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Brain tumor classification plays an important role in early diagnosis and
treatment planning. The current study aims to evaluate and compare the
performance of five pre-trained convolutional neural network (CNN)
models, namely VGG16, VGG19, MobileNet, Xception, and InceptionV3
using magnetic resonance imaging (MRI) images categorized into glioma,

meningioma, pituitary tumor, and no tumor classes. To enhance model

performance and address class imbalance, transfer learning and data
augmentation techniques were employed. To boost model interpretability,
heatmaps of important areas in tumor classification were produced through
gradient-weighted class activation mapping (Grad-CAM). MobileNet was
the most accurate with 97% and was more precise and more sensitive. The
Grad-CAM visualizations showed the models were attending to clinically
relevant features, which increased the interpretability. This comparative
study demonstrates the effectiveness of the integration of explainable
artificial intelligence (XAI) in deep learning pipelines for reliable brain
tumor diagnosis.
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1. INTRODUCTION

Brain tumor classification is an important task in the area of medical imaging research because of its
significant role in early diagnosis and treatment planning [1]. Traditional methods relying on manual
interpretation are often subjective and inconsistent [2]. This has prompted the development of artificial
intelligence (Al), especially deep learning, to improve the accuracy and reliability of diagnosis [3].

Convolutional neural networks (CNNs) have shown excellent performance for the analysis of
complex magnetic resonance imaging (MRI) data. Recently, pre-trained models such as VGG16, VGG19,
MobileNet, Xception, and InceptionV3 have been applied with high accuracy for the tasks of tumor
classification [4], [5]. These models have been further improved through transfer learning, which allows
efficient feature extraction from smaller medical datasets [6], [7]. However, challenges remain to ensure high
generalizability across different tumor types [8]. The present study aims to overcome such limitations by
comparing multiple fine-tuned CNN models for the classification of glioma, meningioma, pituitary tumors,
and no tumor cases [9] using data augmentation and oversampling to handle class imbalance [10].

The study also includes explainable artificial intelligence (XAI) in the form of gradient-weighted
class activation mapping (Grad-CAM) heatmaps to highlight the key areas that influence predictions, thus
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increasing interpretability for clinicians. MobileNet achieved the best performance with 97% accuracy and it
also excelled in precision and recall. The Grad-CAM outputs confirmed the reliability of the model by
indicating the important regions of the images that contributed to its decisions.

The reviewing literature highlights rapid progress and increasing impact of deep learning techniques
in medical image classification, specifically for detection of brain tumors. Bouhafra and El Bahi [11],
reviewed 60 studies (2020-2024) and highlighted the effectiveness of methods such as transfer learning,
autoencoders, transformers, and attention mechanisms in enhancing diagnostic precision and computational
efficiency, despite challenges such as data heterogeneity and limited interpretability. Bhagyalaxmi et al. [12]
emphasized the usefulness of deep learning in multi-grade tumor classification. Agarwal et al. [13]
reported 99.54% accuracy for brain tumor detection using ResNet50. Neamah et al. [10] similarly identified
some of the key challenges of CNN-based approaches, such as the need for large annotated datasets and high
model complexity. Due to their ability to automatically learn complex features [14], [15], CNNs have shown
great success in distinguishing the types of tumors as compared to traditional machine learning algorithms,
such as glioma, meningioma, and pituitary. By using transfer learning, Improved CNN models such as
GoogLeNet and ResNet50 achieved accuracies of 99.67% and 99.91%, respectively with better performance
and convergence [16], [17].

Some studies also looked into the grading of gliomas, which shows the versatility of deep learning
in classifying brain tumors. The standard classification pipeline consists of preprocessing of MRI images,
feature extraction and classification algorithms [18]. Methods like discrete wavelet transform (DWT) and
grey level co-occurrence matrix (GLCM) are useful for preprocessing and texture analysis, and principal
component analysis (PCA) is used to reduce the dimensionality of features without loss of accuracy. Support
vector machines (SVMs) have been shown to be highly effective for both binary and multi-class
classification tasks with the right kernels [19]-[21]. Besides brain tumor classification, medical image
classification has been extended to other modalities such as MRI, computed tomography (CT), X-ray, and
fundus imaging using models like SVMs, Bayesian networks, neural networks, k-nearest neighbors (KNN),
and fuzzy logic [22]. Standard classification pipelines are composed of data acquisition, preprocessing,
feature selection, and model training [23]. The usual techniques are texture analysis, neural networks, and
data mining, and the evaluation is usually based on accuracy, sensitivity, specificity, and runtime [24], [25].
Collectively, these studies highlight the potential of deep learning for improving the accuracy, efficiency, and
clinical utility of brain tumor diagnosis, while acknowledging the ongoing challenges associated with data
variability and computational requirements.

The study shows the transformative potential of Al-driven solutions for medical diagnostics.
It helps to build strong, accurate, and interpretable brain tumor classification systems that can support
radiologists and relieve diagnostic workloads in clinical settings by combining sophisticated deep learning
models with explainability techniques. Future work will focus on expanding the dataset, exploring novel
architectures, and improving interpretability methods to further improve classification accuracy and
clinical applicability.

2. METHOD
2.1. Dataset description

The brain tumor classification dataset includes MRI images of four classes: glioma, meningioma, no
tumor, and pituitary tumor. This classification facilitates supervised learning by associating each image with
its label and thus allowing the models to recognize patterns specific to each type of tumor. The dataset
contains 22,848 images. The number of images for each tumor is 6,380 images for no tumor, 5,828 images
for pituitary, 5,356 images for meningioma, and 5,284 images for glioma.

2.2. Dataset preprocessing
2.2.1. Resizing and rescaling

Resizing and rescaling normalize the input images and help in computational efficiency.
Inconsistent input shapes due to different image sizes can make model training more difficult. Rescaling
pixel intensity values to a common scale improves numerical stability and speeds up convergence during
training of the model. For deep learning models such as VGG19, Inception, and MobileNet, all the images
are resized to 224x224 pixels. This guarantees a uniform input dimension for the dataset, which is necessary
for batch processing and efficient memory usage. Images are rescaled such that pixel values range from 0 to 1
to normalize them. The intensity of each pixel is scaled to [0, 1] by dividing by 255 (the maximum pixel
intensity value in an 8-bit image). This prevents large input values, which can hinder the learning of the
neural network.
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2.2.2. Label encoding

The model requires label encoding to convert the categorical labels (glioma, meningioma, and no
tumor pituitary) to numeric values to process. Machine learning models expect numeric inputs, so we will
convert the labels to integer values that the model can work with. Each category is assigned a separate integer
using ‘LabelEncoder’ from ‘Sklearn’ library. For example, glioma can be encoded as 0, meningioma as 1,
no tumor as 2, and pituitary as 3. This mapping from a categorical label to its encoded integer value is
expressed in (1).

Yencoded = f(YCategory) (1)

Where Ycqregory Tepresents the categorical label (e.g., 'glioma') and f'is the function that maps it to an integer
value Yencoded .

2.2.3. Data augmentation

Data augmentation can increase the diversity of the training set without the need to collect more
data. It also helps the model to generalize better (by training on different transformations of the same image).
Augmentation techniques such as shifting, zooming, and flipping create new image variations which reduce
overfitting and improve robustness.

The image is translated by a ratio of the width in horizontal shifting. For example, if the width shift
range is 0.2, the images can be shifted left or right by up to 20% of the image width. This augmentation
strategy follows established practice for improving deep learning generalization on limited datasets [26]. This
horizontal shifting operation is expressed in (2).

x'=x+ a X width )

Here x is the original horizontal position, and o is a random factor in the range of shift. Vertical shifting
translates the image up or down by a fraction of the image height. The range is 0.2, meaning that images can
be shifted up or down by up to 20% of the image height. This vertical shifting operation is expressed in (3).

y' =y + B X height 3)

Where y is the original vertical position and f is a random factor in the range of the shift. Zooming in or out
alters the perceived distance of the image. The zoom ratio is 0.2, which means that the image can be zoomed
in or out by up to 20%. This zooming transformation is expressed in (4).

Loomea = resize (I,(1 £Y) X original size) 4)

Where Y is a random factor in the zoom range. This method reverses the image horizontally, creating a
mirror image. Horizontal flipping assists the model in learning invariance to orientation. This horizontal
flipping operation is expressed in (5).

Itlippea = flip(l,axis = 1) %)

2.2.4. Class balancing (oversampling)

Class balancing is a technique to handle the imbalances in the sample sizes among models to avoid
biased prediction. Oversampling duplicates minority instances to ensure that all classes are equally
represented. This study use the “RandomOverSampler” from the “Imblearn” library to duplicate samples
from under-represented classes until all classes have equal numbers. It helps to increase the size of the dataset
while keeping the class balance, thus reducing the possibility of the model favoring any one class. This
oversampling strategy is consistent with standard approaches for handling class imbalance in machine
learning pipelines [27]. This oversampling process, which equalizes the number of samples across all classes,
is expressed in (6).

Ny = Nipax (6)
Where n is the new number of samples for class i, equalised among all classes. These preprocessing

techniques are combined to effectively prepare the dataset, enabling better model performance and more
robust results.
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2.3. Xception model with attention mechanism

Xception is a deep CNN [28], which is efficient in extracting complex patterns. It replaces the
standard Inception modules with depthwise separable convolutions, which decouple spatial and channel-wise
feature learning to capture visual patterns more efficiently. After the feature extraction, the outputs of
Xception are reshaped to feed into a multi-head attention layer. This attention mechanism is useful to focus
on specific regions in the brain MRI scans that are more likely to contain information about the tumor. The
multi-head attention mechanism used here follows the formulation introduced for transformer-based
architectures [29], as expressed in (7).

Attention Output = softmax (QKT /Nd,)V (7)

Where Q, K, and V' are the vectors of the queries, keys, and values, respectively, and dj, is the dimension of
the key vectors. The CNN model uses a global average pooling layer to reduce the spatial dimensions while
retaining feature information. It also uses dropout layers for regularisation, a softmax output layer for
classification into four classes and a multi-head attention layer for enhanced feature extraction. It utilizes
dropout layers, Gaussian noise and batch normalization and rectified linear unit (ReLU) activations to prevent
overfitting and to retain the feature information. Sparse categorical cross-entropy loss and Adam optimizer are
used for model training. The output obtained by combining multiple attention heads is expressed in (8).

Attention Output = MultiHeadAttention (Q,K,V) (®)

Where Q, K, and V mechanisms represent the queries, keys and values matrices used in attention models. The
Adam optimizer and categorical cross-entropy are used to minimize classification errors. This combination
helps to have stable and effective gradient updates. The Adam optimizer is widely adopted for its adaptive
learning rate and fast convergence properties [30]. The sparse categorical cross-entropy loss function used to
train the model is expressed in (9).

Loss = — S, yi. log() ©)

Where ¥; is the predicted probability for class i and y; is the true label. The training is monitored and early
stopping is used to stop training if there is no improvement in validation loss over a set number of epochs.
This prevents overfitting by returning to the weights that were seen best during training.

2.4. Grad-CAM heatmap visualization

Grad-CAM [31] is a visual explanation method for model predictions that highlights the most
important areas of the image for the predicted class, providing insights into which image regions the model
deems important. The Grad-CAM localization map, which highlights the region’s most relevant to the
predicted class, is expressed in (10).

LGrad-cam = DXk agAx) (10)

Where A;, are the feature maps of the last convolutional layer and oc are the weights which represent the
importance of each feature map. This method is a holistic approach for brain tumor classification, which
includes feature extraction, attention mechanisms, and regularisation to improve the model’s accuracy,
interpretability, and robustness. Each model is trained for the brain tumor classification task by adding
multi-head attention mechanisms and regularisation layers on pre-trained ImageNet weights. The models are
trained to classify four types of brain tumors: glioma, meningioma, no tumor, and pituitary. Grad-CAM
outputs visual explanations of model decisions by visualizing parts of the image most relevant to the
predicted class. The corresponding heatmap obtained from these weighted feature maps is expressed in (11).

Heatmap = ReLU (Y a;Ay) (11)

Where aq; are the weights obtained by averaging the gradients and A, are the feature maps of the last
convolutional layer. This methodology provides a complete deep learning method for brain tumor
classification. Each phase is focused on improving the accuracy, avoiding overfitting, and understanding the
decision-making process of the model.

2.5. VGG16 model

VGG16 and VGG19 [32] are pre-trained models that have stacked convolutional layers, which
makes them more efficient in capturing local and detailed features in images. They are refined with a
multi-head attention layer, regularization by batch normalization and Gaussian noise to improve model
robustness. Dense layers with 512 units (ReLU activation) allow learning complex patterns and dropout

Comparative evaluation of transfer learning models and Grad-CAM interpretability ... (Md. Firoz Hasan)



3650 O3 ISSN: 2252-8938

layers prevent overfitting. The sparse categorical cross-entropy loss function is minimized using the Adam
optimizer, which measures the difference between the true labels and the predicted probabilities. In this work,
the VGG16 model with the pretrained weights on ImageNet is used as a feature extractor, the layers are
frozen during training. VGG19 model like VGG16 has more layers to increase the depth and ability to extract
features. Batch normalization and dropout are well-established regularization techniques for stabilizing
training and reducing overfitting in deep networks [33], [34]. The output computed by the dense layer within
this architecture is expressed in (12).

Dense Output = ReLU(Wx + b) (12)

The pre-trained layers are frozen during training, so that the model can focus on the new tasks and it applies
global average pooling, dense layers, Gaussian noise, and dropout to a final softmax classification layer.

2.6. MobileNet model

This study use MobileNet [35] with pre-trained weights and non-trainable features to build the
model. Then, the output is passed to a multi-head attention layer, followed by global average pooling, dense
layer, batch normalization, Gaussian noise, dropout, and softmax layer to output the probabilities. The loss
function used to train the MobileNet-based model is expressed in (13).

Loss = —Y¥N . y,.log($) (13)

This study uses the Adam optimizer for stable learning and attention mechanisms to focus on
tumor-relevant regions of the image. Batch normalization reduces internal covariate shift, which stabilizes
the learning process. The Gaussian noise layers add random noise to the data which helps the network to
generalize. Regularization is a technique of randomly picking neurons during the training for overfitting
reduction. The combination of batch normalization, Gaussian noise, and dropout improves generalization and
prevents overfitting. This ensures robustness and prevents overfitting by ignoring neurons during training
The model performance for different tumor classes is evaluated using important classification metrics such as
precision, recall, F1-score, and accuracy. These metrics are calculated based on the analysis of true positives,
false positives, true negatives, and false negatives for each class. Precision is the proportion of correctly
predicted positive cases, recall is the effectiveness of the model in identifying positive cases, F1-score is a
balanced assessment, and accuracy is the overall correctness of the model.

3.  RESULTS AND DISCUSSION

Figure 1 was created to visualize the class distribution, showing the imbalance in the dataset. This
visualization revealed the need of balancing techniques as the classes were imbalanced. As shown in
Figure 1, the no-tumor class is the largest group (6,380 images), followed by pituitary (5,828), meningioma
(5,356), and glioma (5,284), a difference of about 1,100 images between the largest and smallest classes that
motivated the oversampling strategy described in subsection 2.2.5.

Distribution of Labels - Count Plot
6380

5828

Count

glioma meningioma notumor pituitary
Tumor Type

Figure 1. Distribution of class labels
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The dataset in Figure 2 was structured into a DataFrame with each row as an image path and label.
Labels were encoded numerically to be compatible with model training. Random oversampling was used to
tackle the class imbalance problem. After oversampling, each class had the amount of 6,380 images.
The study has examined CNN for classifying brain MRI images into 4 categories: glioma, meningioma,
no tumor, and pituitary. Transfer learning was applied by using the pre-trained CNN models, which have
already learned the patterns from the large-scale datasets. The models VGG16, VGG19, MobileNet,
Xception, and InceptionV3 were tested. The models were optimized with Adam optimizer and a sparse
categorical cross-entropy loss function for multi-class classification.

glioma glioma

meningioma meningioma

Ay
notumor

notumor notumor

pituitary pituitary

Figure 2. Visual representation of images of different sizes

The objective is to evaluate the performance of various CNN architectures in the classification of
brain tumors. Transfer learning was used to take advantage of pre-trained CNN models to achieve the best
performance with a small dataset. Each model was resized to the input layers and fine-tuned with the input
size (224, 224, 3) pixels. To enhance the generalization of the model, data augmentation operations like
horizontal flipping, zooming, and width/height shifting were performed. All the models were trained for
5-10 epochs with early stopping to prevent overfitting.

Table 1 shows the brain tumor classification with multiple metrics. Accuracy, precision, recall, and
Fl-score are the metrics of this study. The best model, MobileNet, attained 97% accuracy and F1-score
which is acceptable for real-time applications. Following closely, VGG19 achieved an accuracy of 92%,
showing its ability to capture complex MRI patterns. A simpler version VGG16 had a slightly lower
performance with accuracy 91%. Xception was as accurate as VGGI16, but slightly less precise in
differentiating some tumor types. The lowest performance was achieved by InceptionV3 with 85% accuracy,
possibly due to the complexity and the requirement of larger datasets. InceptionV3 showed visible
misclassification among similar tumor types like glioma and meningioma, probably due to the visual
similarity in Figure 3 of these tumors in MRI images. MobileNet had the highest accuracy of 97% that means
that almost all of the tumor images were classified correctly. VGG19 was also quite good with an accuracy of
92%. InceptionV3 was a bit behind with an accuracy of 85% which indicates that it might not have
generalized well from the dataset.

Table 1. Classification result for applied model

Model Precision (%)  Recall (%) Fl-score (%)  Accuracy (%)
VGGl16 091 091 091 91
VGGI19 0.92 0.92 0.92 92
MobileNet 0.97 0.97 0.97 97
Xception 0.91 0.91 0.90 91
InceptionV3 0.87 0.85 0.84 85
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Comparative Metrics for Different Models

1.0-

0907 087 087 0.7
092 092 092 082
0.91 0.91 0.91 0.91 0.91 0.91 0.90
oss oass 08

0.8-
0.6 -
0.4 -
0.2-

Precision
men Recall
== F1 Score
— Accuracv

0.0- .

vGG'.lS VGG‘.I.S MobileNet x:apllan In:apllonvz
Models

Score

Figure 3. Visualization on precision, recall, F1-score, and accuracy

The MobileNet and VGG19 models achieved high precision and recall in predicting the types of
tumors, thereby reducing the risk of misclassification and ensuring reliable identification of tumors. The
MobileNet and VGG19 models had high recall values, showing that they were able to correctly identify most
cases of each type of tumor. But InceptionV3 had recall issues, particularly in discriminating meningioma
because it is sensitive to complex patterns and small datasets. F1-score: a combination of precision and recall
to know how well a model can avoid false positives and false negatives. MobileNet has the highest F1-score
of 0.97 which is a good balance for capturing relevant cases while also avoiding misclassification. VGG19
came next with a high F1-score of 0.92, confirming its reliability for practical applications. InceptionV3 did
not perform consistently well in terms of precision and recall, especially in distinguishing visually similar
tumor classes like glioma and meningioma, with a relatively lower F1-score. The confusion matrices offered
more insight into the misclassification patterns of the models.

Figure 4 shows the model performance evaluation for VGG16, VGG19, MobileNet, Xception, and
InceptionV3; where Figure 4(a) shows the receiver operating characteristic (ROC) curve comparison and
Figure 4(b) shows the scores across epochs for different models. The ROC curves are used to evaluate the
performance of the models in discriminating between classes. The ROC curves of VGG16 and VGG19 are
moderate increasing, indicating a good sensitivity and specificity with a solid model performance. MobileNet
has a steep curve near the origin, achieving a high true positive rate with small increments of false positive
rate and has the highest area under the curve (AUC) of all the models. This shows that MobileNet is good at
discriminating between classes and also has high recall and precision with minimal trade-off on false
positives. Xception’s ROC curve is moderately steep with a steady increase but a little lower AUC than
MobileNet. InceptionV3’s curve also increases steadily but less steeply at the beginning, indicating a
moderate result, where it gets a lot of true positives but possibly with a higher false positive rate early on.
The ROC curve and AUC of MobileNet show that it is the most capable model for this classification task.
VGG16, VGG19, Xception, and InceptionV3 also perform well with slight differences in the balance of
sensitivity and specificity. AUC is a good measure to compare the performance of models in classification
problems. This gives a balanced view of the model's ability to discriminate, which is useful if you want to
choose a model that does well at all thresholds, and thus be robust and reliable in the real world. If class
separation is needed, a model with a better AUC can be often the best option, such as MobileNet. ROC and
AUC remain standard tools for evaluating and comparing classifier performance across thresholds [35].

Figure 5 is a line chart that shows the training and validation loss in each model (VGG16, VGG19,
MobileNet, Xception, and InceptionV3) over epochs. MobileNet is a suitable model for tasks needing high
classification accuracy and a balance between precision and recall. It also has the least training time
indicating efficiency in computational resources. VGG16 and VGG19 are consistently improving the
precision, recall and F1-score, with moderate AUC values and low tendency of overfitting.
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ROC Curve Comparison for Different Models
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Figure 4. Model performance evaluation of (a) ROC curve comparison and (b) scores across epochs for
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Figure 5. Training and validation loss over epochs for different models

Comparative evaluation of transfer learning models and Grad-CAM interpretability ... (Md. Firoz Hasan)



3654 O3 ISSN: 2252-8938

Xception does well but seems a bit overfitted. InceptionV3 obtains reasonable scores for all metrics
in Figure 6 but it has the lowest precision and recall among models, indicating that it can be further improved
by tuning. MobileNet is chosen because of its efficiency and high performance. Misclassification happens
when the model predicts the tumor category of an image wrongly as glioma and meningioma.

VGG16 Confusion Matrix VGG19 Confusion Matrix

a0

Class 1
Class 1

i0
i}

Class 2
Class 2

S0

=40

True Class

Class 3
Tue Class

Class 3

- 30
- 20

- 10

Class 4
Class 4

Class 1 Class 2 Class 3 Class 4 Class 1 Class 2 Class 3 Class 4
Predicted Class Predicted Class

MobileMNet Confusion Matrix Xception Confusion Matrix

a0

Class 1
w
o
Class 1

i0

[}

Class 2
Class 2

50

+ 40

True Chass

True Class
Class 3

Class 3

- 30

- 20

1

Class 4
]
Class 4

Class 1 Clats 2 Class 3 Class 4 Class 1 Class 2 Class 3 Class 4
Predicted Class Predicted Class

InceptionV3 Confusion Matrix

True Class
Class 2  Class 1

Class 3

Class 4

Class 2 Class 3 Class 4
Predicted Class

Class 1

Figure 6. Confusion matrix for different models

In Table 2, cases where the models failed to correctly classify are listed. For each entry, the image
ID, the true tumor type, the incorrect prediction, the model used, and the possible reason for the error are
provided. All these reasons are visual judgements. Typical problems are that the tumor shapes or sizes are
similar and that the image has artefacts that may mislead the model. To better understand these
misclassifications, let’s take a look at some of these images. Here is an example of a few selected
misclassified images with true and predicted labels shown under each image to help visualize the areas of
confusion for each model.

Table 2. Misclassified image summary table
Image ID True label Predicted label Model

3000.jpg Glioma Meningioma  InceptionV3
1979.jpg  Meningioma Glioma VGG16
4421.jpg No tumor Pituitary MobileNet
5254.jpg Pituitary Glioma VGG19
2599.jpg Glioma Meningioma MobileNet
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Figure 7 presents these misclassified MRI images without Grad-CAM overlays, giving a baseline
view of the raw inputs before the model's attention regions are visualized in Figure 8. The true and predicted
labels for each misclassified image are shown, with the specific regions where the model’s focus might have
led to an incorrect prediction. The main source of misclassification in this study is the visual similarity of
tumor types and ambiguous image features. Overlapping textures and irregular boundaries of glioma and
meningioma often confused them. Frequent false predictions as glioma were made for meningioma images
that had blur or indistinctness. In some cases, non-tumorous images with faint artefacts were incorrectly
identified as pituitary tumors, suggesting the need for better feature discrimination. Small and localized
pituitary tumors were also misclassified as glioma, illustrating limitations in spatial recognition. The results
indicate that further preprocessing, feature localization, and model tuning are required to enhance the
classification accuracy.

Figure 8. Image after applying Grad-CAM

Misclassified images depict limitations of a model. For example, MRI images of glioma and
meningioma can have similar visual traits, which caused InceptionV3 and VGG16 to misclassify glioma as
meningioma. These errors may be due to convolutional layers treating shared textures and edges as similar
features. The MobileNet architecture was not able to perform well in the presence of slight artefacts and
should be adjusted for the sensitivity to texture and shape, perhaps by adjusting the training procedure or the
attention mechanisms. Grad-CAM is a method for providing visual explanations of decisions made by deep
learning models by utilizing the regions of an image that are most relevant to the model’s classification. An
experiment on brain tumor classification with Grad-CAM visualizations provides a heatmap overlay on each
image, indicating regions relevant to classifying the tumor types. This interpretability is important for
medical applications, as it guarantees that the model attends to the relevant anatomical structures and does
not make misclassifications. Grad-CAM heatmaps can also uncover patterns in the model’s decision process
that could suggest changes in the model’s sensitivity or preprocessing to better detect true tumor features.
This interpretative tool allows developers to identify and fix specific attention errors, thereby increasing the
reliability of the model. With the aid of XAI methods such as Grad-CAM in Figure 8, the transparency and
trustworthiness of deep learning models can be improved, especially in healthcare. Grad-CAM provides
insight into the decision-making process of the model and helps in validating the clinical accuracy of the
model and identifying errors that may arise due to inherent limitations or challenges of the dataset. Such
interpretability reduces risks in medical diagnosis, where misclassification of tumors may lead to
inappropriate treatments. This visual overlap between glioma and meningioma cases has been similarly
reported in other multi-class brain tumor classification studies [36], while systematic reviews of XAI in
medical imaging confirm that Grad-CAM-based interpretability is among the most widely adopted
approaches for building clinician trust in deep learning diagnostic tools [37].

Grad-CAM visualizations highlight the differences in attention, giving actionable suggestions to
enhance the model's accuracy and reliability. Now, with the Grad-CAM visualizations integrated into the
model evaluation process, developers can see the model’s spatial attention directly and an iterative feedback
loop arises. In conclusion, Grad-CAM and XAI techniques are important to enhance deep learning models
for medical applications.
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4. CONCLUSION

The research finds that deep learning models, especially MobileNet, with 97% accuracy,
significantly improve the classification of brain tumors in medical diagnostics. The study emphasizes the
significance of model interpretability via Grad-CAM heatmaps, which provide visual insights into Al
decision-making and build clinician trust. The study shows the potential to improve diagnostic accuracy and
efficiency by integrating these models, which would ultimately benefit radiologists and reduce their
workload. The study concludes that future work should focus on expanding datasets, exploring
advanced architectures, and making them interpretable to improve the therapeutic usefulness of Al-driven
diagnostic tools.
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