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Abstract: Classification of medical images for precise detection and treatment of diseases is very vital.
This study focuses mainly on classifying MRI images of brain tumors for neurological disorders. This
study introduces a Systematic deep learning framework based on an enhanced ResNet50 architecture to
improve brain tumor classification. The proposed approach incorporates dropout regularization, Global
Average PoolingGAP), additional dense layers, and leaky ReLU activation to boost feature extraction
and reduce overfitting. This work uses a varied set of MRI images. The dataset has gone through a
different enhancement and preprocessing pipeline that includes cropping, resizing, contrast enhancement,
and smoothing. The model evaluation process incorporated stratified 5-fold cross-validation. Different
performance Indicators were measured through accuracy, precision, recall, and Fl-score. The proposed
architecture attained an average testing accuracy of 99.62% (95% Confidence Interval (CI)). These mea-
sures surpass benchmark models such as VGG16, MobileNet, InceptionV3, and Xception, in addition to
previously documented methodologies in the existing literature. The result shows the stability across
the folds and was statistically corroborated by ablation. Its ablation studies revealed that although the
architectural alterations yielded only marginal enhancements over the baseline.
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1 Introduction

In the dynamic landscape of contemporary healthcare, the increasing complexity of managing diverse data
poses a challenge for medical practitioners striving to deliver optimal care. The rapid growth of health
care data mostly composed of images. Brain tumors are a complicated and very important problem in
healthcare. It is having a big effect on death rates around the world and causing serious health problems
everywhere. Primary brain tumors, which account for less than 2% of all cancer, can be either benign or
malignant. To allow for effective treatment, this situation needs to be accurately detected and classified.
Magnetic resonance imaging (MRI) is crucial for finding and studying brain tumors. But the fact that
sizes, shapes, and locations can change makes things much more difficult. Traditional manual analysis
techniques encounter difficulties in traversing the complexities of the brain’s neural network and its dense
architecture. To solve these problems, computer-based methods that use machine learning (ML) and
deep learning (DL) are becoming powerful tools for finding and studying brain tumors.

ML and DL models, mainly Convolutional Neural Networks (CNNs), have demonstrated remarkable
progress in improving pattern recognition, particularly in algorithms for detecting brain tumors. In
image classification tasks, CNNs have outperformed conventional machine learning approaches that rely
on manually designed features. Numerous studies have contributed to this field, proposing various models
for brain tumor classification. Authors such as [I], [2], and [3] have explored innovative approaches to
address the challenges associated with manual classification that emphasize the need for timely and
accurate detection. In recent works the researchers have highlighted the significance of MRI brain images
in diagnosing and evaluating brain tumors, emphasizing the rich data they provide on brain tissues
[, [5], [6]. Transfer learning (TL) has gained prominence in medical image analysis, leveraging pre-
trained models on large datasets to enhance performance with fewer labeled medical data. In 2019
[7] introduced a deep transfer learning method for classifying brain tumors as normal or abnormal.
While effective in addressing the scarcity of brain tumor images, transfer learning necessitates numerous
adjustable parameters and substantial computational resources for fine-tuning.

It is important to emphasize that this work does not propose a novel convolutional neural network
architecture or introduce new learning components. Dropout regularization, dense classifier heads, and
leaky ReLU activations have been employed in prior studies. However, their effects are often evaluated
heuristically, tested on singular datasets, and reported exclusively through point-estimate performance
metrics. But this work clearly looks at these design choices through controlled ablation experiments,
bootstrap-based confidence intervals, and non-parametric statistical testing. This study also looks at
the framework on merged and heterogeneous public MRI datasets. Its goal is to improve generalization
stability rather than performance on a single benchmark. From an empirical and methodological point
of view, the proposed framework gives us reliable information about how to use standard regularization
strategies to accurately classify brain tumors in real-world situations.

Challenges:Brain tumor classification using MRI images presents several inherent challenges. A pri-
mary limitation is the scarcity of well-annotated medical imaging data required for training deep learning
models. In addition, substantial variability in tumor shape, size, appearance, and anatomical location
complicates accurate and consistent classification. Factors such as image noise, heterogeneous acquisition
protocols, lack of standardized datasets, and difficulty in precise tumor localization further increase task
complexity. These challenges, combined with the cognitive burden and time constraints faced by medical
specialists, point to the need for reliable computer-aided diagnosis (CAD) systems capable of supporting
clinical decision-making. Moreover, many existing brain tumor classification studies report promising re-
sults but lack systematic validation and robustness analysis, underscoring the immature and challenging
nature of this research domain.

Objectives:The objective of this study is to enhance the generalization and robustness of brain tumor
classification models through a systematic investigation of regularization-driven transfer learning utilizing
a ResNet-50 backbone. In this study, we carefully fine-tune and test typical design choices like the
configuration of the classifier head, activation functions, and dropout regularization. We do this within
a statistically rigorous experimental framework instead of introducing a new network architecture. The
ultimate goal is to create a clinically sound and repeatable model for classifying multi-class brain tumors
from MRI images. These tasks will be done by testing the model on different datasets, controlled ablation
experiments, and measuring uncertainty.
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The paper is structured as follows. Section 2 reviews related work in brain tumor classification. Section
3 introduces the methodology with architectural and algorithmic details. Section 4 reports experimental
Study across datasets and discusses the results. Section 5 concludes with a summary of contributions
and directions for future research.

2 Related Work

Computer-aided brain tumor classification leads to medical image analysis propelled by recent advance-
ments in ML and DL techniques. Given the complexity of brain tumor analysis and the urgent need for
early detection researchers are actively exploring innovative approaches.

Early methods for classifying brain tumors mostly used traditional models like decision trees (DT),
artificial neural networks (ANNSs), principal component analysis (PCA), k-nearest neighbors (KNN),
and support vector machines (SVM) [8],[9]. A study by [10] proposed an innovative methodology that
integrates GLCM and shape-based features to improve feature discriminability. Their hybrid classifier,
which included DT, KNN, and RF models, was able to accurately classify brain tumors.In a separate
study [8], researchers examined the effectiveness of KNN and SVM for classifying brain tumors, utilizing
different distance metrics and kernel functions, respectively. Their results showed that classifiers based
on SVM and KNN did better than earlier models that had been written about. This study highlights the
effectiveness of these classifiers in precise brain tumor classification, presenting promising opportunities
for the enhancement of diagnostic capabilities in medical imaging. In [I1], researchers looked into using
wavelet, curvelet, and shearlet transforms to find brain abnormalities. Using only fifteen shearlet features,
they were able to get a peak classification accuracy of 97.38% with an SVM classifier and an RBF kernel.
In [12], an SVM combined with Fully Automatic Heterogeneous Segmentation accurately pinpointed
tumor regions, attaining a model accuracy of 98.51

Early methods for classifying brain tumors primarily employed conventional models, including decision
trees (DT), artificial neural networks (ANNs), principal component analysis (PCA), k-nearest neighbors
(KNN), and support vector machines (SVM) [§], [9]. A new However, these old-fashioned methods had
problems because they relied on hand-made features and needed a lot of computing power, which made
them less accurate and less scalable. This led to the use of deep learning, which changed the way brain
tumors are classified. Convolutional Neural Networks (CNNs) are especially good at finding features in
medical images. This makes it possible to find complex patterns with high accuracy[13]. The hierarchical
structure of CNNs enables the automatic detection of complex tumor attributes, including size, shape,
and location, thereby effectively addressing challenges [I3]. BrainMRNet, which is described in [14], uses
residual blocks, attention modules, and hypercolumn techniques, followed by dense layers and softmax,
to find brain tumors. The study was 96.05% accurate. This shows how deep learning can improve
the accuracy of brain tumor analysis and scale up, moving away from traditional methods that rely on
hand-crafted features.

Despite the success of CNNs, training deep learning models from scratch requires extensive labeled
datasets that are often not available in medical imaging. To address this issues TL has gained popu-
larity. Transfer Learning where a pre-trained deep learning model is adapted for certain tasks that has
gained popularity in medical image analysis. It leverages knowledge from extensive datasets enhancing
efficiency. Pre-trained models like ResNet50, VGG16, MobileNet, InceptionV3 and Xception have been
widely applied across domains including brain tumor classification. It is showing significant performance
improvements and reducing the need for extensive data annotation [I3],[15] for distinguishing benign and
malignant brain tumors. Using a private dataset of 200 images they employed data augmentation (scal-
ing, rotation, shearing, translation and reflection) to enhance model robustness and mitigate overfitting.
Results showed that fine-tuning the AlexNet architecture produced the highest accuracy (93.7%) and
sensitivity (100%).

Swati et al. [16] used pre-trained CNN models with block-wise fine-tuning via transfer learning on
T1-weighted images, achieving accuracies of VGG19 (94.82%), VGG16 (94.65%) and AlexNet (89.95%)
in fivefold cross-validation. Kumar et al. [17]evaluated AlexNet, ResNet50 and InceptionV3 for primary
tumor classification.From these AlexNet leading at 96.2% accuracy.In [18] authors have applied nine pre-
trained models via Transfer Learning achieving 98.71% accuracy on MRI data. Talo et al. [I7] achieved
perfect accuracy using transfer learning with a CNN ResNet34 model on brain MRI images. Mehrotra
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et al [I8] utilized AlexNet for transfer learning achieving 99.04% accuracy on their dataset. Ekong et al.
employed depth-wise separable convolutions and Bayesian techniques that is achieving 94.32% accuracy
in brain cancer classification.Although transfer learning has mitigated some challenges of deep learning
models still faces overfitting particularly with smaller datasets. Regularization techniques have emerged as
crucial tools for preventing overfitting in deep learning frameworks especially in complex problems such as
brain tumor classification. Among these techniques the dropout layers introduced by Srivastava et al. [19]
have improved model generalization by randomly dropping neurons during training. Other regularization
methods such as L1 and L2 have penalised large parameter values further enhancing model robustness
and preventing overfitting. Recent studies in brain tumor classification have focused on enhancing model
generalization and reducing overfitting through improved regularization strategies. The literature reveals
a growing interest in incorporating dropout layers within deep neural network architectures to improve
model stability and minimise susceptibility to overfitting. Furthermore researchers have delved into
novel regularization techniques by including batch normalization and early stopping to improve model
performance on brain tumor classification outcomes [19], [20], [2I]. These advancements highlight the
ongoing efforts to develop robust and accurate deep-learning models for medical image analysis tasks.

Recent research has investigated alternative methodologies to enhance brain tumor classification by
focusing on multi-scale feature representation, manually crafted descriptors, and improved preprocessing
techniques. For instance, the addition of a Spatial Pyramid Pooling (SPP) block to a MobileNet backbone
has been suggested to gather multi-scale contextual information, allowing for a stronger tumor represen-
tation without changing the size of the image [22]. Conversely, conventional machine learning techniques
employing manually crafted feature descriptors, such as Histogram of Oriented Gradients (HOG), in
conjunction with classifiers like SVM and XGBoost, have shown that non-deep methodologies can attain
competitive performance on specific MRI datasets [23]. Furthermore, comparative analyses of various
pre-trained deep learning architectures utilizing advanced preprocessing pipelines indicate that model se-
lection and image normalization methods considerably affect classification accuracy in multi-class tumor
datasets [24]. Our research expands on these insights by integrating established preprocessing methods
and emphasizing the regularization and statistical validation of transfer learning models across diverse
datasets.

Despite significant progress, several gaps remain in the literature: (i) limited systematic analysis of
regularization strategies within transfer learning-based brain tumor classification, (ii) insufficient use of
statistical validation and uncertainty estimation beyond point accuracy metrics, and (iii) inadequate
evaluation of generalization stability across heterogeneous public MRI datasets. In contrast to prior
studies, the present work focuses on a regularization-driven transfer learning framework based on a stan-
dard ResNet-50 backbone. The contribution lies in a controlled empirical investigation of dropout-based
regularization, classifier head design, and activation choices. supported by ablation studies, bootstrap
confidence intervals, and non-parametric statistical testing. By evaluating performance across merged het-
erogeneous datasets, this study emphasizes robustness, reproducibility, and methodological transparency,
addressing limitations commonly observed in recent brain tumor classification research.

A brief overview of relevant literature about our study is provided in Table[l|summarizing key findings,
methodologies and outcomes from prior research investigations.
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Table 1: Summary of related works on brain tumor classification using CNN and deep learning models.

Ref. Model Dataset Accuracy (%)
[25] CNN Transverse BT images 91.43

[26] MultiPath CNN The Cancer Imaging 91.00

27]  Genetic algorithm + CNN MR images 90.9, 94.2
[28) CNN Two public datasets 96.13, 98.7
[29])  Various CNN architectures - 98.51, 84.19
[30)  Pre-trained CNNs MR data 98.71

[31]  Three Pre-trained CNNs MR slices (BT dataset) 98.69

[32)  ResNet-50 Brain tumor images 97.20

[33) CNN 3064 TIWCE 94.58

[34]  DenseNet-201, Inception-V3 3064 TIWCE 99.51, 99.34
[35) CNN 3064 TIWCE 97.39

[31]  Various Pre-trained CNNs 3064 TIWCE 98.67

[7]  ResNet-34 T2-weighted MR images 100.0

[26] InceptionV3, ResNet-50, VGG-16 MR images 95.00

[36] ResNet-50 3064 TIWCE 97.48

[3I] 3D CNN 3064 TIWCE 92.67498.32
[37]  Multi-path CNN 3064 TIWCE 97.30

[I8]  AlexNet TCIA dataset 99.04

[38]  Ensemble of CNNs Br35H 2020 & Kaggle MRI 98.83

[I7]  Transfer learning (various models) Brain MR images 99.30 (Benign), 98.40 (Malignant)
[39]  VGGI19, Inception-V3, ResNet-50 MR images 90.00

[40]  AlexNet, VGG-16, GoogleNet, ResNet-50 BRATS 2013, BRATS 2015, OPEN I 98.67
[A1]  ResNet152, VGG-19, DenseNet169, MobileNetV3  Kaggle benchmark dataset 99.75

MRI = Magnetic Resonance Imaging; BT = Brain Tumor; TIWCE = T1-weighted CE MR images.

3 Methodology

This section details our enhanced classification framework based on ResNet50 for brain tumor classifica-
tion. This refined architecture aims to achieve superior classification accuracy by integrating advanced
regularization techniques and meticulous data preprocessing.

3.1 Data Preprocessing

This study utilized datasets obtained from Kaggle. It encompasses a synthesis of data from Figshare,
SARTAJ, and BR35H datasets. This amalgam comprises raw MRI images gathered from these three
sources, totalling 7,023 images distributed among four classes: glioma, meningioma, no tumor, and
pituitary. However, prior research has reported inconsistencies in the labeling of glioma samples within the
SARTAJ dataset, particularly cases of mis-categorization across tumor classes. To ensure data integrity
and accurate model learning, the mislabeled glioma images from the SARTAJ dataset were excluded.
Those are replaced with correctly annotated samples from the Figshare repository. This refinement
aligns with the approach adopted in recent works such as PLOS ONE [42]. This also highlighted similar
labeling issues and advocated for dataset correction. The final curated dataset thus provides a balanced,
high-quality foundation for reliable brain tumor classification. These raw MRI scans fundamental to our
dataset go through a sequence of essential preprocessing steps to optimize model input.

Figure [I] complements this by displaying random sample images from our meticulously pre-processed
dataset showcasing the transformative impact of essential pre-processing techniques. These techniques
include cropping, resizing, contrast enhancement, and smoothing. These are illustrated to enhance the
clarity and relevance of the images, thereby facilitating accurate model training. Figure [2| outlines the
specific preprocessing steps applied to brain MRI images, clearly understanding the preprocessing work-
flow.
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Figure 2: Preprocessing steps for Brain MRI images

3.2 Split Ratio Description

Understanding how images are distributed among training, validation, and testing sets is crucial for
comprehensive analysis. Figure [3| enhances our understanding by presenting a detailed breakdown of the
class distribution across the four categories. Table [2| summarizes how brain MRI samples are distributed
across training, validation, and testing sets, making analysis clear and facilitating further examination.
Table [3] shows the varied image dimensions present in the dataset.

Table 2: Data distribution across training, validation, and testing splits.

Class Training Validation Testing
Glioma 908 226 487
Meningioma 921 230 494
Pituitary 984 245 528

No tumor 1120 280 600
Total 3933 (56.01%) 981 (13.97%) 2109 (30.02%)
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Figure 3: Class distribution across Training, Validation, and Testing sets

Table 3: Image size statistics (Width x Height) in Training and Testing sets

Dataset Smallest (WxH) Largest (WxH) Resized
Training 168x 300 1427x1275 224x224
Testing 168x 300 14461375 224x224

We utilized publicly available MRI datasets: the Brain Tumor MRI Dataset on Kaggle (https://www.
kaggle.com/datasets/masoudnickparvar/brain-tumor-mri-dataset), the Brain Tumor Dataset on
Figshare (https://figshare.com/articles/dataset/brain_tumor_dataset/1512427), The Classifi-
cation dataset (https://www.kaggle.com/datasets/sartajbhuvaji/brain-tumor-classification-mri),

and the Brain Tumor Detection dataset on Kaggle (https://www.kaggle.com/datasets/ahmedhamada0/
brain-tumor-detection).

3.3 Proposed Model Architecture

Our proposed model leverages an enhanced ResNet50 architecture, as depicted in Figure This fig-
ure elucidates the structural modifications introduced to the baseline ResNet50, incorporating dropout
regularization, global average pooling, dense layers, and Leaky ReLU activation. We opted for trans-
fer learning specifically with ResNet50 due to its established efficacy in harnessing pre-trained models
on extensive datasets like ImageNet, proving effectiveness on targeted tasks with scarce labelled data.
Fine-tuning the pre-trained ResNet50 model allows our architecture to leverage its proficiency in learning
intricate feature representations from diverse image data. The training and validation workflow with the
ablation study is given in Algorithm
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Figure 4: Proposed Regularized Transfer Learning Framework for Brain Tumor Classification.

Algorithm 1 Training and Validation Workflow with Ablation Variants
Input: Preprocessed MRI dataset D = {(z;,y:)} Y 1;

Baseline CNN backbones M = {my, ma,...,my};

Ablation variants V = {v1,vs,...,0p};

Hyperparameters: learning rate n, batch size B, epochs E, folds K.
Output: Trained models Méjf ) for each variant v; and fold f;
Validation metrics: Accuracy, F1-score

Step 1: Data Splitting Partition D into K stratified folds (D(f) D(f)), f=1...K.

train’ " val
Step 2: Model Initialization and Training foreach baseline model m € M do
foreach ablation variant v € V do
for f =1to K do
Initialize Méf ) with pretrained backbone m
Modifying classifier head as per variant v: chosing hidden layer size
Applying activation (LeakyReLU)
Including dropout layers

Training phase: for e=1 to F do
foreach mini-batch (zp,yp) C Dﬁfﬁm do
Gy + M (z)
L + CrossEntropy (§s, yp)
Updating model parameters using AdamW(n)

Validation phase: Evaluating ngf ) on D‘(,Q

Computing Accuracy and F1-score
Saved best-performing checkpoint and metrics

Step 3: Result Aggregation Aggregating metrics across folds and computing the mean =+ std for
each variant




92 Inteligencia Artificial 78(2026)

Moreover, dropout regularization significantly contributes to enhancing the model’s resilience against
overfitting. This technique involves randomly deactivating neurons during training, which lets the net-
work avoid excessive dependency on specific features. Consequently, dropout enhances model robustness
and fosters better generalization capabilities. This regularization method effectively emulates an ensemble
of smaller networks within the overarching architecture, resulting in more stable and dependable predic-
tions. Additionally, incorporating global average pooling and dense layers aids in extracting high-level
features from the ResNet50 backbone. Coupled with Leaky ReLLU, the activation function in the classifier
head to mitigate the dying ReLU problem and to preserve gradient flow during fine-tuning, particularly
under dropout-based regularization. Unlike standard ReLU, leaky ReLU allows a small non-zero gradi-
ent for negative activations, which helps stabilize optimization and prevents inactive neurons in deeper
layers. This design choice was empirically validated through ablation studies, which showed more stable
performance compared to standard ReLLU under identical training conditions.The predicted class labels,
filters, and loss functions are given in equations (1))—(F]

g = Softmax(Wd Dropout (§(W; GAP(F(x)) + by)) + bd) (1)
F(z) = BatchNorm(Conv(z)), with Conv(z) =Wz +b (2)
max(Zm,n), Max Pooling,
m,n
= 3
Ypoo! L > T, Average Pooling, ®)
khkw m,n
Ydrop = € ©m, m ~ Bernoulli(p) (4)
c
Lop=— Y tilog(ii) (5)
i=1

where 2 € REXWXC denotes the input MRI image, and F(z) represents the feature map extracted by the
convolutional backbone network. W and b denote the convolutional kernel weights and bias, respectively,
and * denotes the convolution operation. GAP(+) is the global average pooling operator.

In Eq. 7 Wp and by correspond to the weights and bias of the fully connected layer, while Wy and
by denote the weights and bias of the final classification layer. §(-) represents the Leaky ReLU activation
function. y € RY denotes the predicted class probability vector after the Softmax operation.

In Eq. , kpn and k,, denote the height and width of the pooling window, and x,, , represents the
activation at spatial location (m,n). In Eq. , m is a binary mask sampled from a Bernoulli distribution
with retention probability p, and ® denotes element-wise multiplication.

Finally, Eq. defines the categorical cross-entropy loss, where ¢; denotes the ground-truth label for
class i, 9; is the predicted probability for class i, and C' is the total number of tumor classes.

The proposed model architecture extends the renowned ResNet50 convolutional neural network, ex-
plicitly customized for tasks related to brain tumor classification. We begin by initializing ResNet50 with
pre-trained ImageNet weights and removing its final classification layer. Subsequently, we introduce a
series of enhancements to the model, including incorporating dropout regularization, global average pool-
ing, and additional dense layers. Dropout regularization mitigates overfitting by randomly deactivating
neurons during training, while global average pooling reduces computational complexity and facilitates
feature extraction. Moreover, using Leaky ReLLU activations boosts the model’s effectiveness in identify-
ing detailed patterns within the data. These modifications collectively contribute to a more robust and
efficient architecture that accurately classifies brain tumors from MRI images.

4 Experimental Study

Our study aimed to assess the efficacy of the Improved Regularized ResNet50 model for classifying brain
tumors using pre-processed MRI images. We rigorously evaluated the model’s efficacy on distinct training
and testing datasets, utilizing key performance metrics.
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4.1 Environment

The experiments for this research were conducted on a high-performance computing setup with an Intel
Core i7-12700K CPU, 64 GB RAM, and an NVIDIA GeForce RTX 3090 GPU, running Windows 11.
The primary programming language used was Python 3.8, with TensorFlow 2.6.0 as the deep learning
framework. Essential libraries included NumPy, Pandas, Scikit-learn, and OpenCYV for data manipulation,
machine learning algorithms, and image processing. MRI images were pre-processed through cropping,
resizing, contrast enhancement, and smoothing to ensure consistency for training the enhanced ResNet50
model.

4.2 Experimental setup

To ensure experimental transparency and reproducibility, all architectural, optimization, and training
hyperparameters used in this study are summarized in Table [

Table 4: Training and hyperparameter configuration of the proposed regularized ResNet-50 framework.

Component

Configuration

Backbone network
Input
Preprocessing

Classifier head

Optimizer
Learning rate schedule

Training setup
Loss function

Regularization
Data augmentation

ResNet-50 (ImageNet pre-trained); all layers fine-
tuned

224 x 224 x 3 RGB images; ImageNet normaliza-
tion

Cropping, CLAHE contrast enhancement, Gaus-
sian smoothing

GAP — Dense (512, Leaky ReLU o = 0.01) —
Dropout (0.5, 0.3) — Softmax (4 classes)

Adam, initial learning rate 1 x 1074
Reduce-on-plateau (factor 0.5, patience 5, min
LR 1 x 107%)

Batch size 32; 50 epochs with early stopping (pa-
tience 10)

Categorical cross-entropy

Dropout enabled; L2 weight decay 1 x 1074
Horizontal flip; rotation +15°; shift +10%; zoom

+10%
70/15/15 split; 3-fold stratified CV; bootstrap
95% CI (1000 resamples)

Evaluation

Unless otherwise stated, the hyperparameter values reported in Table 4| were used consistently across
all experiments, including benchmark comparisons and ablation studies.

4.3 Result Analysis

The performance metrics detailed in Table [5| thoroughly evaluate the proposed framework’s effectiveness
in brain tumor classification across training and testing datasets. With remarkable accuracy scores of
0.9969 for training and 0.9962 for testing. The model consistently demonstrates high precision, recall,
and F1l-scores, reflecting its robust classification capabilities.

Table [] reveals the precision, recall, and F1-score values of the model consistently nearing perfection
across all classes. The model notably achieved perfect precision and recall for most classes, highlighting
its accuracy in identifying various tumor types. Furthermore, the macro and weighted average metrics
affirm the model’s overall performance and capacity to generalize effectively to new data. With minimal
misclassifications these results emphasize the model’s high accuracy and reliability in clinical applications.
This suggests significant advancement in brain tumor diagnosis in patient care.
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Table 5: Performance metrics for the proposed model.

Metric Training Testing
Accuracy 0.996948894  0.996207
Precision  0.996953642  0.996208
Recall 0.996948894  0.996207
F1-Score  0.996946393 0.996204

Table 6: Comprehensive classification metrics of the proposed model.

2*Class Training Testing

Precision Recall Fl-score Support Precision Recall Fl-score Support
Glioma 1.00 1.00 1.00 908 1.00 0.99 0.99 487
Meningioma 1.00 0.99 0.99 921 0.99 0.99 0.99 494
Pituitary 1.00 1.00 1.00 1120 1.00 1.00 1.00 600
No tumor 0.99 1.00 1.00 984 1.00 1.00 1.00 528
Accuracy 1.00 3933 1.00 2109
Macro avg 1.00 1.00 1.00 3933 1.00 1.00 1.00 2109
Weighted avg 1.00 1.00 1.00 3933 1.00 1.00 1.00 2109
Total Samples 3933 2109
Correctly classified 3921 2101
Incorrectly classified 12 8

4.4 Data Integrity and Leakage Prevention

To prevent data leakage and ensure the validity of experimental results following safeguards adopted
during dataset construction, pre-processing and evaluation.

First, the datasets employed in this study are publicly available image-level MRI repositories that do
not provide explicit patient identifiers. As a result, strict patient-wise separation cannot be enforced. To
mitigate the risk of subject overlap, we ensured image-level independence by verifying that no identical
filenames, file hashes, or near-duplicate images appeared across the training, validation, and testing splits.

Second, all datasets consist of standalone 2D MRI images rather than volumetric scans or slice se-
quences extracted from the same subject. Consequently, no multiple slices from a single MRI volume
were distributed across different data splits, eliminating slice-level leakage.

Third, prior to merging images from multiple sources, duplicate and near-duplicate detection was
performed using resolution checks and image hashing techniques. Any duplicated samples identified
across datasets were removed before dataset partitioning to preserve data integrity.

Fourth, all pre-processing operationsaincluding cropping, contrast enhancement using CLAHE, Gaus-
sian smoothing, and normalizationawere applied independently to each image. Data augmentation was
strictly restricted to the training set and was not applied to validation or test samples, preventing infor-
mation leakage across splits.

Finally, dataset partitioning was performed deterministically using a fixed manifest-based split, en-
suring reproducibility and preventing inadvertent mixing of samples between subsets. Together, these
safeguards ensure that the reported performance reflects genuine generalization rather than memorization
or data leakage.

4.5 Comparison with Benchmark Models

We compared our model’s performance with existing architectures such as ResNet50, VGG16, MobileNet,
InceptionV3, and Xception to benchmark our model’s performance. These models are widely recognized
in deep learning for their efficacy in classifying brain tumors from MRI images. They serve as valuable
benchmarks due to their well-documented performance and widespread adoption in research. Table [7]
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demonstrates that our proposed model consistently outperformed these benchmarks across all perfor-
mance metrics. Specifically, our proposed framework achieved an accuracy of 0.9969, notably exceeding
the best benchmark model, MobileNet, which acquired an accuracy score of 0.9900.Table [§] presents a
detailed assessment of the performance metrics for individual classes between the benchmark models and
our proposed model. The data indicate that our model consistently surpasses the performance metrics
benchmarks across all classes. Notably, the proposed model obtained an accuracy of 0.9979 in glioma iden-
tification, outperforming the highest accuracies achieved by VGG16 (0.9919) and ResNet50 (0.9563).In
summary, these comparisons underscore the enhanced performance of our model in accurately identifying
brain tumors. This surpasses benchmark models across multiple metrics. Although the differences in the
performance metrics might seem incremental, they represent significant improvements that can lead to
tangible benefits in real-world clinical settings. For instance, the proposed model’s exceptional accuracy
of 0.9969 contrasted to the highest-performing benchmark model’s 0.9900 may seem modest. Still in
the context of medical diagnosis, this improvement can lead to more precise and timely interventions for
patients. With conditions as complex and life-threatening as brain tumors, even a slight enhancement in
diagnostic accuracy can significantly impact treatment planning, prognosis, and ultimately patient care
outcomes.

Table 7: Performance comparison with benchmark frameworks

Model Accuracy Precision Recall F1l-score
VGG16 0.9881 0.9881 0.9881 0.9881
ResNet50 0.9327 0.9355 0.9327 0.9333
MobileNet 0.9900 0.9901 0.9900 0.9900
InceptionV3 0.9862 0.9862 0.9862 0.9862
Xception 0.9881 0.9882 0.9881 0.9881
Proposed Model 0.9969 0.9970 0.9969 0.9969

Table 8: Class-specific performance metrics for benchmark models and the proposed model

2*Model Glioma Meningioma Pituitary No Tumor

Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1
VGG16 0.9919 0.9855 0.9795 0.9825 0.9891 0.9836 0.9696 0.9766 0.9957 0.9832 1.0000 0.9915 0.9995 0.9983 1.0000 0.9992
Xception 0.9915 0.9896 0.9733  0.9814  0.9905 0.9798 0.9798 0.9798 0.9943 0.9813 0.9962 0.9887 1.0000 1.0000 1.0000 1.0000

MobileNet 0.9915  0.9916 0.9713 0.9813 0.9910 0.9741 0.9879 0.9809 0.9976 0.9925 0.9981 0.9953 1.0000 1.0000 1.0000 1.0000
InceptionV3 0.9896 0.9834 0.9713  0.9773  0.9877 0.9756 0.9717 0.9736 0.9953 0.9832 0.9981 0.9906 1.0000 1.0000 1.0000 1.0000
ResNet50 0.9564 09193 0.8891 0.9040 0.9417 0.8404 0.9271 0.8816 0.9720 0.9699 0.9167 0.9426 0.9953 0.9966 0.9867 0.9916
Proposed 0.9918 0.9979 0.9918 0.9949 0.9905 0.9919 0.9919 0.9919 1.0000 0.9962 1.0000 0.9981 1.0000 1.0000 1.0000 1.0000

The comparative analysis of models for classifying brain tumors detailed in Table [9] highlights the
effectiveness of our proposed Regularized ResNet-50-based model. The proposed framework outperforms
benchmarks by achieving an accuracy of 99.62%, encompassing DenseNet 201 (99.51%) and Inception
V3 (99.34%) from Nooren et al. [34]. The methodological innovation of incorporating regularization
techniques in ResNet-50 significantly enhances its generalization and accuracy. Unlike most models, which
classify three tumor types, our model, along with Sajjad et al. (2019) and Kang et al. (2021) [33], [38],
classifies four types, maintaining high accuracy across both the Br35H 2020 dataset and 3064 T1-weighted
CE MRI images. This robustness and versatility make it reliable for diverse datasets. Clinically, even
marginal improvements in accuracy can lead to better diagnostic precision, which is essential for the
prompt treatment of patients. This underscores the clinical value of our model’s superior performance.
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Figure 6: Training and Validation curves over 30 epochs

Confusion matrices for the training and testing phases are vital for assessing the model’s predictive
capabilities. As illustrated in Figure [5| our analysis reveals a consistent trend of accurate classifications
with minimal instances of misclassifications. In the training confusion matrix, out of 3933 samples, only
12 were misclassified. This is indicating a high level of accuracy with a misclassification rate of merely
0.3%. Similarly, out of 2109 samples, only seven were misclassified in the testing set, which is reflecting
an equally impressive performance with a misclassification rate of approximately 0.3%. Furthermore,
our examination of the training and validation curves over 30 epochs depicted in Figure [6] It reveals
essential details about the model’s performance dynamics. These curves trace the progression of accuracy
and loss metrics during training and validation steps, offering a thorough perspective of the model’s
learning process and convergence behavior. This analysis expands our comprehension of the model’s
predictive capabilities, enabling informed decisions for further optimization. The minimal instances of
misclassifications underscore the model’s reliability and precision in categorizing brain tumor images. It
is highlighting its diagnostic accuracy and instilling confidence in its application in real-world scenarios.
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Table 9: Performance comparison with existing literature

Reference Methodology Classes Dataset (Image Count) Accuracy (%)
Sajjad et al. [33] InputCascadeCNN 4 3064 TIWCE 94.58
Noreen et al. [34]  DenseNet-201 + InceptionV3 3 3064 TIWCE 99.51, 99.34

Rehman et al. [3I]  AlexNet, GoogLeNet, VGGNet 3 3064 TIWCE 98.67
Kumar et al. [I7] Improved ResNet-50 3 3064 TIWCE 97.48
Kang et al. [38] Pre-trained CNN + ML classifiers 4 Br35H 2020, Kaggle MRI 98.83
Proposed Model Regularized ResNet-50 (RE-TL+) 4 Br35H 2020 + 3064 TIWCE 99.62

4.6 Ablation Study

To scrutinize the effects of varying architectural and training elements, we implemented a rigorous ab-
lation study. The essential structure incorporated a customary ResNet-50 design merged with a linear
classification head. Thereafter, we methodically incorporated extra factors, such as dropout layers, dense
connections, and Leaky ReLU activations. Every variant underwent assessment with a 5-fold cross-
validation to guarantee a reliable estimation of generalization abilities.

Table presents a brief of the cross-fold outcomes, emphasizing accuracy, Fl-macro, precision-
macro, and recall-macro corresponding to each variant. The baseline ResNet-50 head attained a mean
accuracy ranging from 98.1% to 99.3% across the folds, while the enhanced variant featuring dropout
(0.5/0.3) and Leaky ReLU demonstrated marginally improved stability across classes. Notably, the
performance discrepancies among variants remained within approximately 1.5%, suggesting that the
proposed enhancements did not artificially enhance accuracy but rather fortified robustness.

Table 10: Ablation study results of architectural and training variations.

Variant Mean Accuracy Mean Fl-macro Mean Precision Mean Recall
Baseline ResNet-50 (linear head) 0.9815-0.9936 (avg ~ 0.9903) 0.9901 0.9898 0.9902
Head: 512d + ReLU (no dropout) 0.9872 0.9868 0.9869 0.9867
Head: 512d + ReLU + Dropout(0.5, 0.3) 0.9872 0.9868 0.9869 0.9867
Head: 512d + LeakyReLU + Dropout(0.5, 0.3) 0.9843 0.9838 0.9839 0.9837
Head: 512d + LeakyReLU + Dropout(0.5, 0.3, freeze backbone) 0.9744 0.9736 0.9737 0.9736

To deepen our understanding of statistical dependability, we implemented bootstrap resampling for
calculating 95% confidence intervals (CI) related to mean accuracy. Table [L1] presents the bootstrapped
CI values, while Figure [7] depicts the mean accuracy alongside error bars. The baseline model recorded
an average accuracy of 99.1% (95% CI: 98.6-99.6), while the dropout-regularized head attained 98.4%
(95% CI: 97.7-99.0). The overlapping confidence intervals affirm that both models generalize consis-
tently, with the observed differences lacking statistical significance. Together, these results demonstrate

Table 11: Ablation study showing the training variations with 95% confidence intervals (CI).

Variant Mean Accuracy 95% CI (Lower) 95% CI (Upper)
Baseline ResNet-50 (linear head) 0.9915 0.9865 0.9964
Head: 512d + LeakyReLU (no dropout) 0.9907 0.9858 0.9957
Head: 512d + ReLU (no dropout) 0.9872 0.9815 0.9929
Head: 512d + ReLU + Dropout(0.5, 0.3) 0.9872 0.9808 0.9929
Head: 512d + LeakyReLU + Dropout(0.5, 0.3) 0.9843 0.9772 0.9907
Head: 512d + LeakyReLU + Dropout(0.5, 0.3, freeze backbone) 0.9744 0.9721 0.9824

that our proposed enhancements achieve robust performance reduce overfitting risk and provide reliable
generalization across varying splits.
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Ablation Study with 95% Bootstrap Confidence Intervals
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4.7 Visual Analysis

This subsection provides a detailed examination of crucial figures for understanding our model’s perfor-
mance. Figure [§] compares actual versus predicted labels for random test samples, revealing the model’s
accuracy in classifying brain tumor types. Figure [J] illustrates class probability distributions, offering
insights into prediction confidence and potential classification uncertainties.

This analysis provides valuable feedback on the model’s performance. guiding future optimization
efforts to strengthen the efficiency of diagnostic tools in medical imaging.
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Figure 8: Comparison of Actual vs. Predicted labels across sampled Test cases



Inteligencia Artificial 78(2026) 99

Actual: meningioms

predicted: meningioma

Figure 9: Distribution of class probabilities across sampled Test cases

5 Conclusion

Comprehensive experimental results,Performance metrics corespresented in Tables including com-
parisons with widely used pre-trained models such as VGG16, ResNet50, MobileNet, InceptionV3, and
Xception, indicate that the proposed configuration achieves competitive and consistent performance
across heterogeneous MRI datasets. The inclusion of bootstrap confidence intervals, non-parametric
statistical testing, and detailed error analysis further supports the reliability and robustness of the re-
ported results.This suggests that the observed performance reflects genuine generalization rather than
memorization.

Despite encouraging outcomes, this study is subject to certain limitations. The experiments were
conducted on publicly available 2D MRI image datasets that lack explicit patient-level identifiers, and
evaluation on fully independent, multi-institutional clinical datasets remains an important direction for
future work. Extending the framework to volumetric MRI data, assessing robustness across different
scanners and acquisition protocols, and exploring adaptive regularization strategies may further enhance
clinical applicability.

Overall, this work contributes empirical insights into how standard regularization strategies can be
effectively leveraged within transfer learning frameworks for brain tumor classification. By emphasizing
methodological transparency, statistical validation, and reproducibility, the study provides a reliable foun-
dation for future research toward robust and clinically meaningful computer-aided diagnosis systems.
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