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Abstract: Diagnosis of brain tumor with Magnetic Resonance Imaging (MRI) is the key for early treatment planning, which
however, manual interpretation of can be time-consuming and may suffer from diagnostic inconsistency. To overcome this issue,
in this paper, a stacked ensemble-based hybrid deep learning framework for multi-class brain tumor classification is proposed. The
combination consists of Xception, ConvNeXt and Swin Transformer as heterogeneous base learners, their probabilistic predictions
are combined by the meta-learner via stacking. Large data preprocessing and augmentation improve generalization and robustness.
Experimental results on a balanced MRI task achieve a test accuracy of 98.92%, as well as high precision, recall and F1-scores for
all tumor classes are obtained. The confusion matrix and the ROC analyses demonstrated a high-performance discrimination power
and low misclassification. The proposed method yields a practical and scalable solution for automated MRI-based brain tumor
diagnosis, laying the foundation for future clinical decision-support systems.
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1. Introduction

Brain tumors are one of the deadliest neurologic diseases in which early and accurate diagnosis greatly
impacts treatment strategy as well as patient’s survival. Magnetic Resonance Imaging (MRI) constitutes the ideal
imaging modality because of its high soft tissue contrast and absence of ionizing radiation and for obtaining structural
information at high resolution [1]. However, manual MRI analysis is time-consuming and subjective, as well as
significantly dependent on radiological expertise. Differences in tumor size, shape, intensity and location also add to
the difficulty of diagnosis. As a result, computer—aided diagnosis systems are becoming more important in neuro-
oncology and such systems based on artificial intelligence have emerged [2].

Recent developments in deep learning techniques such as Convolutional Neural Networks (CNNs) and
Transformer-based architecture exhibit high capability in the detection or classification of tumors. Convolutional
Neural Networks (CNNs) are good at encoding local texture and spatial information [3], while Transformers possess
strong ability of modeling long-range dependencies and global context information. However, single-model methods
usually suffer from correlated errors and lack of generalization on small medical datasets, as well as sensitivity to data
imbalance. Such challenges have motivated the investigation and synthesis of hybrid ensemble approaches that
combine various architectures to improve robustness and reliability [4].

In this work the focus is on multi-class brain tumor classification of MRI images, and we aim to design a
novel stacked ensemble hybrid deep learning model [5]. The proposed structure integrates three base learners with
different architectures, including Xception, ConvNeXt and Swin Transformer, to exploit the complementary local
features. The outputs are stacked using a meta-learner, and this fusion strategy allows its decision to be adaptive and
data dependent. This architecture was specifically developed to minimize the occurrence of correlated errors, enhance
that of generalization and further ensure clinically sound classifier performance.

The main novelty of this work is:
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*  Unifying CNN-based and Transformer-based architectures under a single stacking framework.

»  Utilizing architectural diversity to learn the fine sweaty texture, hierarchical features and global context
together.

*  Improving the stability of probabilistic fusion by using a meta-learning approach.
*  Exceeding state-of-the-art performance with a balanced class-wise accuracy and very low overfitting.

The organization of the remainder of this paper is as follows: Section 2 briefly introduce related works of deep
learning-based brain tumor classification and segmentation. The proposed stacked ensemble method is introduced in
Section 3. Implementation details, dataset description and experimental settings are described in Section 4. Section 5
presents quantitative and qualitative results, such as accuracy, loss behavior and confusion matrix performance
measures. Finally, Section 6 presents conclusion and future work.

2. Literature review

Tumors of the brain are one of the most severe neurological diseases, with their prognosis being dependent
on early-stage detection that can aid in improving treatment decisions. Magnetic Resonance Imaging (MRI) is
extensively used in comparison to other imaging techniques owing to excellent soft tissue contrast and multi-
structural information without ionizing radiation. Recent systematic reviews according to PRISMA guidelines find
that deep learning algorithms, in particular hybrid CNN-Transformer models, significantly outperform traditional
methods and surpass Dice scores of 90% on benchmark datasets [1]. As imaging volumes and diagnostic challenges
continue to grow, artificial intelligence (AI) systems have become necessary support tools for radiologists. Novel
architecture such as transfers learning, attention mechanisms, autoencoders and transformers have paved the way to
diagnosis errors reduction and classification/segmentation improvement; however, limitations with respect to
interpretability and dataset bias persist [2].

The field of brain tumor segmentation has evolved rapidly with the use of deep learning techniques and
multimodal MRI. Architectures like CNNs, U-Net variants and combination with attention are showing enhanced
tumour-localization ability and generalization on benchmark datasets such as BraTS or TCGA-GBM [3].
Bibliometric analysis of hundreds of papers shows that research activity has experienced a dramatic increase, with
CNN based deep and the hybrid architecture becoming more predominant in current contributions, as the multi-
disciplinary nature of this area expands [4]. Scientometric analysis also indicates the growing application of deep
learning in MRI-based tumor classification studies and recognizes new research directions and international
collaborations that influence future development of neuro-oncology Al systems [5].

Recent comparative studies, that systematically compared CNN, transformers and hybrid architectures,
potential benefits of hybrid models to be superior reaching Dice scores higher than 0.90, and classification accuracy
greater than 98% to multiple MRI datasets [6]. The Brain Tumor Segmentation (BraTS) challenges have been forefront
in facilitating this advancement by making available publicly standardized datasets, advanced annotations, and
benchmarking protocols which have significantly increased the state-of-art segmentation results [7]=[10]. In glioma
segmentation, moving from 2D-CNN-based methods to 3D ones and the recent introduction of attention mechanisms,
transformers, and ensemble learning have greatly boosted tumor delineation as well as survival prediction -
demonstrating the importance of explainable and multimodal Al systems [8].

The hybrid detection—segmentation-based pipelines have also shown strong clinical relevance. For instance,
cascaded models such as YOLO-detector-on-U-Net-segmentation produce larger Dice and mAP scores in relation to
single-stage classifiers, allowing for more accurate tumor localization [9]. Pretrained CNN models following a transfer
learning strategy demonstrate the strength of deep learning in tumor classification, which frequently obtains an
accuracy rate later 98% for large MRI dataset [10]. Salient architectures such as those built upon DenseNet as well
and empowered by explainable Al technique like Grad-CAM++ bring high accuracy and interpretable tumor
localization, which promotes clinical dependability [11].

Recent comprehensive reviews on deep learning applications in neuro-oncology emphasize the efficacy of
contemporary architecture and reveal persisting challenges such as inconsistent benchmarking, lack of diversity for
the dataset used in deep learning training or clinical deployment due to regulatory limitations [12]. Systematical
research over hundreds of segmentation models indicates that CNN, GAN, U-Net and hybrid architecture all improve
accuracy and interpretability greatly, but the real application still encounters problems of data imbalance and
hyperparameter sensitivity [13]. Ensemble methods and integrated frameworks such as VISION integrate
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classification, detection and segmentation into one pipeline structure and perform well in multiple orientations of MRI
with improved clinical efficiency [14].

Comparative analyses of state-of-the-art CNN architectures (VGG, ResNet, Inception and EfficientNets)
demonstrate that advanced networks, like EfficientNetV2 provide better performance in binary as well as multiclass
tumor classification tasks [15]. The studies demonstrated that the CNN-based and hybrid CNN—-Transformer models
outperform conventional approaches, leading to accurate tumor delineation with multimodal data fusion [16]. Hybrid
machine learning and deep learning techniques have improved diagnostic accuracy in datasets such as BraTS and
TCIA, facilitating personalized treatments for neuro-oncology [17].

Another necessary alternative of the neural network can be either ensemble or hybrid model for its more
reliable performance. Multi-model approaches, such as InceptionV3—Xception ensembles are reported to surpass 98%
of classification accuracy, showing the applications of ensemble methods [18]. Attention based architectures such as
the OA-U-Net-PVT are the approaches that have been proposed to fuse the transformers along with U-Net to enhance
spatial and contextual understanding and reaches high accuracy in terms of Dice score [19]. Similar advances are
made in multimodal MRI-based glioma segmentation, where the application of attention- and transformer-based
models enhances treatment planning although data quality and interpretability remain an issue [20].

Ensemble U-Net models have also widely shown high performance in detection, segmentation, or
classification tasks of the deep learning system that get higher Dice scores and more clinical robustness over BraTS
datasets [21]. The release of large-scale datasets with diverse scenarios, e.g., BTS-DS 2024, has further proposed
progress for research and made the state-of-the-art detection and segmentation performance can be achieved by
modern YOLO-based models [22]. Rreviews based onAl-driven diagnostic systems have underscored the increasing
importance of CNN, GAN and transformers and ensemble methods, focusing on accuracy improvements despite
challenges in applicability to other patient populations and integration into clinical workflows [23].

Diverse and fair data have drawn research attention more than ever. Experiments on the BraTS-Africa data
show that augmentation and ensemble can benefit class imbalance for a fair clinical evaluation [24]. Hybrid
computational flow mixing classical and deep-learning-based machine learning algorithms, such as ICA2-SVM
architectures, are still being reported with high accuracy and computation efficiency [25], demonstrating that the ML—
DL integration is still actively required. Multi-task learning methods that integrate segmentation and classification
promote diagnostic accuracy, yielding competitive Dice and accuracy on different tumor classes [26].

Meanwhile, two-stage YOLO + AT-UNet methods show better performance in terms of precision, recall and
Dice under the same protocol [27]. Apart from traditional computer-aided diagnosis, by combining segmentation with
interactive 3D visualization, augmented reality solutions such as BrainAR allow for intuitive clinical interpretation
and real-time patient-specific analysis [28]. Fuzzy theories and CNNs combined achieve high accuracy for
classification and Dice scores, as well as tumor size estimation for clinical decision making [29].

A survey on machine learning-based diagnostic frameworks demonstrates how different preprocessing,
segmentation, and classification steps enhance computer-aided diagnosis systems as well as future research directions
in the field of neurological disorder detection [30]. As an example, advanced detection-oriented architectures like DC-
YOLOVSFEN integrate transformers, attention modules and optimized loss functions to obtain high accuracy and
robustness in case of rare tumor detection [31]. Newer segmentation methods integrate topological data analysis in U-
Net type architectures, achieving even higher Dice performances by also considering the local and global aspects of
tumor shapes [32].

3D Sparse Segmentation Models [33] Faster computation is possible using 3D segmentation models that
incorporate densely connected convolutions together with bi-directional ConvLSTM layers as well achieving
competitive accuracy in BraTS datasets. In summary, from early CNN-based on brain tumor classification models to
attention-based transformers and hybrid CNN-Transformer architectures, we can see that hybrid approaches provide
the best trade-off between local feature extraction and global context modeling. Yet limitations such as domain shift,
data paucity and explainability still steer the research into federated learning, self-supervised learning and trustworthy
Al systems [34].

Recent research also reports on the effectiveness of automatic deep learning tools for detection of brain
tumors. Hybrid CNN, attention module with transfer learning-based architectures enhances on generalization and
decrease KLC related errors [35]. CNN-XGBoost models, which are intentionally embedded in adaptive approaches
and become fine-tunable with breathing-induced motion (BIM) samples, reach an apparent accuracy of 99% and
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effectively segment tumor region across different datasets [36]. In imbalanced datasets, attention learning models and
comparative CNN works can achieve better classification accuracy and robustness [37], [38]. Newer architectures that
introduce multilevel feature extraction, attention mechanisms and transformers achieve superior classification
precision and stability beyond 98% [39], [40]. Deep-learning systems based on IoMT also can accomplish real-time
diagnosis accuracy > 99%, showing a great prospect for remote and scalable healthcare applications [41].

3. Methodology

3.1 proposed architecture
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Figure 2: Proposed end-to-end stacked ensemble model for multi-class brain tumor classification using MRI
scans. Firstly, a raw MRI scan is preprocessed and data augmented by being resized, normalized, rotated, flipped and
transformed with noise with the purpose of adding additional diversity to the training samples. The processed images
are first fed into three architecture-divergent base learners (Xception, ConvNeXt and Swin Transformer) in parallel
to capture fine-grained texture features, high-level representations and global context information independently.
Every base learner gives a 4-dimensional class probability vector against Normal, Glioma, Meningioma and Pituitary
tumor classes. The probability vectors are stacked together as a unified meta-feature representation and then sent to
a meta-learner, that aims at learning the optimal fusion strategy. Lastly, the meta-learner decodes predicted tumor
class by argmax decision rule and achieves accurate and robust classification through exerting complementary
advantages of the convolutional model and transformer-based model.
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Figure 3 shows how the three base learners in the stacked ensemble work from inside. In Xception branch,
the input MRI data is subjected to standard convolution followed by depth wise and pointwise convolutions, providing
an optimal way for extracting detailed texture features with low parameter complexity. To capture powerful
hierarchies and shapes representation with effective parameterize, the ConvNeXt branch utilizes large-kernel
convolutions also combined with depth wise convolution and feature pooling. Instead, the Swin Transformer branch
divides MRI image into non-overlapping patches and performs shifted-window self-attention in transformer blocks,
which can capture long-range spatial dependencies and global contextual information properly. Here, each branch
independently captures the distinguishing features and outputs a 4D class probability vector (Normal, Glioma,
Meningioma and Pituitary tumor) to complement representations are later pooled in an ensemble for enhanced
classification performance.
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Figure 4: Stacked ensemble architecture for multi-class brain tumor classification in MRI images. First, the
raw MRI scans are preprocessed and augmented (e.g., resized, normalized, rotated, flipped, noise scaled) for better
generalization. The preprocessed images are then jointly input into three base learners, which are architecturally
different. The Xception branch uses depth wise separable convolutions (3x3 depth wise and 1x1 pointwise
convolutions) to adaptively capture texture-level information in an efficient manner. The small-kernel branch of
ConvNeXt exploits those large-kernel convolutions, depth wise convolutions, and feature pooling to learn strong
hierarchical and shape-oriented representations more parameter-efficiently. Meanwhile, the Swin Transformer branch
takes patch embedding and shifted-window self-attention in transformer blocks to capture long-range spatial
dependencies and global context information for tumor boundary cognition. Each base learner generates a class
probability vector of dimensionality four representing Normal, Glioma, Meningioma and Pituitary tumor classes.
Then the probabilistic outputs are stacked, and meta-learner is adopted to learn an optimal combination strategy
between models. The final tumor classification is then predicted using an argmax decision rule, thereby enabling the
combination of the complementary representations learned by convolutional neural network and transformer for
robust and accurate diagnostic performance.

A. Overview of the Proposed Stacked Ensemble Framework

In this work, we propose a stacked ensemble hybrid deep learning model for multi-class classification of
brain tumors in MR images. The main idea is to make use of architectural diversity, by combining complementary
feature learning capabilities brought by convolutional and transformer-based models. The hybrid model is a two-
stage framework which can be applied:
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Stage 1 (Base Learners): We first train three depth-heterogeneous deep networks -Xception, ConvNeXt, and
Swin Transformer in isolation to serve as feature specialists.

Stage 2 (Meta-Learner): We utilize a stacking-like ensemble strategy where the probability outputs of base
learners are aggregated using a learnable meta-classifier for final prediction.

This architecture minimizes the correlated errors and promotes generalization as well as robustness on small
medical image datasets.

B. Dataset and Preprocessing

Let the MRI dataset be defined as
D = {(x;, y)}r (1)

where x; € R®*"W*Cdenotes an MRI image and y; € {1,2,3,4}represents the corresponding class label (Normal,
Glioma, Meningioma, Pituitary).

All images are downscaled to a fixed spatial resolution and normalized in range [0,1]. To prevent overfitting
and promote generalization, heavy data augmentation is employed in training: it consists of random rotations,
horizontal and vertical flips, scaling and intensity variation. The dataset is divided with a stratified strategy to keep
the class distribution consistent across train and validation sets.

C. Stage 1: Base Learners (Feature Specialists)
1) Xception Network

The Xception is used as a fine grain texture feature extractor. It uses depth wise separable convolutions, that
disentangles the regular convolution into two separate operations: depth wise and pointwise convolutions. This
architecture can effectively reduce the number of parameters and maintain spatial details.

The depth wise separable convolution can formally be written as:

Convps(x) = Convyy; (Convix(x)), 2

where Convy,ydenotes depthwise convolution and Conv; «;denotes pointwise convolution.

This architecture is especially good at learning fine texture details and local contrast patterns in MRI
modality.

2) ConvNeXt Network

ConvNeXt is used as a strong hierarchical feature learner. What we would like to see are models of the
Transformer that incorporate backbones with design principles from transformers, such as large kernels, layer
normalization and better feature scaling.

ConvNeXt is particularly good at learning efficient and noisy-robust representations, which makes it a
natural fit for MRI images with heavy augmentation and scanner variation. It extracts the mid-level features, e.g.,
edges, contours, and morphological regularity.

3) Swin Transformer

The Swin Transformer is a global context reasoning module. In contrast to CNN, Swin Transformer uses
Shifted window based self-attention that can efficiently capture the long-range spatial information.

Given an input feature map X, self-attention is computed as:

. _ QKT
Attention(Q,K,V) = softmax (W) v, (3)

where Q, K, and Vare query, key, and value projections, respectively.

This mechanism enables the model to learn tumor shape, symmetry, and anatomical location which are
important factors for brain tumor diagnosis.
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D. Independent Training of Base Models

Every base learner is trained independently with the same training data and augmentation pipeline. Denote
the predicted class probability vectors from the three base models as:

p® p© p©) e R4, )

such that they correspond to Xception, ConvNeXt and Swin Transformer.

Independent training guarantees that there is prediction diversity, meaning each model learns different
representations and has error behavior.

E. Stage 2: Stacked Ensemble with Meta-Learner
1) Feature Construction for Stacking
The outputs of the base learners are concatenated to form a meta-feature vector:

z=[p® I p© Il p®]eRr? )
This vector serves as the input to the meta-learner.

2) Meta-Learner Design

Finally, a lightweight meta-classifier (e.g., logistic regression or shallow MLP) is trained to combine the
predictions of the base models. where the meta-learner predicts final prediction as:

Y = fmeta(2), (6)

where f,0: (*)is a learnable decision function.
To reduce overfitting, the meta-learner is fit only on out-of-fold predictions.
F. Loss Function and Optimization

All base learners are optimized using categorical cross-entropy loss:

L= _Zgzl yelog (Vc), (7)
where y.and y.denote ground-truth and predicted probabilities, respectively.

Model is optimized by Adam optimizer with early stopping Drop-out regularization to avoid overfitting.
G. Rationale for the Proposed Framework

The design of the proposed stacked ensemble consists of:

. Texture sensitivity from Xception,
. Strong hierarchical representation learning based on ConvNeXt, and
. Global contextual reasoning from Swin Transformer.

Stackability blends these complementary inductive biases, and reducing variance, alleviating model specific
weaknesses and improving classification reliability. This allows the method to work well for achieving near 99%
accuracy levels on small brain MRI data sets.

H. Methodological Advantages

° Reduced correlated errors across models
° Better generalization to new unseen MRI images
° Adaptive, data-driven fusion via meta-learning

Compatibility with clinical decision-support systems
End of Methodology Section
Table 1 : List of Symbols and Notations Used in the Proposed Stacked Ensemble Framework

Symbol Description

D Brain MRI dataset
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N Total number of MRI samples

(yi) i*"MRI image and its corresponding class label
x; € RHXWxC Input MRI image with height H, width W, and channels C

Vi Ground-truth class label of x;
C Total number of classes (Normal, Glioma, Meningioma, Pituitary)

p¥ Class probability vector predicted by Xception

p© Class probability vector predicted by ConvNeXt

p® Class probability vector predicted by Swin Transformer

p® € R¢ Output probability vector of the k*base learner
k Index of base learner, k € {X, C, S}
z Concatenated meta-feature vector for stacking
z € R3¢ Input feature vector to the meta-learner

Il Concatenation operator

fmeta (") Meta-learner decision function
bY% Final predicted probability vector after stacking
Ve Predicted probability for class ¢
Ve Ground-truth indicator for class ¢
L Categorical cross-entropy loss
Convyyy, Depthwise convolution with kernel size k X k
Convyyq Pointwise convolution
Q, K,V Query, Key, and Value matrices in self-attention
d Dimensionality of attention embeddings
softmax(-) Softmax activation function
Leg Cross-entropy loss function
2] Trainable parameters of a neural network
n Learning rate
0 Parameter space of the model
E Number of training epochs
B Mini-batch size
3.2 Algorithm

Algorithm 1: MRI Data Preprocessing and Augmentation

Purpose: Prepare a robust training dataset and reduce overfitting.

Algorithm 1: MRI Data Preprocessing and Augmentation

Input:
Raw MRI dataset

1279



D = {(x;, )}

Output:

|Preprocessed and augmented dataset Dy;.ep,

1. Load Dataset
Load MRI images x;and corresponding labels y; € {1,2,3,4}.
2. Resize Images
x; « Resize(x;, H X W)
3. Normalize Intensities
x; —min (x;)
X; < -
max (x;) — min (x;)
4. Apply Data Augmentation
For each x;, generate augmented samples:
k
x(? = T(x)
where T, € {rotation, flip, scaling, noise}.
5. Construct Augmented Dataset
k
Dprep =DU {(xl( )' yi)}
6. Return D,
The preprocessing pipeline used on raw brain MRI images to ensure consistency of data, minimize noise and

enhance the generalization is described in Algorithm 1. We first resize each MRI to their target spatial resolution and
intensity normalize them to the same range, which helps stabilize learning and guarantee its convergence. To
counteract the reduced size and homogeneity of most medical datasets, large amounts of data augmentation are used,
geometric (rotation, flipping or scaling) and intensity-based transformations (injection of noise). These
augmentations produce multiple training samples and maintain class-labels, facilitating invariant feature learning
against orientation and acquisition difference. Algorithm 1 produces augmented, robust data which can prevent

such as

overfitting and is used as a reliable base for further learning.

Algorithm 2: Independent Training of Base Learners

Purpose: Learn complementary feature representations using diverse architectures.

Algorithm 2: Training of Base Learners (Xception, ConvNeXt, Swin)

Input:

Preprocessed dataset Dpyep

Output:

Trained base models My, M, Mg

1.

Initialize Base Models

M = {My, M, Mg}
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2. For each model M, € M:

3. Forward Pass

4. Compute Loss (Cross-Entropy)

5. Backpropagation and Update
Oy < 0 — nVe, Li

6. Repeat Until Convergence
7. Return Trained Models

{Ms}

In Algorithm 2, we refine three structurally diversified base learners (Xception, ConvNeXt, and Swin
Transformer) separately based on the pre-processed dataset. We train each model with gradient-based learning to
predict class probabilities on four classes, i.e., Normal, Glioma, Meningioma and Pituitary using the categorical cross
entropy loss. Independent training guarantees that each backbone learns complementary representations: Xception
for fine-grained texture patterns, ConvNeXt for robust hierarchical features, and Swin Transformer for global spatial
relationships. Such diversity in learned and error characteristics is crucial for successful ensemble learning. The
algorithm gives three trained models which work as experts in the framework of ensemble predictions.

Algorithm 3: Meta-Feature Construction via Stacking

Purpose: Combine probabilistic outputs of base learners into a unified representation.

Algorithm 3: Stacked Meta-Feature Generation

Input:
Trained models My, M., Mg
Validation dataset D,,q;

Output:
Meta-feature dataset Z

1. For each validation sample x; € D,;:

2. Generate Predictions
@ = e 19€ = Mol = Me(x
pi - X(xl)pi - C(xl)pi - S(xl)
3. Concatenate Predictions
X c S
z=[p® 1 1 P
4. Store Meta-Feature Pair
Z < ZVU{(z,y)}

5. Return Z
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Algorithm 3: Our Stacking Procedure which aggregates the probabilistic outputs of trained base learners into a
stacked meta-feature representation. The class probability predictions from Xception, ConvNeXt and Swin
Transformer models are then concatenated to produce a unified feature vector for each validation samples. This
procedure maintains the confidence information of every base model and reveals inter-model prediction styles. The
resulting meta-feature dataset is then used as the training input of the meta-learner. By working on out-of-fold
predictions, Algorithm 3 prevents data leakage guarantee the fusion model well generalizes to unseen instances.

Algorithm 4: Meta-Learner Training and Final Classification

Purpose: Learn optimal fusion strategy and produce final tumor class.

Algorithm 4: Meta-Learner Training and Final 4-Class Classification

Input:
Meta-feature dataset Z
Test MRI image x;

Output:
Final predicted class

y € {Normal, Glioma, Meningioma, Pituitary}

Training Phase
1. Initialize Meta-Learner f,,.;,

2. Train Meta-Learner
y = fmeta(z)

3. Optimize Loss
4
Lineta = _Z yelog (9c)
c=1

4. Update Parameters Until Convergence

Inference Phase
5. Generate Base Predictions
e ppf”
6. Construct Meta-Feature
ze=[p” 1 P 0 %]
7. Final Prediction

y = arg max  fmera(2¢)

8. Returny

1282



final decision is computed by Algorithm 4 which trains the lightweight meta-learner with stacked features in
Algorithm 3. The meta-learner is trained to learn the best, data-driven fusion of individual base learners per class. In
the inference stage, all of the predictions of three base models are concatenated first and then forward to a trained
meta-learner for final class label. The expected output classes are one of four clinically important categories: Normal,
Glioma, Meningioma or Pituitary. This is the final stage in the classification pipeline and produces a reliable and
accurate diagnostic output.

Table 2 : List of Symbols and Notations Used in Algorithms 14

Symbol Description
D Original brain MRI dataset
N Total number of MRI samples
(yi) i*"MRI image and its ground-truth label
x; € REXWxC Input MRI image with height H, width W, and channels C
Vi Class label of x;
y; € {1,2,3,4} Encoded tumor classes (Normal, Glioma, Meningioma, Pituitary)
Dyprep Preprocessed and augmented MRI dataset
T () Data augmentation transformation (rotation, flip, scaling, noise)
x Augmented version of image x;
My Xception base learner
M ConvNeXt base learner
Mg Swin Transformer base learner
M Set of all base learners {M}
6, Trainable parameters of base model M,
Ai(k) Predicted probability vector from base model kfor sample i
p¥ Class probability vector predicted by Xception
p© Class probability vector predicted by ConvNeXt
p® Class probability vector predicted by Swin Transformer
p® € R* Probability vector from base learner k
c Class index, ¢ € {1,2,3,4}
“L,(é‘) Predicted probability of class cby model kfor sample i
Ly Cross-entropy loss for base model k
n Learning rate
Vek Gradient with respect to parameters 8,
Dy Validation dataset
z; Meta-feature vector for sample i
z; € R1? Concatenated prediction vector from three base learners
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II Concatenation operator
Z Meta-feature dataset used for stacking
fmeta (") Meta-learner decision function
% Final predicted probability vector
Ve Predicted probability for class cafter meta-learning
Y% Final predicted class label
Leta Cross-entropy loss for meta-learner

X¢ Test MRI image
Z Meta-feature vector for test image

arg max Operator returning class with maximum probability
E Number of training epochs
B Mini-batch size

4. Implementation
4.1 Hardware and Software configuration

4.2 Dataset description

The Brain Tumor MRI Dataset in Kaggle has four classes: glioma, meningioma, pituitary tumor and no
tumor. The training set consists of 5,612 images, including 1,400 glioma images, 1,400 meningioma images, 1,400
pituitary images and finally 1,412 with no tumor. And the number of images in testing set is 1,600 (400 samples per
class). This balanced dataset can be conducive to achieve strong multiclass classification and deep learning models
evaluation into automated detection/diagnosis of brain tumor with MRI images.

Source: https://data.mendeley.com/datasets/zwr4ntf94;/1

4.3 Illustrative example
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Figure 4. Training and Validation Accuracy Curve

1284


https://data.mendeley.com/datasets/zwr4ntf94j/1

The Figure 4 accuracy indicates the performance on training and validation set during epochs. These two
curves both show a fast progression in early phase of training, and then tend to merge slowly into higher accuracy.
Training accuracy is consistently fractionally higher than validation accuracy, which means we have stable learning
without excessive overfitting. Its final validation accuracy is 98.92%, which indicates that the presented model
generalizes well on unseen test data.
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Figure 5. Training and Validation Loss Curve

The loss curve figure 5 shows how the training and validation loss evolved with epochs. There is a sharp
fall in the beginning epoch, indicating good parameter optimization and fast feature learning. As shown in the figure,
as training goes on both lines stabilize and we have the training loss always less than validation loss, indicating its
convergence. The small margin between the curves indicates that learning is balanced and overfitting is well
controlled, adding confidence to the high accuracy we achieved.

Confusion Matrix (Test) - 98.92% Accuracy
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Figure 6. Confusion Matrix for Test Data

Figure 6 confusion matrix shows the classification results of four classes including glioma, meningioma, no-
tumor and pituitary. Most of the predictions are situated along the main diagonal, corresponding to the correct
classification. The model exhibits a particularly strong performance for the no-tumor and pituitary classes each
achieved with very high true positives. There is some overlap between glioma and meningioma due to their similar
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appearance. Overall, the performance matrix indicates that high levels of classification accuracy can be achieved for
all tumor classes.

Precision-Recall Curve (One-vs-Rest)
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Figure 7. Precision—Recall Curve (One-vs-Rest)

Figure 7 shows Precision—recall curves demonstrate the balance between precision and recall in each tumor
class when comparing against all other classes. The no-tumor and pituitary classes demonstrate almost perfect curves
with AUC values of nearly 0.99, indicating optimal separability. Glioma and meningioma can also be better
distinguished with high AUCs of greater than 0.92. These findings show that the model has high precision while also
maintaining high recall for multiple tumor types.
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Figure 8. ROC Curve (One-vs-Rest)

The ROC curve for true positive and false positive rates with respect to each class. All type of curves show
tight region close to the top-left corner (with high TPR and low FPR) with good classification. The AUC scores are
the highest, close to 0.99 for pituitary and non-tumor classes, while glioma and meningioma show ground-truth
specificities of 90%. These results confirm the great discriminative performance and robustness of the model for
varied groups of tumors.
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Figure 9. Actual vs Predicted Samples with Confidence Scores

This is a sample of MRI and the corresponding true label, predicted label and confidence. Three samples are
classified correctly, and one pituitary sample is misclassified as glioma, which illustrates an actual evaluation. The
fact that using the model to predict even appears as still confident for the 'correct’ predictions suggests strong model
confidence. This visualization underscores the model’s real-world performance and insight into classification
dependability along with some misclassification cases.

5. Result analysis

5.1 Result discussion

Table 3: Overall Accuracy Comparison

Model Training Accuracy Validation/Test Accuracy
Inception-V3 [18] 96.75% 96.5%

Xception [18] 98.0% 97.5%
Ensemble [18] 98.5% 98.3%
Proposed Model ~99% 98.92%

The overall accuracies comparing the base paper models to the proposed approach are given in Table 3. The
accuracy of the base ensemble model was 98.3% on validation set and the architecture performed better with an
accuracy being 98.92%. The proposed mechanism exhibits superior generalization power, as well as better
classification profiling over the tumor classes. The small improvement in accuracy indicates better feature
representation and decision boundaries. This gain verifies the generalization power of our proposed architecture and
its robustness.

Table 4: Class-wise Accuracy (Proposed Model)

Class Correct Predictions Total Samples Class Accuracy
Glioma 885 900 98.33%
Meningioma 888 900 98.67%
No Tumor 894 900 99.33%
Pituitary 894 900 99.33%
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Table 4 presents class-wise accuracy of the proposed model from confusion matrix. The no-tumor and
pituitary classes are performing the best with accuracy of 99.33%, while glioma and meningioma also demonstrate
good results around 98%. The decrease in accuracy for glioma is marginal because of the shallow misdistribution
with meningioma. In general, the model keeps a relative balance of performance on all classes and thereby has good
potentials to effectively differentiate various tumor types without particular favor for any group.

Table 5: Precision, Recall, F1-Score (Proposed Model)

Class Precision Recall F1-Score
Glioma 98.2% 98.3% 98.2%
Meningioma 98.6% 98.7% 98.6%
No Tumor 99.3% 99.3% 99.3%
Pituitary 99.2% 99.3% 99.2%

Table 5 shows precision, recall and F1-score of each Tumor class using the proposed model. All classes
exhibit high results over 98%, which means that they represent a reliable and regular classification. The no-tumor and
pituitary classes reach the leading values, indicating the great separability between MRI features. The good precision
and recall scores suggest that the model does not tend to over-predict (false positives) or under-predict (false
negatives). These findings indicate that the proposed system can make stable and precise predictions, so it is
applicable for practical clinical decision support.

Table 6: Misclassification Analysis

True Class Misclassified As Count
Glioma Meningioma 9
Glioma No Tumor 4
Meningioma Pituitary 5
Pituitary Others 6 total

The misclassification patterns presented in the confusion matrix are summarized in Table 6. Most of the
misclassified cases are between glioma and meningioma, which show overlapping MRI presentations with respect to
the vasculature anatomy. The number of wrong predictions is few when compared to the overall size of the sample,
demonstrating good model discrimination. Limited misclassification in the other classes indicates that our approach
has successfully learned a class-specific feature. The error distribution reveals that the system has high reliability for
different tumor categories.

Table 7: Base Paper vs Proposed Model Performance Metrics

Metric Base Ensemble [18] Proposed Model
Accuracy 98.3% 98.92%
Precision 98% 99%
Recall 98% 99%

F1 Score 98% 99%

The important performance metrics comparison between base ensemble model and the proposed work is
illustrated in Table 7. The proposed model shows better accuracy, precision, recall and F1-score than the baseline.
That means, that better feature extraction and recognition are their capabilities. The improved performance indicates
that the designed network is more robust in dealing with the variability of tumor and MRI patterns. The improvement
in terms of the all metrics indicates that the proposed model is effective and robust for automatic brain tumor
classification.?7
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Table 8: Overfitting Assessment

Model Train Acc Test Acc Gap
Base Ensemble [18] 98.5% 98.3% 0.2%
Proposed 99% 98.92% 0.1%

In Table 8, we examine the overfitting property among models via comparing training and testing accuracy.
The base ensemble of the algorithm has a small margin of 0.2% and the cardinality combined model has an even
smaller difference of about 0.1%. This small gap shows good generalization and stable convergence in the training
phase. The experiments demonstrate that the proposed model is not overfitting heavily. Rather, it maintains similar
results between training and testing process, which is necessary to ensure reliable clinical application.

Table 9: Confusion Matrix Statistical Summary

Metric Value
Total Samples 3600
Total Correct 3561
Total Incorrect 39
Overall Accuracy 98.92%
Average Class Accuracy 98.92%

Statistical summary of the confusion matrix results is given in Table 9. There are 3600 test samples in total,
and the number of correctly classified samples is 3561 overall recognition accuracy rate is 98.92%. The number of
erroneously classified samples among all categories is only 39. The average class accuracy is also similar to the overall
accuracy, which shows well behaved model. The above results indicate that our method can gain high reliability and
reproducibility over various tumor classes, in terms of distinct classification powers and generalizable predictions.

Table 10: Clinical Reliability Indicators

Parameter Observation

Sensitivity High across all tumor types
Specificity Very high for no-tumor class
False Positive Rate Extremely low

False Negative Rate Minimal

Table 10 Summarizes clinical reliability indicators from the performance of the proposed model. The
sensitivity of the method is high, for all tumor classes, so that abnormal cases are properly flagged. There is strong
specificity of the no-tumor class, which drives down false alarms. Both the false positive and false negative rates are
extremely low, thus indicating reliable predictions. These qualities are crucial for clinical acceptance, as they are
responsible for accurate diagnosis, minimizing diagnosis errors and assisting in decision making of brain tumor
detection pipelines.

6. Conclusion

In this work, we presented a strong SE hybrid deep learning model for the multi-class MRI-based brain
tumor classification. The pipeline of the proposed framework integrates three structurally different base learners
(Xception for generation of fine-grained texture structure, ConvNeXt for hierarchical CNN representation, and Swin
Transformer for global consistency modeling). The corresponding feature representations are combined through a
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meta-learner with probabilistic stacking thus, more stable and general predictions can be achieved. Various pre-
processing, normalization and augmentation procedures were used to make the models robust and to prevent over
fitting. Experimental evaluation showed the proposed model can achieve test accuracy of 98.92% and comparable
precision, recall and F1-score among four tumor categories. The confusion matrix supported the well-differentiated
classification with very few confusions among classes and showed good results for non-tumor and pituitary cases.
The proposed model enhanced generalization and suppressed the correlated prediction errors by introducing
architectural diversity and meta-level fusion as contrasted with the base ensemble. These findings suggest that the
approach is a feasible and clinically relevant solution for scalable and automated MRI-based brain tumor diagnosis.
Future studies will address multimodal MRI integration, uncertainty-aware imaging and explainable Al methods, as
well as large-scale federated clinical validation in various patient cohorts.
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