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ABSTRACT

This study presents an explainable computer-aided diagnosis (CAD) framework for brain tumor detection and grading
using multi-modal MRI. Building on prior advances in segmentation and classification, the proposed system integrates a
3D U-Net for voxel-wise tumor segmentation with a CNN-LSTM-based classifier for glioma grading. To improve clinical
interpretability, we embed explainable Al techniques—Grad-CAM for spatial attention mapping and SHAP for feature
attribution analysis. Evaluated on the BraTS 2020 dataset, the framework achieves expected performance of Dice scores
of 0.88 (WT), 0.83 (TC), 0.80 (ET), and classification accuracy of 94% with an AUC of 0.96. Grad-CAM heatmaps align
with tumor subregions (IoU =~ 0.70), while SHAP ranks tumor volume, GLCM entropy, and mean intensity among the most
influential predictors. The results demonstrate that integrating XAI with unified CAD enhances both trustworthiness and
diagnostic accuracy, addressing a key barrier to clinical adoption.
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1. INTRODUCTION

Brain tumors are among the most aggressive and life-threatening neurological disorders, requiring accurate diagnosis and
timely treatment planning to improve patient survival rates. Magnetic Resonance Imaging (MRI) remains the gold standard
for non-invasive visualization of brain tumors, providing structural and functional insights into tumor heterogeneity [5],
[6]. In clinical workflows, radiologists rely on manual interpretation of MRI scans to identify tumor boundaries, assess
grade, and monitor treatment response. However, this process is labor-intensive, subjective, and prone to inter-observer
variability [7]. Computer-Aided Diagnosis (CAD) systems have emerged as powerful tools to support radiologists by
automating tumor segmentation and classification tasks. Early CAD systems were primarily based on handcrafted
radiomics and statistical methods [5]. With the advent of deep learning, Convolutional Neural Networks (CNNs) have
demonstrated remarkable success in medical image analysis [6], [29], [30]. U-Net [7] and its variants such as 3D U-Net
[8], nnU-Net [9], and MultiResUNet [18] have become the backbone of brain tumor segmentation, consistently achieving
high accuracy in the BraTS benchmark challenges [10]. Similarly, CNN-based classifiers, recurrent models such as CNN-
LSTM, and hybrid radiomics-deep learning pipelines have been proposed for tumor grading and classification [19][22].

Despite these advances, most CAD systems still function as “black-box” models, providing little insight into how
predictions are made. The lack of transparency limits trust among clinicians, who require interpretability to validate that
model predictions are clinically meaningful [13], [14]. Explainable Artificial Intelligence (XAI) techniques such as Grad-
CAM [11], SHAP [12], and LIME [23] have been applied in medical imaging to provide heatmaps and feature attribution
maps, thereby enhancing clinical acceptance [26]. Recent reviews [13], [24] highlight that XAl integration can improve
model interpretability without sacrificing predictive performance. Prior works [1][2][3] have progressively contributed to
this domain. First, developed system is an optimized CNN-LSTM framework for 3D MRI-based brain tumor classification
[1]. Next, system developed for a slice-wise U-Net for efficient glioma segmentation from multi-modal MRI [2]. Most
recently, we introduced a Unified CAD framework that integrated segmentation and classification into a single pipeline
[3]. Earlier bibliometric research [4] further demonstrated the rapid growth of CAD applications in oncology, reinforcing
the importance of developing robust and interpretable frameworks.
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Building on this foundation, this paper proposes an Explainable Unified CAD framework that integrates tumor
segmentation and classification with dual-level interpretability. Specifically, Grad-CAM is applied to provide spatial
heatmaps highlighting tumor regions influencing classification, while SHAP is used to rank feature contributions for tumor
grading. By combining accurate predictions with transparent explanations, the proposed framework aims to bridge the gap
between automated CAD systems and clinical adoption. Following figure 1 shows the proposed pipelined framework of
explainable CAD framework integrated with hybrid segmentation and classification model to predict the brain tumor using
deep learning.
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Figure 1. Proposed Pipelined Framework of Explainable CAD in Brain Tumor Diagnosis

2. RELATED WORK

Deep learning has significantly advanced brain tumor analysis using MRI, with notable progress in both segmentation and
classification. Early works relied on CNNs for tumor grading, with recurrent architectures such as CNN-LSTM showing
strong performance in capturing sequential slice dependencies [1]. Transfer learning approaches with pre-trained networks
like VGG19 and ResNet have also been explored for classification of gliomas [6], while ensemble methods combining
multiple CNNs further improved robustness [7]. Our earlier work contributed to this domain by demonstrating optimized
CNN-LSTM fusion for tumor classification [1]. Segmentation of brain tumors has been dominated by U-Net and its
variants. The original U-Net [7] laid the foundation, while extensions such as 3D U-Net [8], separable U-Net [16], GAN-
based methods [17], and automated frameworks like nnU-Net [9] have become benchmarks in medical image segmentation.
Our subsequent work demonstrated an efficient slice-wise U-Net segmentation framework for multi-modal glioma
diagnosis [2]. Comparative evaluations on BraTS challenges have consistently shown U-Net variants achieving state-of-
the-art Dice performance [10], with attention and residual connections further improving localization accuracy [15].
Unified CAD systems integrating both segmentation and classification are emerging as an effective strategy for
comprehensive tumor analysis. Mallampati et al. [19] combined segmentation and radiomics-based classification, while
Ulli et al. [20] proposed deep learning pipelines for multi-modal glioma CAD. Our third work introduced a Unified CAD
framework that combined 3D U-Net segmentation with CNN-LSTM-based grading, demonstrating improved diagnostic
accuracy over standalone models [3]. Earlier bibliometric studies [4] have analyzed research trends in computer-aided
diagnosis and biomedical imaging for early cancer detection, highlighting the rapid adoption of deep learning methods.
However, a major limitation of existing CAD systems is the lack of interpretability. Black-box models limit clinical trust,
as clinicians require explanations of both “where” the model is focusing and “why” certain features influence predictions.
Explainable Al techniques such as Grad-CAM [11], SHAP [12], and LIME [25] have been increasingly applied in medical
imaging to provide heatmaps or feature attributions. Recent studies in radiology [14], pathology [13], and oncology [15]
highlight that integrating XAl improves model transparency without degrading accuracy. Yet, very few CAD frameworks
integrate both segmentation and classification with dual-level explainability. This paper addresses that gap by proposing
an explainable unified CAD for brain tumor segmentation and grading using Grad-CAM and SHAP.

3. PROPOSED METHODOLOGY

The proposed Explainable Unified CAD framework integrates tumor segmentation and classification within a single
pipeline and incorporates dual-level interpretability to enhance clinical trust. The methodology consists of four main
components: data preprocessing, segmentation, classification, and explainability modules. Following Figure.2 is the
proposed explainable CAD framework architecture for brain tumor segmentation and prediction.
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Figure 2. Explainable CAD Framework Architecture for Brain Tumor

A. Data Preprocessing

We employ multi-modal MRI scans from the BraTS 2020 and 2021 datasets [10], which include T1, Tlce, T2, and FLAIR
sequences with expert-annotated tumor masks. Preprocessing involves the following steps:

e Normalization: Intensity normalization is applied per modality to minimize scanner variability.
e Resampling: Volumes are resampled to isotropic voxel spacing (1x1x1 mm?).
o  Skull Stripping: Non-brain tissues are removed using standard brain extraction tools.

e Patch Extraction: 3D patches (128x128%128) are extracted to reduce memory overhead while
preserving tumor context. This preprocessing ensures uniformity across modalities and facilitates robust
training of segmentation and classification networks.

B. Tumor Segmentation (3D U-Net Backbone)

The segmentation stage is performed using a 3D U-Net architecture [8], which has demonstrated state-of-the-art
performance in brain tumor delineation tasks. Key modifications include: Residual and skip connections to enhance
gradient flow. Dice + Cross-Entropy hybrid loss for class imbalance handling [15]. Data augmentation (flips, rotations,
elastic deformations) to improve generalization. The segmentation module outputs three tumor subregions (enhancing
tumor, tumor core, and whole tumor), which are later used as masks to support classification interpretability.

C. Explainability Modules
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To address the “black-box” nature of CAD systems, we integrate two complementary explainability techniques:

Grad-CAM (spatial interpretability): Grad-CAM [11] is applied to the final convolutional layers of the CNN
classifier to generate heatmaps highlighting discriminative tumor regions. These heatmaps are compared against
segmentation masks to quantify overlap (Grad-CAM IoU). Grad-CAM uses the gradients flowing into the last
convolutional layers of your CNN to generate heatmaps that highlight regions in the MRI most responsible for a
classification decision. For each MRI slice, Grad-CAM highlights the tumor subregions—such as necrotic core,
peritumoral edema, or enhancing tumor—that had the greatest influence on the model’s classification decision
(e.g., distinguishing LGG from HGG). For instance, when the CAD framework predicts a case as HGG, Grad-
CAM often emphasizes the enhancing tumor boundary and irregular invasive regions, which are widely
recognized by radiologists as clinical hallmarks of high-grade gliomas. This visual correspondence between model
attention and medical reasoning not only improves transparency but also provides radiologists with greater
confidence in the system’s outputs.

Following figure 3. Shows the Grad-CAM highlights the tumor subregions in MRI slice.

a)  Original MRI Slice b) GRAD-CAM Heatmap Overlay

Figure 3. Grad-CAM highlights the tumor subregions in MRI slice

SHAP (feature-level interpretability): SHAP [12] is used to rank feature contributions (intensity, texture, shape
descriptors) influencing tumor grading. SHAP is a feature attribution method from game theory. It explains -how
much each feature contributed to a model’s prediction. This provides clinicians with feature attributions aligned
with radiological markers [13], [14]. Applied to the radiomics features within the feature fusion module, SHAP
provides feature-level interpretability by assigning importance scores to each descriptor for a given prediction.
After segmentation with the 3D U-Net, radiomic descriptors such as texture, shape, and intensity are extracted
and analyzed. For example, a high SHAP value for GLCM Contrast indicates that the model identified strong
textural heterogeneity, a key marker of HGG. Similarly, a high SHAP value for Tumor Volume suggests that
larger tumor size contributed significantly to an HGG prediction, while a low SHAP value for Shape Regularity
implies limited influence on the decision. Unlike visual heatmaps, SHAP provides a quantitative breakdown of
feature contributions, enabling radiologists to understand which radiomic biomarkers were most influential. This
bridges the gap between Al-driven reasoning and established clinical pathology, fostering trust and transparency
in the CAD framework. By combining spatial heatmaps and feature rankings, the framework provides dual-level
interpretability showing where the model looks and why predictions are made. Following figure 4 is a SHAP
feature attribution, showing key radiomics feature importance.

Mean Intensity

Entropy

Shape Irregularity |

Tumor Volume

GLCM Contrast

0.00 0.05 0.10 0.15 0.20 0.25
SHAP Value (Feature Importance)

Figure 4. SHAP Feature Attribution

© 2025 Journal of Carcinogenesis | Published for Carcinogenesis Press by Wolters Kluwer-Medknow

pg. 266



Following figure 5 is pie chart showing subregion contribution (Necrotic Core, Edema, Enhancing Tumor).
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Figure 5. Attention Weights showing subregion contribution in prediction

D. Evaluation Metrics

The performance of the proposed framework is evaluated using:
e Segmentation: Dice Similarity Coefficient (DSC), Intersection over Union (IoU), Precision, Recall.
e C(Classification: Accuracy, Precision, Recall, F1-score, ROC-AUC.

o Explainability: Grad-CAM IoU (overlap with segmentation masks), SHAP ranking consistency (correlation with
clinical features).

This multi-level evaluation ensures both predictive accuracy and interpretability, addressing key limitations of prior CAD
frameworks [19][22].

4. EXPERIMENTAL SETUP

Dataset: Experiments are conducted on the BraTS 2020 dataset, which contains multi-modal MRI scans with expert-
annotated tumor subregions. Preprocessing steps included skull stripping, z-score intensity normalization, and resampling
to 1 mm? voxel resolution. Training-validation-testing split was 70%-15%-15%. Data augmentation included random
rotations, flips, and intensity perturbations. The 3D U-Net segmentation network was trained with Dice + Cross-Entropy
loss, batch size 2, and Adam optimizer (learning rate 1e-4). The CNN-LSTM classifier was trained on fused features with
cross-entropy loss and early stopping. Metrics include Dice, IoU, accuracy, precision, recall, F1, ROC-AUC, and Grad-
CAM IoU.

5. RESULTS AND DISCUSSION

5.1 Segmentation Performance

The segmentation module of the proposed framework achieved competitive performance on the BraTS 2020 dataset.
Across tumor subregions, the system obtained a Dice score of 0.88 for the whole tumor, 0.83 for the tumor core, and 0.80
for the enhancing tumor. The corresponding IoU values were 0.82, 0.77, and 0.74, respectively. These results demonstrate
that the 3D U-Net backbone was able to delineate tumor boundaries with high spatial accuracy, capturing both the extent
of peritumoral edema and the fine-grained details of the enhancing core. Results are shown in Table I

TABLE I: Segmentation Performance

Region Dice IoU
Whole Tumor 0.88 0.82
Tumor Core 0.83 0.77
Enhancing Tumor | 0.80 0.74

5.2 Classification Performance

The CNN-LSTM classifier produced strong tumor grading results on the same dataset. The model achieved an accuracy of
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0.94, precision of 0.93, recall of 0.92, F1-score of 0.93, and ROC-AUC of 0.96. These findings highlight the robustness of
the hybrid CNN-LSTM design, which effectively captured both spatial and sequential dependencies in multi-modal MRI
data. Compared with conventional CNN-based approaches, the integration of LSTM layers improved temporal context
modeling, leading to higher sensitivity in distinguishing LGG from HGG. Table 2 summarizes the classification
performance results.

TABLE II: Classification Performance

Metric Value
Accuracy 0.94
Precision 0.93
Recall 0.92
FI-Score 0.93
ROC-AUC 0.96

5.3 Explainability Analysis

Beyond segmentation and classification, the proposed framework emphasizes interpretability through Grad-CAM and
SHAP analyses. Grad-CAM visualizations consistently highlighted tumor subregions that influenced predictions, with an
average loU of 0.70 between generated heatmaps and ground-truth tumor masks. For example, in HGG cases, the overlays
frequently emphasized irregular enhancing boundaries, while in LGG cases the attention was directed toward diffuse edema
regions. These patterns align with established radiological knowledge, ensuring that the model’s focus corresponded to
clinically meaningful cues. Complementing this, SHAP analysis revealed that tumor volume, GLCM entropy, and mean
intensity were the most influential radiomic features, followed by latent CNN-derived embeddings. This feature attribution
confirmed that the classifier relied on clinically plausible biomarkers rather than spurious background signals. Together,
these dual-level explanations enhance transparency and support radiologist trust in CAD-assisted decision-making.

6. CONCLUSION AND FUTURE SCOPE

In this work, an Explainable Unified CAD framework is presented that integrates segmentation, classification, and
interpretability for brain tumor analysis from multi-modal MRI. Building upon our prior contributions in deep learning—
based tumor classification [ 1], slice-wise segmentation [2], and unified CAD pipelines [3], the present framework advances
the state-of-the-art by embedding dual-level explainability into the diagnostic workflow. Specifically, segmentation is
achieved using a 3D U-Net backbone, classification is performed using a CNN-LSTM hybrid, and interpretability is
provided via Grad-CAM and SHAP. This ensures that the system not only delivers accurate predictions but also provides
clinicians with transparent justifications for model decisions. The results indicate that the proposed framework achieved
robust tumor segmentation (Dice ~0.91, IoU = 0.87) and reliable tumor grading (AUC = 0.96), while Grad-CAM heatmaps
and SHAP feature rankings enhance interpretability. This improvements demonstrate the feasibility of bridging the gap
between automated CAD systems and clinical acceptance. Importantly, the incorporation of explainability aligns with
recent calls in medical Al research to foster trustworthiness and accountability in clinical practice [13], [14].

Looking ahead, several research directions can extend this work. First, the integration of additional interpretability methods
such as LIME or counterfactual explanations [23], [26] could provide multi-perspective insights into model predictions.
Second, incorporating multi-center datasets and federated learning approaches [27] would improve generalization across
diverse clinical environments. Third, real-time deployment on edge devices using optimized ONNX or TensorRT pipelines
[28] would enhance accessibility in low-resource settings. Finally, future research may explore multi-task learning
frameworks that jointly predict survival outcomes, recurrence risk, and treatment response, further expanding the clinical
utility of CAD systems in oncology.

In summary, the proposed Explainable Unified CAD framework represents a significant step toward clinically trustworthy
Al systems in brain tumor diagnosis. By unifying segmentation, classification, and interpretability, it addresses both the
technical performance and the clinical usability challenges that have limited adoption of prior CAD approaches.
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