Regression.

EfficientNetB0O + Logistic Regression confusion matrix in
Figure 9 shows performance nearly equivalent to
EfficientNetBO + SVM, with only marginal differences in
error patterns. Specifically, 30 glioma cases) were
misclassified as meningioma while 7 meningioma cases were
misclassified as glioma. This small performance gap
contrasts sharply with the larger gap observed in
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MobileNetV2 models, demonstrating that when feature
representations are of high quality, the choice of classifier has
diminished impact on overall performance. The confusion
matrix maintains near-perfect classification for pituitary
tumors and exceptional results for no tumor cases. This
consistency across classifiers confirms that EfficientNetB0's
feature representations create well-separated clusters in the
embedding space, allowing even simpler classifiers like
Logistic Regression to establish effective decision boundaries
[20].

The complete set of confusion matrices for rest model
configurations reveals consistent class-specific performance
patterns across both high and low-performing models. While
Pituitary classes were distinguished with near-perfect
accuracy, the Glioma class was occasionally misclassified as
Meningioma. This indicates a specific diagnostic challenge
between these two tumor types that is masked by the high
overall accuracy.
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Figure 10. Confusion matrix of MobileNetV2 with Random Forest.
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Figure 11. Confusion matrix of EfficientNetB0 with Random Forest.
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Figure 13. Confusion matrix of EfficientNetB0 with KNN.

E. Computational Efficiency Analysis

While classification accuracy is a primary performance
metric, the practical deployment of lightweight CNN models
requires careful consideration of computational efficiency.
Our experiments reveal important trade-offs between
performance and resource requirements that are crucial for
model selection in real-world applications.

As shown in Table 5, MobileNetV2 demonstrates superior
efficiency characteristics with 2.26M parameters (44% less
than EfficientNetB0's 4.05M) and 0.6 GFLOPs (25% lower
than EfficientNetB0's 0.8 GFLOPs). This efficiency
advantage, however, comes with a performance trade-off that
varies significantly across different classifiers. The most
notable efficiency-performance balance is observed in the
SVM configurations. While EfficientNetB0+SVM achieves
the highest absolute accuracy (98.5% ), it requires slightly
higher computational cost than MobileNetV2, highlighting a
clear trade-off between accuracy and efficiency.
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TABLE 5
MODEL COMPLEXITY
Model Parameters| FLops Feature Vector
Dim.
MobileNetV2 226 M 0.6 G 1280
EfficientNetB0 | 4.05M 0.8G 1280

The analysis of classifier training times in Table 2
highlights a critical finding: computational cost varies more
by classifier choice than by CNN backbone. Training times
range over two orders of magnitude, from the near-
instantaneous KNN (0.4 seconds) to the considerably slower
SVM (up to 116 seconds). This massive disparity
demonstrates that classifier selection is a major factor for
efficiency in time-sensitive applications.

The method approach investigated in this study presents a
compelling practical alternative for medical image
classification. It leverages the powerful, general-purpose
feature representations of pre-trained CNNs to achieve
competitive performance, as evidenced by our results.
Simultaneously, by decoupling feature extraction from
classification, it creates a more modular and computationally
manageable pipeline compared to end-to-end deep learning.
This method offers a highly attractive trade-off, delivering
strong classification results with reduced complexity and
training costs.

TABLE 6
PERFORMANCE COMPARISON WITH DIFFERENT MODELS
Study Method Dataset Accuracy
A.Muisetal. | CNN  (end-to- | Kaggle MRI | 84%
[23] end) Datasets 4
classes)
M. A. | Pre-trained CNN | Kaggle MRI | 97.12%
Gomez- (Inception V3) Datasets 4
Guzman et classes)
al. [13]
K. Puspita et | Ensemble CNN | Kaggle MRI | 97.67 %
al. [24] Datasets (4
classes)
Proposed Feature Kaggle MRI | 98.5 %
model extraction + ML | Datasets 4
classifier classes)
(EfficientNetBO
+ SVM)

As shown in Table 6, the proposed approach using feature
extraction with EfficientNetBO combined with machine
learning classifiers (SVM) achieved an accuracy of 98.5% on
the Kaggle MRI dataset. This result is comparable to or
slightly higher than several existing CNN-based methods
reported in previous studies. Although differences in
implementation details and preprocessing steps may affect the
exact comparison, these findings indicate that using
lightweight pretrained models as feature extractors can still

achieve competitive performance without requiring full end-
to-end training.

IV. CONCLUSION

The research compared MobileNetV2 and EfficientNetBO
as feature extractors for multi-class brain tumor MRI
classification wusing four traditional machine learning
classifiers. EfficientNetBO features, especially when paired
with SVM, produced the highest accuracy of 98.5%, while
Logistic Regression also achieved strong and competitive
results with accuracy 97.1%. These outcomes indicate that
lightweight CNNs can serve as effective feature extractors
and that simpler classifiers remain viable when supported by
robust representations. The findings further showed that
glioma and meningioma remain difficult to separate due to
overlapping imaging features, highlighting the need for
advanced techniques to improve discrimination. While the
current evaluation was conducted on a single public dataset,
which limits direct assessment of clinical generalizability, the
use of rigorous cross-validation, leakage-free preprocessing,
and per-class analysis supports internal validity. Future
research must prioritize validating this approach on external,
multi-centre datasets, specifically incorporating real-world
clinical MRI scans, to accurately gauge performance across

diverse scanners, imaging protocols, and patient
demographics. Beyond reporting strong experimental
performance, the framework indicates potential for

applications in environments with limited computational
resources. These findings provide preliminary evidence that
could guide the development of future brain tumor
classification tools. Future work should validate the approach
on larger, multi-centre datasets and incorporate
interpretability methods to better align automated outputs
with clinical decision-making.
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