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Abstract— Early brain tumor diagnosis is clinically an
important task that supports patient treatment. Deep learn-
ing and machine learning studies build classifiers using
brain MRI images to enable the automated identification
of tumor types (glioma, meningioma, pituitary tumor),
and no-tumor cases. Studies achieve high overall accuracy
on public benchmarks, however, many such results are
obtained under non-official splits partitions, which limits
results reproducibility. Therefore, we investigate whether
difficult classes such as (Glioma and Meningioma) can
be accurately identified through architectural specializa-
tion by training a One-vs-Rest (OvR) ensemble of four
binary EfficientNetBO classifiers, each dedicated to one
class against all others, and comparing it directly against
an identically configured four-classes softmax baseline
on the Nickparvar merged dataset. Comparing to baseline
model, the OvR ensemble improves overall accuracy by
+0.84 percentage points (95.13%) and macro F1 by +0.83
percentage point. However, the per-class enhancements
are unevenly distributed across all classes, meningioma
F1-score increases the most (+1.46), while glioma recall
improves by only a percentage point +1.00, ranking third
in F1-score enhancement compared to all other classes.
To contextualize this modest gain, we further quantify the
benchmark’s train—test distribution shift and show that,
under stratified k-fold cross-validation, the same baseline
attains 98.15% accuracy. These results indicate that even
a computationally intensive OvR ensemble architecture,
yields only a modest performance improvement when the
benchmark exhibits a significant train—test distribution
shift.

Keywords—Brain tumor classification, MRI, Deep learning,
EfficientNet, One-vs-Rest ensemble

1. INTRODUCTION

Brain tumors represent one of the most devastating forms
of malignant disease and are considered one of the leading
causes of cancer-related mortality worldwide [1]. According
to the International Agency for Research on Cancer (IARC),
approximately 320k (2022) new cases of brain and central

nervous system (CNS) tumors are diagnosed annually [2].

Tumor types are range in their aggressiveness as meningiomas
and pituitary adenomas are typically benign and surgically
curable, while gliomas type such as (Glioblastoma Multiforme

(GBM) and World Health Organization (WHO) Grade IV)
have low median survival rate 15 months after diagnosis [3].

Early and accurate diagnosis is most impactful factor in
treatment of brain tumors. Detection at an earlier stage allows
clinicians to initiate treatment before tumors invade critical
regions, such as speech and movement responsible regions [4].
Magnetic Resonance Imaging (MRI) has emerged as best
method to detect non-symptoms brain tumor [5]. However,
the detection of brain tumors using MRI is highly dependent
on radiologist expertise, and the type and grade of tumor
[6]. The constraints of advanced neuroradiology systems and
expertise resources especially in low-income countries lead to
diagnosing delays and misclassifications [7].

For thus, there is a high need for computer-aided diag-
nosis (CAD) systems to support healthcare provider in brain
tumor detection . Convolutional neural networks (CNNs),
particularly those that are pretrained on large-scale image
datasets have demonstrated the ability to extract visual fea-
tures from MRI images and contribute to building better tumor
types’ classifier with high overall performance [8]. In recent
studies transfer learning models based on EfficientNet [9],
ResNet [10], and Vision Transformers [11] have reported high
overall classification accuracies above 97% on publicly avail-
able benchmarks [12], [13].

Despite these advances, critical challenges remain an ob-
stacle in having a fully reliable brain tumor detection system
to be trusted and accepted by health providers. First, limited
public datasets used for training and testing, as studies re-
ported performance are heavily benchmark-dependent, differ-
ent train/test splits, or random cross-validation seeds produce
incomparable results [14]. Second, most recent studies and
models are having difficulties in difficult classes’ performance,
particularly glioma class which is consistently lower than over-
all models’ averages. This remains a challenge, due to the
intrinsic imaging heterogeneity of gliomas across WHO grades
(1-5) and their visual overlap with other tumor types [15]. For
thus, in this study, our aim is to build an OvR ensemble [16] of
four binary EfficientNetBO classifiers. Each classifier is trying
to find a better classification boundary to improve per-class
and overall performance.

The paper is organized as follows. Section II reviews re-
lated work. Section III describes the dataset and methodology
applied in conducting experiments. Section IV presents results.



4, analyzes the results and whether the proposed framework
could enhance per-class performance. Section VI concludes
the study and gives future work suggestions.

2. RELATED WORK

Brain tumor classification using MRI images has attracted
researchers’ interests due to contributing to better treatment
opportunities and improved patient outcomes. Recent studies
have increasingly adopted deep learning, CNN architectures
and transfer learning models have enabled the development
of automated systems capable of detecting brain tumors and
classifying their types using public and private MRI images.

Earlier methodologies relied on manual extraction fea-
tures such as shapes, intensity, and texture. Which later been
processed through classical machine learning models like ran-
dom forests and SVM [17], [18]. In contrast, modern DL ap-
proaches utilize CNNs to learn complex hierarchical features
automatically from MRI images data. CNNs architectures
feature extraction are often outperforming previous manually
extraction methods of radiomics-based models, as CNNs can
capture hidden and complex image characteristics [18]. Trans-
fer learning (TL) has emerged as a fundamental strategy in
building high performance classifiers with limited MRI im-
ages [19]. MRI can produce 3D images, array of 2D slights,
which can be more insightful than 2D images. Although
3D Convolutional Neural Networks (CNNs) naturally accom-
modate 3D MRI input, they are more prone to overfitting
small datasets and require high computational power. Besides,
there are no mature 3D pre-trained foundation models com-
pared to the 2D pretrained models [20]. Consequently, many
brain tumor classification frameworks adopt 2D, that leverage
networks pre-trained on large-scale image datasets such as
ImageNet [21]. CNN architectures such as EfficientNet [9],
ResNet [10], VGG [22], and DenseNet [23] commonly trained
on ImageNet and then fine-tuned for brain tumor classification
tasks. Datasets used in building fine-tuned models are SAR-
TAJ [24], Nickparvar merged dataset [25], Br35H [26], Brain
Tumor Segmentation (BraTS) dataset [27].

Finding a large and accurately labelled MRI datasets for
brain tumor classification remains a persistent bottleneck in
the field, as ground-truth labels typically require expert neu-
roradiologist annotation and histopathological confirmation,
both of which are time-intensive, costly, and constrained by pa-
tient privacy and data ownerships regulations [28], [29]. As a
result, most publicly available benchmarks datasets are limited
in size and have data quality issues such as class imbalance
or labeling errors that lead to low model performance [14].
Multiple peer-reviewed publications have explicitly acknowl-
edged labeling and imaging-quality issues in the SARTAJ
glioma class. A study published in 2025 clearly stated that
Sartaj dataset have label inconsistencies in Glioma class partic-
ularly [13]. Thus, most previous studies used merged datasets
such as the Nickparvar dataset, which contains images col-
lected and cleaned from different dataset sources. However,
some difficult classes such glioma and Meningiomas remain

a challenge due to limited dataset available for such difficult
type of tumor which requires more training examples.

Studies used such techniques report overall accuracies av-
erages of 98-99%. Per-class metrics are rarely reported; when
they are, glioma consistently underperforms other classes [12],
[13], [30], [31]. However, per-class metrics—particularly
precision, recall, and F1-score for each tumor type—are in-
consistently reported across the literature; among studies that
do report them, glioma is consistently identified as the most
difficult class, with recall values typically 10-20 percentage
points below those of meningioma, pituitary, and no-tumor
classes [32], [33].

OvR classification [16] reduces an n-class problem to
n independent binary classifiers. Each classifier learns to
distinguish one class from all others, and the final prediction is
the class whose binary classifier assigns the highest probability.
The application of OvR to brain tumor MRI as a strategy to
address the low performance hard classes detection has not
been systematically studied.

3. METHODOLOGY

This section describes how we investigate whether OvR
architectural can address the per-class performance gaps ob-
served in brain tumor MRI classification. We first study the
dataset and its official training—testing splits, understanding its
distribution. We then we build a four classes EfficientNetBO
baseline and compare it to the proposed OvR ensemble of
four binary EfficientNetBO classifiers. EfficientNetBO was
selected as a lightweight and parameter-efficient backbone,
allowing the study to focus on OVR architecture. To ensure
a fair comparison, both models share an identical backbone,
preprocessing pipeline, and training configuration. The table 1
contains all settings and configurations used in building and
training models used in our experiments.

3.1. MRI BRAIN TUMOR DATASET

In this study, we used the Masoud Nickparvar Brain Tu-
mor MRI Dataset [25], containing 7,023 images across four
balanced classes (glioma, meningioma, no tumor, pituitary),
split into Training (5,600 images; 1,400 per class) and Testing
(1,600 images; 400 per class). Figure 1 presents samples of
the four classes, where each cell presents one MRI image cor-
responding to a specific class. As shown in Table 3, Dataset
collected and combined from multiple publicly available brain
MRI datasets and repositories. As Glioma class images col-
lected from Figshare [34] and avoided using Sartaj’s Glioma
samples, while meningioma and pituitary images are from
SARTAJ [16] and no tumor images from Br35H [26]. Dataset
cleaned by using only trusted images sets and then organized
into balanced sets for training and testing. Also, for fair evalu-
ation we used the official training and testing divisions, as it
considers as a standard benchmark dataset.

An exploratory analysis of the images distribution re-
vealed that, despite the balanced number of samples across the
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Fig. 1: Sample MRI image from each tumor class in the dataset.
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Fig. 2: Class distribution shift between the train and test splits.

four classes, the dataset exhibited noticeable visual heterogene-
ity in classes and splits. In particular, glioma and meningioma
images in the testing subset showed a higher mean brightness
and contrast than their corresponding training images. Glioma
brightness increased from 33.09 to 40.50 and contrast from
38.35 to 42.66, while Meningioma’s brightness increased from
43.37 to 49.34 and contrast from 46.51 to 49.61. Glimoa and
Meningioma also exhibited higher edge density and sharpness
in the testing subset, with the mean Laplacian-variance sharp-
ness rising from 51.5 to 126.3 for glioma and from 102.6 to
225.6 for meningioma (Table 2).

Conversely, the no-tumor and pituitary classes showed
substantially smaller train—test differences in these intensity-
related characteristics, with brightness and contrast differing
by less than 1.4 units between splits. The no-tumor class was
nonetheless distinct from the tumor classes in absolute terms,
exhibiting markedly higher overall edge density (0.110) and

sharpness (= 3988 in training); this, together with the broader
train—test variability observed for glioma and Meningioma,
suggests possible differences in image acquisition, cropping,
compression, or pre-processing history.

These findings indicate that the dataset contains an equal
number of images per class in both the training and testing
splits, but not fully homogeneous in image characteristics.
Such class-specific and split-specific variations can introduce
spurious features caused by these differences in image charac-
teristics and may lead to lower model’s generalization perfor-
mance particularly for Glioma and Meningioma classes.

3.2. DEVELOPMENT OF THE CLASSIFICATION
MODELS

Two models were developed to build high performance
models that were able to accurately predict all tumor types.
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Fig. 3: One-vs-rest ensemble architecture. The four-class MRI input is routed to four independent binary EfficientNetBO classifiers, each
producing a class probability P,.

TABLE 1: Training and implementation settings.

Setting Configuration

Backbone architecture  EfficientNetBO for all models
Pretrained weights ImageNet

Backbone config. include_top=False
Input image resolution 150 x 150 x 3 pixels (RGB)
Batch size 32

Maximum number of 20

epochs

Dropout rate 0.5

Optimizer Adam

Initial learning rate 0.001

Data augmentation
Baseline output layer

No data augmentation was applied
Four-unit dense layer with softmax activa-
tion

Baseline loss function
OVR output layer

Sparse categorical cross-entropy
Single-unit dense layer with sigmoid acti-
vation for each binary classifier

Binary cross-entropy

TensorFlow with the Keras API in Google
Colab

NVIDIA A100 GPU

OvR loss function
Software framework

Hardware

We used EfficientNetBO pretrained on ImageNet as a transfer
model used to extract image patterns and then connected to
dense with a global average pooling layer, dropout (rate = 0.5),
and a Dense layer of four units with softmax activation. The
top classification layer of the original EfficientNetBO network
was removed to adapt the model for our four classed brain
tumor MRI classification task.

For one vs rest ensemble models, four binary Efficient-
NetBO classifiers are trained independently, each time trained
using binary classes only class vs all over classes. In a prepro-
cessing stage we transform classes into binary labels positive

class presents a class and rest classes presented as negative.
First, all four classifiers share identical EfficientNetBO back-
bone weights at initialization (ImageNet pretrained), ensuring
that any performance differences are attributable to the OvR
decomposition and class weighting. As shown in figure 3,
each classifier predicts a probability whether a class is posi-
tive, and all probabilities input to argmax that return the index
of highest probability model. For fair evaluation, we built
the same model architecture with the same pretrained model
and trained on the same 5,600 training images (1,400 positive,
4,200 negative). This is yielding a class imbalance issue, so we
train models with class imbalance awareness training. Class
weight settings assigned positive class weighted with (1.0)
and negative classes (1/3). Therefore, the class weights were
adjusted to rebalance the overall contribution of the positive
class relative to the three negative classes.

3.3. EXPERIMENTS SETTINGS AND EVALUA-
TION METRICS

For fair evaluation, both models are evaluated on the
official Nickparvar Testing set (1,600 images) 400 images for
each class. To have a comprehensive evaluation, metrics used
are overall accuracy, macro F1-score, and per-class precision,
recall, and Fl-score. All reported results for both baseline
model and OvR values are means of three experiments using
three different but fixed seeds. Training runs for up to 15
epochs with early stopping (patience = 3).

4. RESULTS

All experiments results are the average of three times
repetition using different seeds. The results will be reported
at three levels, first the overall model performance enhance-
ment in Accuracy (balanced dataset), recall, and macro F1.



TABLE 2: Image Quality Metrics by Class and Split

Class Split Brightness Contrast Edge density Sharpness
Train  33.09+8.55 38.35+5.64 0.032 51.5
Glioma Test  40.50+17.33 42.66+10.16 0.041 126.3
A —7.41 —4.31 —0.009 —74.8
Train 43.37+13.80 46.514+7.73 0.038 102.6
Meningioma Test  49.344+20.00 49.61+10.90 0.048 225.6
A —5.98 —3.11 —0.010 —123.0
Train 61.72+21.05 60.64+16.08 0.110 3988.2
No-tumor Test 60.39+21.79 60.35+15.01 0.104 2048.2
A +1.33 +0.30 +0.006 +1940.0
Train  49.44+9.04  41.554+4.93 0.048 112.2
Pituitary Test 49.15+8.21  41.594+5.00 0.047 85.4
A +0.29 —0.04 +0.001 +26.8

TABLE 3: Nickparvar Brain Tumor MRI Dataset Sources

Class Original Source Dataset

Glioma Figshare Brain Tumor Dataset [34]

Meningioma Figshare Brain Tumor Dataset [34] + SAR-
TAJ Dataset [24]

Pituitary Figshare Brain Tumor Dataset [34] + SAR-
TAJ Dataset [24]

No Tumor Br35H Dataset [26]

After that, a more detailed comparison at the class level to
investigate how each class benefits or degrades by using OvR
ensemble model. Finally, to clearly highlight the changes,
we plot the differences in F1 score for each class. Table 4
shows the overall performance comparison. The OvVR en-
semble achieves 95.13% overall accuracy versus the standard
baseline mean of 94.29% + 0.21%, a gain of +0.84 percentage
points. Macro F1 improves from 94.18% to 95.01% (+0.83%).
Model performance improvements are modest but consistent,
suggesting that the OvR decomposition provides a potential
benefit in building such models.

A detailed analysis of per-class performance enhance-
ments is presented in Table 5. The OvR ensemble improves
glioma recall by only +1.00 percentage points from (81.25%)
to (82.25%). In comparison, the greatest improvement is in
Meningioma class as F1 increased by (+1.46%). And no tu-
mor and pituitary classes increased by (+0.59) and (+0.04)
respectively. Glioma remains the lowest-performing class in
both models. The overall accuracy gain of +0.84% is mainly
driven by the improvement Meningioma.

The final row of Table 4 reports the baseline Efficient-
NetBO0 evaluated k-fold cross-validation rather than the official
splits. Although models architecture and hyper-parameters
are identical to the official-split baseline, this configuration
achieve higher scores—98.15% accuracy, 98.17% macro F1,
and 98.19% macro recall exceeding its official trainign and

testing splits by approximately 3.9 percentage points across
all three metrics.

TABLE 4: Overall models performance using official data splits

(benchmark)
Model Accuracy Macro F1 Macro Rec.
Baseline EfficientNetBO  0.94294+0.0025 0.9418 £0.0025 0.9429 +0.0025
OvR EfficientNetB0O 0.9513 0.9501 0.9513
A (OVR — Standard) +0.84 pp +0.83 pp +0.84 pp
Five-fold cross-validation
Baseline EfficientNetBO  0.9815+0.0031 0.9817+£0.0031 0.9819+£0.0035

Note: results are the average of three runs applied to the benchmark official
splits, using three random seeds (42, 7, and 123).

Figure 4 shows the differences in F1 performance metric
for each tumor class, as meningioma gained most (+1.46%),
and second comes glioma.

S. DISCUSSION

OvVR indicates overall improvement, though the improve-
ment is unevenly distributed. Meningioma benefits most be-
cause its binary classifier gains the most from specialization:
it must learn to distinguish meningioma from glioma, pitu-
itary, and no tumor simultaneously. Meningioma has clear
distinctive features (extra-axial location, dural tail) that a dedi-
cated classifier can learn effectively. The result is that overall
improvement accumulates at the classes that were already per-
forming well, while the class (glioma) remains a challenge
and it does marginal improve with only a marginal benefit
(+0.65%).

The dedicated glioma binary classifier learns to trade pre-
cision for higher recall in glioma predictions. Results show
that model’s internal representation of glioma does not corre-
spond well to the test image, regardless of how the boundary is
drawn. They fall outside the learned Glioma feature manifold.
The likely root cause is the intrinsic WHO grades (1-5) of
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Fig. 4: Per-class A F1 improvement of the OvR ensemble over the
baseline.

the glioma class [26]. As it might be that low grades (1-2)
are confused with no tumor, and high grades (3-5) could be
misclassified with meningioma. So, with a limited training
size and no detailed labels, no binary classifier can learn to
effectively distinguish glioma cases.

Besides Glioma’s inherent difficulty, the train—test dis-
tribution shift may also contribute substantially to its low
performance. The OvR ensemble’s +0.84-point gain over the
official-split is not the limit of what architectural specializa-
tion can do; it is simply the gain that is possible under a hard,
shift-affected protocol. We report the k-fold result only as a
reference. It is not directly comparable to the official-split
scores and is not meant to be a competing benchmark result.
Although some studies have reported high overall accuracy on
public benchmarks, these results are often not directly com-
parable, as most do not rely on official training—testing splits.
Though there is a significant train—test distribution shift exists
for classes such as Glioma and Meningioma, OvR approach
nevertheless yields an overall performance improvement.

6. CONCLUSION

We investigated whether a One-vs-Rest ensemble of four
binary EfficientNetBO classifiers could enhance the overall
performance and glioma class. As shown in Figure 4, our
controlled experiments show an overall accuracy improvement
by +0.84% and Meningioma F1 by +1.46%, but Glioma recall
improves by only +1.00 percentage. Glioma class ranks third
in improvement behind meningioma and no tumor.

OvR is recommended as a simple, effective strategy for
overall performance improvement and is particularly benefi-
cial for classes with clearer morphological boundaries (menin-
gioma, +1.46%). However, it does not show high impact and
improvement with hard class Glioma recall improvement.

As future work, grade-aware training data from annotated
sources such as BraTS [27], enabling the model to learn grade-
specific feature representations. So, we start first on grading
the Glioma class images and then build new model using

TABLE 5: Per-class performance of the baseline and OvR models

(a) Recall

Class Baseline OvR

Glioma 0.8125+£0.0066 0.8225
Meningioma 0.9725+£0.0025 0.9875
No tumor 0.9992 +£0.0014  1.0000
Pituitary 0.9875+£0.0087 0.9950
Macro average 0.9429+0.0025 0.9513

(b) F1-score

Class Baseline OvR

Glioma 0.8924 £0.0033  0.8989
Meningioma 0.9270£0.0113 0.9416
No tumor 0.9615+0.0081 0.9674
Pituitary 0.9863 £0.0038 0.9925
Macro average 0.9418 £0.0025 0.9501

same dataset but with (8) classes, five of them are Glioma
grades, Meningioma, Pituitary and no tumor. Also, building
an explainable models such adding GRAD-CAM layer would
enhance model debugging and maintenance.
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