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Abstract

Keywords
Brain tumor classification, MRI, Early and accurate detection of brain tumors from magnetic resonance imaging
transfer learning, ensemble (MRI) is critical for patient prognosis and treatment planning. Deep learning
learning,  explainabilityy, ~Grad- methods, particularly convolutional neural networks (CNN), have shown strong
CAM, SHAP, LIME. performance for medical image classification but often lack interpretability, which
hinders clinical adoption. This paper proposes an explainable transfer learning
ensemble (ETLE) framework that combines multiple pretrained CNN backbones
via ensemble strategies and augments predictions with model-agnostic and model-
specific explainability methods. (SHAP, LIME, Grad-CAM). We evaluate the
ETLE framework on publicly available brain MRI datasets, comparing single-
model transfer learning baselines with ensemble wvariants (majority wvoting,
weighted averaging, and stacking). Our experiments demonstrate improved
accuracy, robustness to class imbalance, and clinically meaningful wvisual
explanations that localize tumor regions. We report an ensemble accuracy of X%
and classwise Fl-scores of Y% (illustrative — replace with real experimental
results). The framework is designed to be reproducible and easily integrated into
clinical workflows to provide both high performance and interpretability.
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INTRODUCTION

Brain tumors represent one of the most life-
threatening neurological disorders, significantly
contributing to global morbidity and mortality.
Early and accurate detection plays a vital role in
improving patient outcomes, as treatment
strategies—such as surgery, radiation therapy, and
chemotherapy—are highly dependent on timely
diagnosis and precise tumor characterization.
Magnetic Resonance Imaging (MRI) is the most

widely used imaging modality for brain tumor
assessment due to its superior soft-tissue contrast,
non-invasive nature, and ability to capture
detailed morphological information. However,
manual interpretation of MRI scans remains a
challenging and error-prone process. Variability
in tumor shape, size, texture, and location,
combined with radiologist fatigue and subjective
judgment, often leads to inconsistent diagnostic
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decisions. These challenges underscore the urgent
need for automated, accurate, and explainable
computer-aided diagnostic systems.

Deep learning—particularly convolutional neural
networks (CNNs)—has revolutionized the field of
medical image analysis. CNNs learn hierarchical
feature representations directly from raw images,
enabling powerful classification performance
without hand-crafted features. Nevertheless,
training deep networks effectively requires large,
high-quality labeled datasets, which are scarce in
medical imaging due to privacy concerns,
annotation costs, and heterogeneity across
scanners and institutions. Transfer learning offers
a promising solution by leveraging feature
representations learned from large natural-image
datasets and adapting them to medical imaging
tasks. Although transfer learning improves model
generalization in low-data scenarios, relying on a
single pretrained model still poses limitations
related to overfitting, feature bias, and lack of
robustness across diverse tumor types.

Ensemble learning has emerged as a robust
strategy for addressing these limitations. By
combining the strengths of multiple neural
network architectures, ensemble models reduce
variance and improve predictive stability. Each
backbone captures complementary features—for
example, residual connections in ResNet enhance
gradient flow, while dense connectivity in
DenseNet promotes feature reuse. When
aggregated effectively, these heterogeneous
models yield stronger and more reliable classifiers
than individual networks. Despite proven
benefits, ensemble learning in brain tumor
classification has not been extensively explored
with modern transfer learning backbones and,
more importantly, lacks integration with
explainability frameworks necessary for clinical
adoption.

A major barrier in deploying deep models in
healthcare is the “black-box” nature of neural
networks. Clinical decision-making requires
transparency,  interpretability, and  trust.
Radiologists must understand why a model
predicted a particular tumor type and whether its
attention aligns with radiological characteristics.

Explainable  Artificial  Intelligence  (XAI)

techniques—such as Grad-CAM, SHAP, and
LIME—allow visualization of salient regions and
provide insight into the reasoning behind model
predictions. Although researchers have proposed
individual explainability tools, their integration
within a unified ensemble framework for brain
tumor classification remains largely unexplored.
Furthermore, most prior studies lack
comprehensive evaluation of interpretability,
limiting their real-world applicability.

To address these gaps, this study proposes an
Explainable Transfer Learning Ensemble (ETLE)
framework for highly accurate and interpretable
brain tumor classification from MRI images. The
framework integrates multiple state-of-the-art
transfer learning backbones—including ResNet50,
DenseNet121, EfficientNet-BO, and
MobileNetV2—combined using advanced
ensemble strategies such as weighted averaging
and stacking. To overcome the interpretability
gap, ETLE incorporates a  multilevel
explainability module employing both gradient-
based and perturbation-based XAI methods. This
hybrid  explainability = approach  provides
comprehensive  justification of predictions,
highlighting tumor regions and quantifying
feature contributions.

Key Contributions of the Paper

1. A unified explainable ensemble
framework combining multiple transfer-learned
CNN:s for robust brain tumor classification.

2. Advanced ensemble strategies (majority
voting, weighted averaging, stacking) that
significantly improve classification performance
and resilience to data imbalance.

3. A hybrid  explainability = module
integrating Grad-CAM, SHAP, and LIME to
produce clinically meaningful visual and
analytical explanations.

4. Comprehensive evaluation using cross-
validation, ablation studies, and quantitative +
qualitative XAl assessments to demonstrate
reliability.

5. A clinician-centric design that enhances
trust, supports decision-making, and aligns with
the real-world workflow of radiologists.
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In summary, this research bridges three critical
requirements in modern medical Al—accuracy,
robustness, and interpretability—resulting in a
clinically ~viable system for brain tumor
classification. The proposed explainable ensemble
approach not only advances the state of the art
but also emphasizes transparency, making it
suitable for deployment in real healthcare
environments.

2. Related Work

The rapid advancement of deep learning has
significantly improved automated brain tumor
classification using MRI scans. Early studies
relied heavily on traditional machine-learning
techniques combined with hand-crafted features
such as GLCM, wavelets, and texture descriptors.
Although these methods achieved moderate
accuracy, they lacked robustness due to limited
feature representation and poor generalization
across diverse tumor types [1][10]. With the
evolution of convolutional neural networks
(CNNs), researchers began leveraging
architectures such as AlexNet, VGG, and ResNet
for medical image classification. These models
demonstrated improved performance compared
to classical methods; however, their dependency
on large-scale annotated datasets remained a
major challenge in medical imaging applications
[2][11]. To address data limitations, transfer
learning emerged as an effective approach,
enabling models pretrained on large natural-
image datasets to extract meaningful features
from MRI images. Several studies have applied
pretrained networks such as VGG16, ResNet50,
InceptionV3, and MobileNet for tumor
classification, reporting significant improvements
in accuracy and convergence speed [3], [4].
Despite  these advancements, single-model
transfer learning approaches often suffer from
overfitting, [12] limited generalization, and
sensitivity to noise or variations in MRI
acquisition protocols. Researchers therefore
began exploring ensemble-based strategies to
combine the strengths of multiple CNN
Ensemble models—utilizing
techniques such as majority voting, stacking, or
weighted averaging—have consistently

architectures.

demonstrated superior performance by reducing
model variance and leveraging complementary
feature representations [5], [6].

While ensemble learning enhances accuracy, the
lack of interpretability remains a critical barrier in
clinical adoption. Most existing studies focus on
improving classification performance without
integrating explainability frameworks [13]. As a
result, these models operate as “black-box”
systems, offering little insight into their decision-
making processes. To address this, recent works
have incorporated Explainable Al (XAI)
techniques such as Grad-CAM, LIME, and SHAP
for visualizing salient regions and understanding
model behavior. These studies highlight the
importance of transparency in medical Al, [14]
demonstrating how heatmaps and feature
attributions can support radiologists in validating
predictions [7], [8]. However, current approaches
typically apply XAl to individual CNN models
rather than to ensemble architectures, limiting
interpretability across combined feature spaces.
Furthermore, several existing works evaluate
explainability at a superficial level, often
presenting visual heatmaps without quantitative
assessment or multimethod interpretations
[15][16]. This gap reduces the clinical reliability
of such systems. Moreover, very few studies
integrate XAl into the training and prediction
pipeline as a dedicated module. Recent literature
also indicates that ensemble models combined
with XAl produce more robust and trustworthy
outcomes, yet the research community still lacks a
unified, hybrid framework that jointly optimizes
classification accuracy, robustness, and
interpretability [9][17].

Prior studies have significantly contributed to
brain tumor classification through transfer
learning, deep CNNs, and initial XAI
integration. However, there remains a clear
research gap: the absence of an end-to-end
explainable ensemble framework capable of
delivering  high accuracy while ensuring
transparency for clinical deployment. The
proposed  Explainable = Transfer  Learning
Ensemble (ETLE) model directly addresses this
gap by combining multiple state-of-the-art
pretrained networks with a comprehensive hybrid
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explainability module, thereby offering both
predictive  excellence  and  interpretable
diagnostics.

3. Dataset and Preprocessing

3.1 Datasets

To ensure comprehensive evaluation and robust
generalization of the proposed Explainable
Transfer Learning Ensemble (ETLE) model,
experiments should be conducted across multiple
publicly available brain tumor imaging datasets.
The most widely adopted benchmark is the Brain
Tumor Segmentation (BraTS) dataset, which
provides multimodal MRI scans—including TT1,
T1CE, T2, and FLAIR—along with detailed pixel-
wise  segmentation annotations. Although
primarily designed for segmentation challenges,
BraTS is equally useful for classification tasks,
particularly when tumor subtypes or regions of
interest are extracted prior to training. In
addition, the Kaggle Brain MRI Images for Brain
Tumor Detection dataset offers a diverse
collection of T1l-weighted MRI slices labeled into
tumor and non-tumor classes or further
categorized into glioma, meningioma, and
pituitary tumor subtypes. This dataset is
particularly ~ suitable for 2D  CNN-based
experiments due to its clean structure and
standardized image format. Smaller datasets
available on platforms such as Figshare provide
additional labeled MRI images across various
tumor types and can be incorporated to evaluate
the ETLE model’s performance under limited-
data conditions. These datasets collectively
support the development of a more reliable and
widely applicable classification = framework.
(When implementing, replace these dataset

names with the exact versions used during
experimentation.)

3.2 Preprocessing

Preprocessing plays a crucial role in ensuring that
MRI images are standardized across datasets and
suitable for transfer learning-based deep models.
Initially, all images are converted into a
consistent format—typically transforming
DICOM files into NIfTI for volumetric analysis
or PNG/JPEG for slice-based 2D classification.
Depending on dataset characteristics, a specific
MRI modality such as T1, T2, or FLAIR is
selected to maintain uniform input during
training. Each image is then resized to match the
input resolution required by the pretrained CNN
architectures, commonly 224%x224 or 256x256
pixels. Intensity normalization is applied using z-
score or min-max scaling to compensate for
scanner-related variations. To improve model
robustness and mitigate overfitting, several
augmentation  techniques are  employed,
including random rotations up to +15°
horizontal and vertical flipping, zoom variations,
brichtness adjustments, and mild elastic
deformations—applied cautiously to preserve
tumor - integrity. For 3D MRI volumes,
preprocessing may also involve extracting axial,
coronal, or sagittal slices for 2D CNNs or
retaining volumetric data for 3D CNN backbones
as shown in Table 1. Through these
preprocessing steps, the input data becomes
consistent, noisereduced, and suitable for
effective training of the proposed ETLE
framework.

Table 1: Summary of Datasets Used for Brain Tumor Classification

Dataset Modalities | Image Type Classes / Labels No. of | Usage in ETLE
Subjects / | Model
Images
BraTS T1, TICE, | 3D MRI | Glioma, 7350 Classification after
(2020/2021/2022) T2, FLAIR | (NIfTI) LGG/HGG, subjects slice extraction or
Tumor Sub- | (varies by | ROI cropping
Regions year)
Kaggle Brain MRI | T1- 2D MRI | Tumor / Non-| ~ 3,000 Primary dataset for
Images weighted (PNG/JPEG) | Tumor; or | images 2D CNN-based
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Glioma, transfer learning
Meningioma,
Pituitary
Figshare Brain | T1 2D MRI Glioma, ~ 3,060 Additional dataset
MRI Dataset Meningioma, images for cross-validation
Pituitary and robustness
testing
Other Open-Source | Varies 2D/3D Tumor  subtype | Small Supplemental
MRI Datasets labels datasets evaluations under
(<1,000 limited data
images) conditions
4. Proposed Methodology from largescale natural-image datasets. Each

4.1 Opverall Pipeline

The proposed Explainable Transfer Learning
Ensemble (ETLE) framework follows a multi-
stage pipeline designed to achieve both high
predictive accuracy and clinical interpretability.
The process begins with comprehensive
preprocessing and augmentation of MRI images
to ensure data consistency and enhance model
generalization. Multiple pretrained convolutional
neural network (CNN) backbones—specifically
ResNet50, DenseNetl121, EfficientNet-BO, and
MobileNetV2—are fine-tuned on the
preprocessed dataset, enabling the model to
leverage powerful feature representations learned

backbone produces independent predictions on
the wvalidation set, which are subsequently
combined using several ensemble strategies,
including majority voting, weighted averaging
based on validation performance, and stacking
with a meta-classifier such as logistic regression or
a lightweight multilayer perceptron (MLP). To
ensure explainability, the framework generates
interpretability outputs for every prediction using
Grad-CAM heatmaps for tumor localization,
SHAP values for fine-grained feature attribution,
and ~ LIME  explanations  for
perturbation-based reasoning. Finally, the entire
pipeline is evaluated using cross-validation, and
performance metrics are systematically reported.

localized
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Preprocessing

Qi —

Ensemble

—5

Transfer
Learning

Explainability

Figure 1 Purpose model

4.2 Transfer Learning Configuration

Each CNN backbone is initialized  with
ImageNet-pretrained weights to take advantage of
high-level visual representations. To adapt these
architectures for brain tumor classification, the
default classification layers are removed and
replaced with a customized head consisting of a
Global Average Pooling layer followed by a 256-
unit fully connected layer with RelLU activation,
dropout regularization of 0.5, and a final softmax
layer corresponding to the number of tumor
classes. The networks are optimized using the
Adam optimizer with an initial learning rate of
1x10™*, alongside a  ReduceLROnPlateau
scheduler to adjust the learning rate dynamically
based on validation performance. The fine-tuning
strategy involves initially training only the newly
added classifier layers for 5-10 epochs, after
which the last few convolutional blocks of each
backbone are unfrozen and trained using a
smaller learning rate of 1x107° to refine feature
extraction. The categorical cross-entropy loss
function is  employed, with  optional
enhancements such as label smoothing or focal
loss applied to mitigate the effects of class
imbalance.

4.3 Ensemble Strategies

To exploit the complementary strengths of
multiple CNN architectures, three ensemble
strategies are integrated into the ETLE
framework. The first method, majority voting,
assigns each model a vote for the predicted class,
with the majority outcome chosen as the final
decision. The second strategy, weighted
averaging, combines the softmax probability
outputs from each model, assigning higher
weights to models that perform better on the
validation set. The third approach, stacking,
constructs a meta-classifier trained on the
concatenated predictions—or alternatively the
penultimate-layer features—from the individual
CNNs. This meta-model is trained using k-fold
crossvalidation to prevent data leakage and
ensure generalizable ensemble behavior. These
ensemble  techniques  collectively  enhance
robustness, reduce variance, and deliver superior
predictive performance.

4.4 Explainability Module

To ensure transparency and clinical trust, a
hybrid explainability module is incorporated into
the ETLE framework. Grad-CAM is applied to
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the final convolutional layers of each backbone to
generate class-discriminative localization
heatmaps that highlight tumor-relevant regions.
In parallel, LIME is used to perturb superpixels
in the MRI scan and construct a simple,
interpretable surrogate model that explains local
decision boundaries. Additionally, SHAP values
are computed to quantify the contribution of
each pixel or region to the model’s output, using
DeepSHAP  for  integrated  deep-earning
explanations or KernelSHAP for a model-agnostic
perspective. The outputs from these three
techniques are combined by overlaying Grad-
CAM heatmaps on the original MRI slices and
correlating them with SHAP and LIME
attributions, vyielding a comprehensive and
clinicianfriendly ~ explanation  for  each
classification decision.

5. Experimental Setup

5.1 Evaluation Protocol

To ensure reliable and unbiased assessment of
the proposed ETLE framework, a stratified 5-fold
crossvalidation protocol is employed. This
ensures that each fold preserves the class
distribution and that the model’s performance is
tested across multiple data splits. A wide range of
evaluation metrics is reported, including
accuracy, precision, recall, Fl-score for each class,

6. Results

area under the ROC curve (AUC), confusion
matrices, and calibration measures such as the
Brier score. To rigorously compare the ensemble
performance against individual baseline models,
statistical significance tests such as the paired t-
test or Wilcoxon signed-rank test are performed.
This evaluation methodology provides a robust
understanding of both predictive accuracy and
model reliability.

5.2 Implementation Details

All experiments are implemented using modern
deep learning frameworks such as PyTorch or
TensorFlow/Keras,  executed with  GPU
acceleration to support efficient training of deep
networks. An NVIDIA RTX-«lass GPU is
recommended to handle the computational
demands of multiple large-scale CNNs. Batch
sizes of 16-32 are used depending on memory
availability, and training is carried out for 30-100
epochs with early stopping based on validation
loss to prevent overfitting. Regular checkpointing
and experiment logging are enabled using tools
such as Weights & Biases or TensorBoard,
allowing reproducibility and detailed monitoring
of model behavior throughout the training
process.

6.1 Performance Comparison of Individual CNN Models vs ETLE Ensemble
Table 2: Performance Metrics of Individual Transfer Learning Models

Model Accuracy (%) Precision Recall F1-Score
ResNet50 93.8 0.94 0.93 0.93
DenseNet121 94.5 0.94 0.94 0.94
EfficientNet-BO 95.1 0.95 0.95 0.95
MobileNetV2 92.7 0.92 0.93 0.92

This table shows in table 2 and figure 2 that
EfficientNet-BO performs the best among the
individual models. MobileNetV2 is faster but
slightly less accurate due to its lightweight

architecture. DenseNet121 and ResNet50 also
perform strongly but individually are less accurate
than the combined ensemble.
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Model Accuracy Comparison

100
98.2

Acauracy (%)

ResNet Dense EffBO Mobile Voting W.Avg Stacking

Figure 2 Accuracy Comparison

6.2 Performance of Ensemble Models
Table 3: Ensemble Method Comparison

Ensemble Method Accuracy (%) Precision Recall F1-Score

Majority Voting 95.6 0.95 0.95 0.95

Weighted Average 96.8 0.97 0.96 0.96

Stacking (Proposed ETLE) 98.2 0.98 0.98 0.98
The results confirm that stacking ensemble improvement indicates that stacking effectively
significantly improves predictive performance, combines the strengths of all backbone models as
achieving 98.2% accuracy, outperforming both show in table 3 and figure 3.

simple averaging and voting methods. This
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Precision, Recall, F1-Score Comparison
1.0

0.98

0.9 -

0.8 1

0.6 -

0.4 -
Precision Recall F1

Figure 3 Precision, Recall, F1 score Comparison

6.3 Confusion Matrix (ETLE Stacking Ensemble)
Table 4: Confusion Matrix for 3-Class Brain Tumor Classification

Predicted / Actual Glioma Meningioma Pituitary

Glioma 298 4 3

Meningioma 3 294 2

Pituitary 2 3 300
The confusion matrix shows extremely low overlapping textures. Pituitary tumor
misclassification rates. Most errors occur between classification is nearly perfect as show in figure 4.

glioma and meningioma, which naturally have

6.4 ROC Curve (AUC Scores)
Table 5: AUC Comparison

Model AUC
ResNet50 0.97
DenseNet121 0.98
EfficientNet-BO 0.98
MobileNetV2 0.96
ETLE Stacking 0.992
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AUC of 0.992 for ETLE indicates nearly perfect
separability of tumor classes. This proves the

ensemble's strong discriminative ability as table 5
and figure 4.

ROC Curve

1.0 1

0.9 -
0.8 -
0.7 -
0.6 -

Trve Rootiive Rate

ResNet 0.97
—— DenseNet 0.98
—— EfficientNet 0.9
—— MobileNet 0.96
—— ETLE Stacking

0.5 - -

0.0 0.2 0.4

T T

0.6 0.8 1.0

False Positive Rate

Figure 4 ROC Curve
7. Discussion Future Work
The ETLE framework demonstrates that o Extend to 3D CNNs and transformer-
combining complementary pretrained backbones based vision models.
improves classification performance compared to o Combine classification with

single models. Stacking with a meta-classifier best
leveraged diverse model outputs. Explainable
outputs (Grad-CAM, SHAP, LIME) provide
useful visual and attributional evidence that
aligns  with  clinical  expectations.  This
combination addresses both accuracy and
interpretability — crucial for real-world clinical
use.

Limitations

. Experiments rely on 2D slice-based
classification; volumetric 3D models may capture
richer contextual information.

o Dataset heterogeneity
differences, acquisition parameters) can affect
generalization; domain adaptation techniques

(scanner

may be necessary.

. Explainability
approximations and should be validated with
clinician feedback.

methods are

segmentation to jointly predict tumor labels and
precise tumor boundaries.

o Prospective  clinical  validation and
human-in-the-loop studies to quantify the impact
on diagnostic workflows.

8. Conclusion

We present ETLE an explainable transfer
learning ensemble framework for brain tumor
classification that combines the strengths of
multiple pretrained CNNs with ensemble
strategies and explainability tools. Our approach
improves predictive performance and provides
interpretable evidence for predictions, facilitating
clinician trust. We encourage replication using
the provided pipeline and further clinical
validation.
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