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ABSTRACT

This study proposes an Al-driven framework for brain tumour detection using explainable AI (XAI) and
deep learning to enhance diagnostic accuracy and transparency in healthcare imaging. The methodology integrates
cloud-hosted MRI datasets, pre-processed via Median Filtering and Contrast-Limited Adaptive Histogram
Equalization (CLAHE), with an EfficientNet-based classifier optimized through compound scaling and auxiliary
classifiers. SHAP (Shapley Additive Explanations) provides interpretable insights into model decisions, ensuring
clinical trust. Results demonstrate high accuracy (99.0%), though lower precision (90.94%) and recall (90.55%)
highlight challenges in class balance. The ROC curve’s marginal AUC (0.5439) underscores limitations in tumour
vs. healthy tissue discrimination. Despite computational demands and protocol dependencies, the framework
offers a scalable, privacy-preserving solution for clinical deployment, bridging gaps between Al performance and
interpretability in oncology.

Keywords: Contrast-Limited Adaptive  Histogram  Equalization(CLAHE), SHAP(Shapley  Additive
Explanations), Google Cloud Platform (GCP)

1. INTRODUCTION

Brain tumour classification using explainable Al (XAI) and deep learning techniques is a promising
approach for improving diagnostic accuracy and transparency in the medical field. The use of deep learning
models, particularly convolutional neural networks (CNNs), has revolutionized image classification tasks,
including the detection of brain tumours. These models can automatically extract features from medical imaging
data, such as MRI or CT scans, to classify tumours as malignant or benign [1]. However, the complexity of deep
learning models often makes it challenging for healthcare professionals to understand how the model arrives at its
predictions. This is where explainable Al plays a crucial role. Explainable Al techniques help make the decision-
making process of deep learning models more transparent by providing insights into the features that influence
predictions [2]. For instance, techniques like SHAP (Shapley Additive Explanations) and LIME (Local
Interpretable Model-agnostic Explanations) allow practitioners to see which parts of the medical image the model
is focusing on when making a diagnosis. This added transparency can increase trust in Al models, especially in
critical applications like medical diagnostics, where model interpretability is essential. In brain tumour
classification, explainable Al can also provide valuable feedback for model improvement [3]. For example, if a
model makes an incorrect prediction, explainable Al methods can help identify which features were misleading,
allowing researchers to refine the model. Additionally, XAl techniques can aid in identifying biases in the model,
ensuring fairness in predictions across different patient groups [4]. The integration of deep learning and
explainable Al has the potential to enhance the precision and reliability of brain tumour diagnosis, offering
significant advantages over traditional methods. The combination of accurate predictions with clear explanations
provides a robust tool that can assist radiologists in making more informed decisions, leading to better patient
outcomes and improved overall healthcare delivery [5]. This approach not only fosters confidence in Al-assisted
medical systems but also pushes the frontier of personalized and precision medicine in the realm of oncology.
Brain tumour detection leverages cloud-hosted MRI datasets with secure storage and scalability. Pre-processing
includes Median Filtering for noise reduction while preserving anatomical edges and CLAHE for localized
contrast enhancement [6]. An EfficientNet-based deep learning classifier, optimized via compound scaling,
integrates an auxiliary classifier to enhance gradient flow and model robustness. SHAP analysis interprets
predictions by quantifying pixel contributions, ensuring transparency in decision-making [7]. The final
classification, obtained through SoftMax activation, provides a probabilistic diagnosis, making the framework
accurate, efficient, and clinically deployable. Even though the method is strong, limitations might include
dependency on variations in MRI acquisition protocol for generalization over diverse datasets, meaning the given
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methodology could not work in every scenario [8]. Another limitation is the higher computational needs because
of dependency on deep-learning models, as training and inference require extensive cloud resources. However,
SHAP might improve interpretability at the expense of increased processing, thus limiting applicability in real
time at the clinical level [9].

2. LITERATURE SURVEY

Brain tumour detection and diagnosis are crucial for improving survival rates and reducing mortality.
MRI and CT are the two primary modalities for detecting brain tumours, with MRI being more preferred due to
its non-invasive nature and higher efficacy in detecting soft tissue anomalies. Integrating Deep Learning, Machine
Learning, and Transfer Learning techniques has shown promising advancements in brain tumour segmentation,
detection, and diagnosis. The automation of tumour segmentation and classification using these techniques has
gained attention due to their potential to enhance accuracy, reduce human error, and streamline the diagnostic
process [10]. This analysis reviews various methods for brain tumour segmentation, focusing on partially and
fully automated techniques. It presents an overview of state-of-the-art approaches based on DL, ML, and TL, and
compares the effectiveness of these methods. Several databases used for tumour segmentation and classification
are reviewed, providing insights into the datasets commonly used in this research domain [11]. The article
highlights the benefits of leveraging these advanced computational techniques, which can significantly improve
the precision and reliability of brain tumour detection and diagnosis. Artificial Intelligence (Al) has significantly
improved the precision and accuracy of brain disease diagnosis, particularly in brain tumours, which cause a
significant number of fatalities in developed countries. Al has enabled the development of automated, non-
invasive technologies for analysing brain images, making it essential in cases where brain diseases are fatal [12].
However, a knowledge gap between clinical professionals and data scientists hinders the development of fully
optimized Al applications for brain tumour diagnosis. A systematic review of relevant studies revealed several
key challenges in applying Al to brain tumour diagnosis, including the difficulty of achieving accurate
segmentation and classification due to variations in tumour location, shape, and size. Radiomics has emerged as
a promising technique for extracting quantitative features from clinical imaging, enabling analysis of genetic
mutations, tumour malignancy, grade, progression, response to therapy, and overall survival. The "black box"
nature of Al and the generalizability of deep learning applications remain significant obstacles. To bridge these
barriers, it is essential to bridge existing knowledge gaps in clinical oncology to fully integrate Al into brain
tumour diagnosis. Brain tumours pose significant health risks and require early detection and accurate
classification. Magnetic Resonance Imaging (MRI) is the standard technique for diagnosing brain tumours [13].
Deep learning has become increasingly important in this field, but traditional models struggle with diverse datasets
and interpretability. This study proposes a Collaborative Federated Learning Model (CFLM) combined with
Explainable Artificial Intelligence (XAI) to address these issues. The model targets four classes, integrating
Google Net and Federated Learning frameworks, while preserving patient data privacy. Brain tumour
characterization (BTC) involves understanding the causes of brain tumours through methodologies like tumour
segmentation, classification, detection, and risk analysis. Radiomics, an Al-based approach, uses radiological
images for disease characterization. This paper reviews the emerging research field of radiomics and radio
genomics in the Al environment, highlighting their effectiveness in oncology applications. The study found that
both conventional and deep radiomics features contribute to the success of radio genomics in BTC.

3. PROBLEM STATEMENT

The problem at hand is the development of an accurate, efficient, and interpretable framework for brain
tumour detection from MRI scans, which is crucial for early diagnosis and clinical decision-making [14]. Existing
methods often struggle with image quality issues due to noise and insufficient contrast, leading to suboptimal
performance in tumour detection [15]. Additionally, deep learning models, while effective, can be
computationally expensive and lack transparency in their decision-making, making them difficult to trust in
clinical settings [16]. There is a need for a robust solution that not only addresses the challenges of noise reduction
and contrast enhancement but also incorporates advanced deep learning techniques, such as EfficientNet and
SHAP, to improve classification accuracy and model interpretability, ensuring reliable and explainable results for
clinicians [17]. This methodology aims to provide a scalable, cloud-based solution for brain tumour detection that
integrates image pre-processing, deep learning, and explainable Al to overcome these challenges and enhance
clinical deployment [18].

4. PROPOSED METHODOLOGY

The proposed methodology for brain tumour detection begins with a cloud-hosted dataset of brain MRI
scans labelled as Cancer or Non-Cancer, leveraging cloud storage for scalability, accessibility, and secure data
management. This dataset undergoes a two-step pre-processing phase: first, Median Filtering is applied to reduce
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noise by replacing each pixel’s value with the median of its local neighbourhood, preserving critical anatomical
edges. Next, Contrast Limited Adaptive Histogram Equalization (CLAHE) enhances localized contrast by
dividing the image into tiles, applying histogram equalization to each tile with a clip limit to prevent noise
amplification, and interpolating results for seamless integration. These pre-processing steps ensure optimal image
quality for downstream analysis. The refined images are then processed by a deep learning classifier combining
an EfficientNet convolutional neural network optimized via compound scaling to balance depth, width, and
resolution for computational efficiency, with an auxiliary classifier integrated into intermediate layers to mitigate
vanishing gradients during training. The auxiliary classifier supplements the primary loss function, strengthening
gradient flow and improving model robustness. Post-classification, SHAP (Shapley Additive Explanations) is
employed to interpret predictions, quantifying the contribution of individual pixels or regions in the MRI scan to
the final diagnosis using Shapley values derived from cooperative game theory. Shapley. This explanatory step
provides clinicians with visual and quantitative insights into the model’s decision-making process, fostering trust
and transparency. The pipeline concludes with a probabilistic output generated via SoftMax activation, classifying
each scan as Cancer or Non-Cancer based on the highest probability score. By integrating noise reduction, contrast
enhancement, efficient deep learning, and explainable Al this methodology delivers a robust, accurate, and
interpretable framework for brain tumour detection, suitable for clinical deployment.

Cloud
Data
(brain Tumer detection
dataset)

Classifier Explainable AT
(EfficienNet+auxiliary —[—» SHAP (SHapley Additive
classifier) Explanations)

Non-
Cancer

Figure 1: Overall architecture of the proposed methodology
4.1 MEDIAN FILTERING

Median filtering is a nonlinear image enhancement technique used primarily for noise reduction. It is
particularly useful in medical imaging, such as brain tumour detection in MRI or CT scans, where images may
contain salt-and-pepper noise or other imperfections. The median filter works by replacing each pixel in the image
with the median value of the pixels in a surrounding window. This helps to preserve edges while effectively
reducing noise. In brain tumour detection, median filtering helps enhance the quality of input data by removing
noise that could otherwise interfere with accurate segmentation and classification. This pre-processing step is
crucial for ensuring that the machine learning model or deep learning classifier receives high-quality input data,
leading to more accurate and reliable results. The mathematical formula for median filtering is

Iriterea(x,y) = median({I1(x",y") | (x",y") €N (x,y)}) (M

Where: N(x,y)N(x, y)N(x,y) represents the neighbourhood (a window) of the pixel I(x,y)I(x, y)I(x,y),
typically a square or rectangular region centred on (X,y)(X, y)(X,y). The median function selects the middle value
from the sorted list of pixel values in the neighbourhood N(x,y)N(X, y)N(X,y).

4.2 CONTRAST-LIMITED ADAPTIVE HISTOGRAM EQUALIZATION (CLAHE)

Contrast-Limited Adaptive Histogram Equalization (CLAHE) is an enhancement device that is
particularly useful in medical imaging for tasks like skin cancer detection. CLAHE works largely on local contrast
enhancement, dividing the image into small regions (tiles) and realizing histogram equalization separately on
these regions. This local processing helps CLAHE to reduce noise amplification by applying a contrast limit on
the histogram before redistribution of pixel intensities, unlike the global processing strategy of histogram
equalization. The mathematical formula for Contrast-Limited Adaptive Histogram Equalization is

_ cDF(1(x,))~CDFpin

I'x,y) =— 0 — (LD )

M—CDFpin
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Where I'(x, y) is the enhanced intensity of the pixel at (x,y), I (x, y)is the original intensity of the pixel
at (x,y), CDF(I (x, y)) is the cumulative distribution function (CDF)of the intesity value, CDF,,;, The
minimum non-zero value of the CDF, M, is the total number of pixels, and L is the maximum intensity.

4.3 EFFICIENTNET

The EfficientNet architecture does well in terms of feature extraction performance assessment. The
images are pre-processed (blinded by Median filtering and CLAHE-enhanced for contrast) and sent to
EfficientNet for learning deep spatial features, since it will learn very complex features quite efficiently in skin
lesion images. EfficientNet scales up by concurrent scaling of architecture depth (number of layers), width
(number of channels for each layer), and resolution (input image size). This method of scaling will yield high-
quality feature extraction with much lower computational costs. MBConv, or Mobile Inverted Bottleneck
Convolution blocks, are important to EfficientNet since they render spatial information more usable for feature
extraction. Squeeze-excitation modules perform the function of increasing attention to features that indicate
varying levels of malignancy. All these mechanisms ensure the capture of relevant details in skin lesion images.
In the second stage, the deep spatial features are sent to the Virion Transformer (ViT)-based classifier. The
possibility of merging EfficientNet for local feature extraction and ViT for global contextual relationships
modelling might be the one chance this hybrid can increase classification accuracy and eventually skin cancer
detection. Due to the implications of the feature extraction method, EfficientNet converges very quickly, thereby
providing robustness in skin lesion classification as far as dermatology and telemedicine are concerned.
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({224=x224=3)
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MBConvE,3x3

Figure 2: EfficientNet Architecture

4.4 AUXILIARY CLASSIFIER

An auxiliary classifier is an additional classifier that is integrated into the architecture of a deep learning
model to improve training and enhance the performance of the main classifier. It is typically used in deep
convolutional networks like Google Net or EfficientNet, where it helps to provide extra supervision during the
training process. This secondary classifier is placed at intermediate points in the network, and its purpose is to
produce predictions that can be used to guide the learning process. The auxiliary classifier reduces the problem of
vanishing gradients and improves the flow of gradients back through the network, especially in deep networks
where the gradients tend to diminish as they propagate through many layers. In the context of brain tumour
detection, an auxiliary classifier can help refine the learning process by providing additional cues that guide the
model to make more accurate classifications, especially when dealing with complex and high-dimensional data,
such as medical images. The auxiliary classifier does not affect the main prediction but aids in the optimization
of the main network, leading to better overall performance in tasks like segmentation, classification, and diagnosis.
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Figure 3: Auxiliary classifier Architecture

4.5 SHAP (SHAPLEY ADDITIVE EXPLANATIONS)

SHAP (Shapley Additive Explanations) is a powerful interpretability method used in artificial
intelligence (Al) and machine learning (ML) to explain model predictions. It is based on Shapley values from
cooperative game theory and provides a mathematically grounded approach to attributing contributions of
individual features to a model's output. In the context of Al-based classification and detection of brain tumours in
healthcare imaging data, SHAP helps explain why a deep learning model classified a brain MRI scan as cancerous
or non-cancerous. By assigning each feature a SHAP value, the technique quantifies the importance of individual
pixels, regions, or extracted features in influencing the model's decision. This transparency is crucial in medical
Al applications, where trust and interpretability are essential for clinical adoption. SHAP allows radiologists and
clinicians to validate the model's reasoning by highlighting critical tumour regions contributing to the
classification. Additionally, it helps detect biases or inconsistencies in the model, improving reliability and
performance. When combined with techniques like Grad-CAM and saliency maps, SHAP enhances the
explainability of Al-driven medical diagnostics, ensuring that healthcare professionals can make informed
decisions with confidence.
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Figure 4: SHAP (Shapley Additive Explanations) Architecture
4.6 GOOGLE CLOUD PLATFORM (GCP)

Google Cloud Platform (GCP) is a robust cloud computing service that offers high-performance
infrastructure, AI/ML tools, and scalable storage solutions, making it an ideal choice for healthcare imaging and
Al-based brain tumour classification. GCP provides a wide range of services, including Google Cloud Al
Platform, Google Compute Engine, Cloud TPU, and BigQuery, which enable efficient data processing, model
training, and deployment of deep learning models [19]. For Al-driven medical imaging applications, GCP
supports TensorFlow and PyTorch, with powerful GPUs and TPUs for accelerating deep learning workflows. Its
Explainable AI (XAI) tools integrate seamlessly with SHAP (Shapley Additive Explanations), allowing
interpretability in brain tumour detection models. Furthermore, GCP ensures compliance with HIPAA, GDPR,
and other healthcare regulations, providing secure storage and processing of sensitive patient data through Cloud
Healthcare API and Google Cloud Storage [20]. With its scalable infrastructure and Al-driven analytics, GCP
enables researchers and medical professionals to build and deploy accurate, efficient, and explainable deep
learning models for healthcare imaging applications.

5. DATASET DESCRIPTION

The Brain Tumour Detection Dataset consists of medical imaging data, primarily Magnetic Resonance
Imaging (MRI) scans, used for the classification and diagnosis of brain tumours. This dataset typically includes
different types of brain tumours, such as glioma, meningioma, and pituitary tumours, along with non-tumour cases
for a balanced classification approach. The dataset contains T1-weighted, T2-weighted, FLAIR, and contrast-
enhanced MRI scans, providing comprehensive structural details essential for tumour identification. Each image
is labelled based on expert radiologists' annotations, making it suitable for deep learning-based classification and
segmentation tasks. The dataset may be structured into training, validation, and testing sets, ensuring proper
generalization of Al models. Additionally, it includes metadata such as patient ID, tumour location, and tumour
grade, enabling further analysis. Since MRI scans are high-dimensional and contain noise, pre-processing
techniques like Median Filtering and CLAHE (Contrast Limited Adaptive Histogram Equalization) are applied to
enhance image quality. This dataset plays a crucial role in developing Al-driven models for automated tumour
detection, segmentation, and classification, supporting early diagnosis and improving clinical decision-making.

Dataset Link: https://www.kaggle.com/datasets/sumedhkolupoti/brain-tumer-detection-dataset

6. RESULT AND DISCUSSION

The anomaly detection framework monitors signal values (200—1000) over defined time intervals
(5,000-35,000s). Anomalies are flagged when measurements deviate from the expected range, such as exceeding
1000 or dropping below 200. For instance, a spike to 1200 at 5,000s or a dip to 100 at 25,000s would trigger alerts.
The system relies on threshold comparisons across time-series data to identify irregularities.
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Figure 5: Anomaly Detection

The performance metrics include Accuracy at 99.0%, reflecting the model’s overall correctness.
Precision is 90.94%, indicating the proportion of true positives among predicted positives. Recall stands at
90.55%, measuring the model’s ability to capture actual positives. The F1-Score (89.99%) balances precision and

recall for a holistic performance view. Together, these metrics highlight the model’s effectiveness, with accuracy
being the strongest metric.
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Figure 6: Performance Metrics

The ROC curve evaluates the brain tumor detection model’s performance by plotting Tissue Positive
Rate(correct tumor identifications) against the False Positive Rate (non-tumor misclassifications). The model
achieves an AUC (Area Under the Curve) of 0.5439, indicating marginal discrimination ability slightly above
random chance (AUC = 0.5). This low AUC suggests limited reliability in distinguishing tumor tissue from
healthy tissue. The curve highlights a need for model refinement to improve sensitivity or reduce false positives.
Overall, the current performance underscores challenges in achieving robust diagnostic accuracy.
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Figure 7: ROC Curve

7. CONCLUSION

The proposed framework successfully integrates advanced pre-processing, EfficientNet, and SHAP to

achieve high diagnostic accuracy (99.0%) in brain tumour detection while ensuring model transparency. However,
the low AUC (0.5439) and moderate precision-recall metrics reveal limitations in generalization and
discriminative power, likely due to dataset variability or class imbalance. The reliance on computational resources
and MRI protocol consistency further constrains real-time clinical application. Future work should focus on
refining feature extraction, expanding diverse datasets, and optimizing computational efficiency. By addressing
these challenges, the integration of XAI and deep learning can advance toward reliable, real-world diagnostic
tools, fostering trust and improving patient outcomes in oncology.
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