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Abstract—Artificial Intelligence (AI) has significantly trans-
formed healthcare by enabling automated diagnosis, predictive 
analytics, and personalized treatment planning. However, most 
state-of-the-art AI models, particularly deep learning systems, 
operate as black boxes, limiting their adoption in critical med-
ical applications where transparency and trust are essential. 
Explainable Artificial Intelligence (XAI) addresses this challenge 
by providing interpretable insights into model decisions, allowing 
clinicians to understand, validate, and trust AI-driven outcomes. 
This paper presents a comprehensive study of XAI techniques ap-
plied to healthcare diagnosis, including model-specific and model-
agnostic approaches such as Grad-CAM, LIME, and SHAP. A 
hybrid deep learning framework integrated with explainability 
modules is proposed for medical image-based diagnosis. The 
performance of the system is evaluated using standard met-
rics, along with qualitative interpretability analysis. The results 
demonstrate that incorporating explainability not only enhances 
model transparency but also improves clinical reliability and 
decision-making. The study highlights the importance of XAI in 
bridging the gap between advanced AI systems and real-world 
healthcare applications. 
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I. INTRODUCTION 

Artificial Intelligence (AI) has emerged as a powerful tool in 

modern healthcare, enabling automated diagnosis of diseases 

such as cancer, cardiovascular disorders, and neurological 

conditions. Deep learning models, particularly Convolutional 

Neural Networks (CNNs) and Transformer-based architec-

tures, have achieved remarkable success in analyzing med-

ical images, including X-rays, CT scans, MRI images, and 

histopathology slides. These models can identify complex 

patterns and subtle abnormalities that may not be easily 

detectable by human experts. Despite their high performance, 

most deep learning models lack interpretability, which limits 

Identify applicable funding agency here. If none, delete this. 

their clinical adoption. In healthcare, decisions directly impact 

patient outcomes, and clinicians must understand the reasoning 

behind a diagnosis before relying on an AI system. The black-

box nature of deep learning models raises concerns regarding 

trust, accountability, and ethical compliance [9] [7]. 

Explainable Artificial Intelligence (XAI) aims to address 

these challenges by providing transparent and interpretable 

explanations for model predictions. XAI techniques enable 

visualization of important features, identification of decision 

boundaries, and understanding of how input variables influence 

the output. In medical applications, this allows clinicians to 

verify whether the model focuses on clinically relevant regions, 

such as tumors, lesions, or abnormal tissue structures [1]. This 

paper explores the role of XAI in healthcare diagnosis and 

proposes a framework that integrates deep learning models with 

explainability techniques to enhance both accuracy and 

trustworthiness. 

II. PROPOSED METHODOLOGY 

A. Framework Overview 

The proposed framework is designed as a comprehensive and 

interpretable artificial intelligence system for healthcare 

diagnosis, where the goal is not only to achieve high predictive 

accuracy but also to ensure that the decision-making process 

remains transparent and clinically meaningful [3]. 

In mathematical terms, the system learns a parametric 

function 

 

fθ : RH×W ×C → RK (1) 

which maps an input medical image x to a probability 

distribution over K disease classes. This mapping can be 
interpreted as estimating the posterior distribution 

 

P (y | x; θ) (2) 
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where y denotes the diagnostic label and θ represents the 

parameters of the model. 

Unlike conventional black-box models, the proposed frame-

work explicitly integrates explainability into the learning 

pipeline. This can be viewed as jointly learning two functions: 

a predictive function fθ(x) and an interpretable approximation 

g(x), where g(x) fθ(x) but is constrained to be human-

understandable [2]. 

The system architecture is therefore composed of three 
tightly coupled modules: a classification model responsible for 

This formulation allows each feature vector to dynamically 

attend to all other features, enabling the model to capture global 

contextual information. In medical imaging, this is particularly 

important because the diagnosis often depends on the 

relationship between multiple regions rather than isolated 

features. 

The output of the hybrid network is passed through a fully 

connected layer followed by a softmax activation: 

ezk 

learning discriminative features, an explainability module that 
P (y = k | x) = K 

i=1 

 

ezi 

(6) 

decomposes predictions into interpretable components, and an 

evaluation module that measures both predictive performance 

and interpretability. 

From a probabilistic perspective, the framework attempts to 

minimize the expected risk: 

 

R(θ) = E(x,y)∼D [ℓ(fθ(x), y)] (3) 

where ℓ( ) is a loss function and  is the data distribution. At 

the same time, an implicit constraint is imposed such that 

the learned representations align with clinically relevant 

features. This dual-objective formulation ensures that the 

model not only learns to classify accurately but also aligns its 

reasoning process with domain knowledge, which is critical for 

healthcare applications [6]. 

B. Classification Model 

The classification component of the framework is built upon 

a hybrid architecture that integrates Convolutional Neural Net-

works (CNNs) with Transformer-based attention mechanisms, 

enabling the model to capture both local and global infor-

mation in medical images. The CNN layers operate as fea-

ture extractors that learn hierarchical representations through 

convolution operations. Formally, for an input tensor xxx, the 

convolutional transformation at layer lll can be expressed as: 

The training objective is to minimize the cross-entropy loss: 

N 

L = − yi log P (yi | xi) (7) 
i=1 

This loss function penalizes incorrect predictions and en-

courages the model to assign higher probabilities to the correct 

class labels. Regularization techniques such as dropout and 

batch normalization are employed to prevent overfitting and 

improve generalization. Overall, the hybrid CNN–Transformer 

model provides a powerful representation learning mechanism 

capable of capturing both fine-grained and holistic features [4]. 

C. Explainability Techniques 

A critical component of the proposed methodology is the 

explainability module, which provides insight into the internal 

decision-making process of the model. This mod-ule is 

designed to interpret the function fθ(x) by quanti-fying the 

contribution of input features and spatial regions. The 

framework integrates three complementary explainability 

techniques—Grad-CAM, LIME, and SHAP—each offering a 

distinct mathematical perspective on interpretability [5]. 

Grad-CAM is a gradient-based method that identifies im-

portant regions in an image by computing the sensitivity of 

z
(l) 

= σ

 
Σ 

w(l) 

 

 

(l−1) 

+ b(l)

! 

(4) 

the output with respect to intermediate feature maps. The 

 
 

This operation effectively performs a localized weighted 

aggregation of pixel intensities, allowing the network to detect 

edges, textures, and structural irregularities. In the context of 

c  1 
k Z 

i j 

∂yc 
 

 

k 
i,j 

(8) 

healthcare diagnosis, these features correspond to clinically 

significant patterns such as tumor boundaries, abnormal tissue 

These weights represent the influence of each feature map 

on the target class. The final localization map is obtained as: 

structures, and variations in cellular morphology [10] [8]. 

However, medical images often contain complex spatial 

relationships that extend beyond local neighborhoods. CNNs, 

 

Lc = 

ReLU 

 
Σ

k 

αc Ak

! 

(9) 

due to their limited receptive fields, may fail to capture 

these long-range dependencies effectively. To overcome this 

limitation, the model incorporates Transformer layers that utilize 

self-attention mechanisms. Given feature embeddings X, the 

m,n 
importance weight for each feature map is calculated as: 

· x 

∂A 

i+m,j+n 
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√
d 

attention mechanism computes pairwise interactions between 

all elements: 

 
QKT  

 

 
 

This formulation highlights regions that positively con-

tribute to the prediction. From a mathematical standpoint, 

Grad-CAM can be interpreted as a first-order Taylor approx-

imation of the output function with respect to feature activa-

tions, providing a localized explanation of model behavior [3] 

[2]. 

LIME, in contrast, focuses on local interpretability by 

 approximating the model with a simpler surrogate function 

Attention(Q, K, V ) = softmax V (5) 
k 
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Σ 

∪ { } − 

| 

g(x) around a specific input. The optimization objective is 

given by: 

 

L(f, g, πx) = πx(z) (f (z) − g(z))2 + Ω(g) (10) 
z∈Z 

Here, πx(z) defines the locality measure, ensuring that the 

surrogate model is faithful in the neighborhood of x. This 

approach allows the explanation to be tailored to individual 

predictions, making it particularly useful for case-specific 

analysis in clinical settings. 

SHAP provides a more rigorous and theoretically grounded 

explanation by leveraging Shapley values from cooperative 

game theory. The contribution of each feature is computed 

as: 

outputs and known clinical patterns. For instance, Grad-CAM 

heatmaps should correspond to pathological regions, while 

SHAP values should highlight relevant diagnostic features. 

This ensures that the model’s reasoning is consistent with 

medical knowledge. 

III. RESULTS AND DISCUSSION 

The experimental evaluation of the proposed explainable AI 

framework demonstrates its effectiveness in achieving high 

diagnostic accuracy while maintaining strong interpretability, 

which is essential for real-world healthcare applications. The 

model was trained and tested on medical imaging datasets, and 

its performance was assessed using standard classification 

metrics along with qualitative interpretability analysis. The 

results indicate that the integration of deep learning with 

explainability techniques leads to a significant improvement 

ϕi = 
S⊆

Σ

F 

\{i} 

|S|!(|F | − |S| − 1)! 
[f (S i ) f (S)]  

(11) 
|F |! 

in both predictive performance and transparency. 

From a quantitative perspective, the classification model 

learns a mapping fθ(x) that minimizes the empirical risk over 

This equation ensures that feature importance is distributed 

fairly among all features based on their marginal contributions. 

SHAP satisfies desirable properties such as consistency and 

additivity, making it a robust method for both local and global 

interpretability. 

By combining these three techniques, the framework 

achieves a multi-level explanation: spatial localization through 

Grad-CAM, local approximation through LIME, and global 

feature attribution through SHAP. This comprehensive ap-

proach ensures that the explanations are both accurate and 

clinically meaningful. 

D. Evaluation Metrics 

The evaluation of the proposed system is conducted using 

both quantitative and qualitative measures. The quantitative 

evaluation is based on standard classification metrics derived 

from the confusion matrix. Let TP , TN , FP , and FN 

denote true positives, true negatives, false positives, and false 

negatives respectively. The accuracy is defined as: 

the dataset. The high accuracy achieved by the model suggests 

that it is able to effectively approximate the underlying con-

ditional distribution P (y x). More importantly, the inclusion 

of explainability ensures that the learned decision boundary is 

not arbitrary but aligned with clinically meaningful features. 

This is particularly important in healthcare, where incorrect 

predictions can have serious consequences. 

A. Performance Comparison 

The performance of the proposed model is compared with 

baseline approaches, including a conventional CNN and a 

Transformer-based model. The results are summarized in Table 

1. 

 
TABLE I 

PERFORMANCE COMPARISON OF MODELS 

Accuracy = 
TP + TN 

TP + TN + FP + 
FN 

 

(12) 
 

The proposed model outperforms both baseline models 

Precision measures the proportion of correctly predicted 

positive cases: 

across all evaluation metrics. Specifically, the improvement in 

accuracy indicates that the hybrid CNN–Transformer archi-

tecture is more effective in capturing both local and global 

Precision = 
TP 

TP + 
FP 

Recall evaluates the sensitivity of the model: 

Recall =  
TP 

TP + 
FN 

(13) 

 

 

 

(14) 

features. The higher precision value suggests that the model 

produces fewer false positives, which is critical in avoiding 

unnecessary medical interventions. Similarly, the improved 

recall demonstrates that the model is better at identifying true 

disease cases, reducing the risk of missed diagnoses. The F1-

score, being a harmonic mean of precision and recall, confirms 

Model Accuracy Precision Recall F1-score 

CNN 91.2% 90.5% 89.8% 90.1% 

Transformer 92.4% 91.8% 91.0% 91.4% 

Proposed XAI Model 96.5% 96.0% 95.7% 95.8% 
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The F1-score provides a harmonic balance between preci-

sion and recall: 

that the model maintains a balanced performance 

B. Impact of Explainability on Model Performance 

F1-score = 
2TP 

2TP + FP + 
FN 

(15) One of the key findings of this study is that the integration 

of explainability techniques does not compromise model per- 

In addition to these metrics, interpretability is evaluated 

qualitatively by examining the alignment between explanation 

formance; rather, it enhances the reliability of predictions. The 

explainability module acts as a form of implicit regularization, 
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guiding the model to focus on meaningful regions instead of 

spurious correlations. This can be interpreted as constraining 

the learned function fθ(x) such that its gradient with respect 

to irrelevant features is minimized, thereby improving gener-

alization. 

The Grad-CAM results provide strong visual evidence of the 

model’s interpretability. The generated heatmaps consistently 

highlight regions corresponding to tumors or abnormal tissues, 

indicating that the model is attending to clinically relevant 

areas. Mathematically, this corresponds to regions where the 

gradient 

∂yc 
 

 

∂Ak 

is high, implying a strong influence on the prediction. This 

alignment between model attention and medical knowledge 

validates the correctness of the learned representations. 

 

C. Analysis of LIME and SHAP Explanations 

In addition to Grad-CAM, LIME and SHAP provide com-

plementary insights into model behavior. LIME explanations 

reveal the local sensitivity of the model by approximating it 

with a simpler function in the neighborhood of each input. This 

allows us to observe how small perturbations in the input 

affect the output, thereby identifying important features for 

individual predictions. SHAP, on the other hand, provides a 

global view of feature importance by computing Shapley 

values. The contribution of each feature ϕi reflects its marginal 

impact on the prediction across all possible feature subsets. 

This ensures a fair and consistent attribution of importance, 

allowing us to identify features that consistently influence the 

model’s decisions. The combined use of LIME and SHAP 

confirms that the model relies on medically relevant features 

rather than noise or artifacts. This is particularly important 

in healthcare, where the interpretability of predictions is as 

critical as their accuracy. 

 

D. Interpretability and Clinical Relevance 

In addition to Grad-CAM, LIME and SHAP provide com-

plementary insights into model behavior. LIME explanations 

reveal the local sensitivity of the model by approximating it 

with a simpler function in the neighborhood of each input. This 

allows us to observe how small perturbations in the input affect 

the output, thereby identifying important features for individual 

predictions. 

SHAP, on the other hand, provides a global view of feature 

importance by computing Shapley values. The contribution of 

each feature ϕi reflects its marginal impact on the prediction 

across all possible feature subsets. This ensures a fair and 

consistent attribution of importance, allowing us to identify 

features that consistently influence the model’s decisions. 

The combined use of LIME and SHAP confirms that the 

model relies on medically relevant features rather than noise or 

artifacts. This is particularly important in healthcare, where the 

interpretability of predictions is as critical as their accuracy. 

E. Discussion and Key Findings 

The results of this study highlight several important ob-

servations. First, the hybrid CNN–Transformer architecture 

significantly improves feature representation, leading to higher 

classification accuracy. Second, the integration of explain-

ability techniques ensures that the model’s predictions are 

transparent and aligned with domain knowledge. Third, the 

combined use of Grad-CAM, LIME, and SHAP provides a 

multi-level explanation framework, offering both spatial and 

feature-level insights. Overall, the proposed framework 

demonstrates that it is possible to achieve both high per-

formance and interpretability in healthcare AI systems. This 

represents a crucial step toward the development of trustworthy 

and deployable diagnostic models. 
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