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 The rapid advancement of artificial intelligence (AI) has significantly 

impacted the healthcare sector, particularly in supporting the early 

detection of diabetes; however, many AI models still face challenges due 

to their black-box nature, where decision-making processes are not easily 

understood. This study aims to compare two Explainable Artificial 

Intelligence (XAI) methods, namely Local Interpretable Model-Agnostic 

Explanations (LIME) and SHapley Additive Explanations (SHAP), in 

interpreting the prediction results of an Artificial Neural Network (ANN) 

model using the Diabetes Health Indicator dataset. Prior to modeling, the 

data were preprocessed through cleaning and normalization to ensure 

quality and consistency. The trained ANN model was then analyzed using 

LIME and SHAP to evaluate the contribution of each feature to the 

prediction outcomes. The results show that both methods are capable of 

providing meaningful and interpretable explanations, although SHAP 

demonstrates more consistent and stable interpretations across the 

dataset. These findings highlight the importance of integrating XAI 

techniques to enhance model transparency, thereby increasing trust and 

supporting more reliable decision-making in clinical settings, particularly 

for diabetes diagnosis. 

  Abstrak 

Kata Kunci: Jaringan Saraf Buatan, 

AI yang Dapat Dijelaskan, LIME, 

SHAP 

 

 Kemajuan pesat kecerdasan buatan (AI) telah berdampak signifikan pada 

sektor kesehatan, khususnya dalam mendukung deteksi dini diabetes; 

namun, banyak model AI masih menghadapi tantangan karena sifatnya 

yang seperti kotak hitam, di mana proses pengambilan keputusan tidak 

mudah dipahami. Studi ini bertujuan untuk membandingkan dua metode 

Kecerdasan Buatan yang Dapat Dijelaskan (XAI), yaitu Penjelasan 

Model-Agnostik yang Dapat Diinterpretasikan Secara Lokal (LIME) dan 

Penjelasan Aditif SHapley (SHAP), dalam menginterpretasikan hasil 

prediksi model Jaringan Saraf Buatan (ANN) menggunakan dataset 

Indikator Kesehatan Diabetes. Sebelum pemodelan, data diproses terlebih 

dahulu melalui pembersihan dan normalisasi untuk memastikan kualitas 

dan konsistensi. Model ANN yang telah dilatih kemudian dianalisis 

menggunakan LIME dan SHAP untuk mengevaluasi kontribusi setiap fitur 

terhadap hasil prediksi. Hasil menunjukkan bahwa kedua metode mampu 

memberikan penjelasan yang bermakna dan dapat diinterpretasikan, 

meskipun SHAP menunjukkan interpretasi yang lebih konsisten dan stabil 

di seluruh dataset. Temuan ini menyoroti pentingnya mengintegrasikan 

teknik XAI untuk meningkatkan transparansi model, sehingga 

meningkatkan kepercayaan dan mendukung pengambilan keputusan yang 

lebih andal dalam pengaturan klinis, khususnya untuk diagnosis diabetes. 
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Introduction 

The accelerated advancement of Artificial Intelligence (AI) has driven significant 

transformative changes across multiple sectors, particularly in healthcare, finance, education, and 

governance [1][2]. In the medical domain, AI is increasingly deployed to facilitate disease diagnosis, 

risk prediction, and clinical decision support, offering speed and accuracy that augment human 

expertise [3][4]. 

Among the wide range of AI algorithms, Artificial Neural Networks (ANN) have become a 

leading option owing to their capacity to capture intricate, non-linear interactions among variables, 

resulting in highly accurate predictive outputs [5][6]. In particular, ANN is widely utilized for the 

classification of chronic conditions such as diabetes a disease with a high global prevalence [7]. 

The selection of ANN in this research is driven by its capacity to capture intricate patterns 

between lifestyle factors and health risks that traditional linear or tree-based models often fail to map 

optimally [8] Furthermore, ANN exhibits strong scalability in processing large-scale datasets, such 

as the Diabetes Health Indicators dataset, where the model conducts automatic feature extraction via 

hidden layers to identify underlying risk patterns [9]. 

Despite its predictive capabilities, ANN is often described as a "black box" due to its internal 

decision-making mechanisms being difficult for human users to interpret [10][11]. This opacity 

represents more than a technical hurdle; it constitutes a considerable risk to patient safety and medical 

accountability. In clinical settings, physicians and researchers must comprehend the reasoning 

underlying a prediction to ensure decisions are scientifically and ethically defensible [12][13]. The 

lack of explainability in model outputs can undermine trust and potentially result in fatal medical 

errors [14].  

This "responsibility gap" complicates the clinical justification of AI-driven predictions, 

ultimately hindering the integration of AI technology within healthcare. Consequently, there is an 

urgent need for approaches that make AI models more transparent and interpretable [15].  

Explainable AI (XAI) has developed into a dedicated domain aimed at overcoming these 

challenges [16][17]. XAI seeks to offer a more transparent interpretation of how AI produces 

predictions, both at the local and global levels [18]. Two widely recognized XAI methods are Local 

Interpretable Model-agnostic Explanations (LIME) and Shapley Additive Explanations (SHAP) 

[19][20].  

http://creativecommons.org/licenses/by-sa/4.0/
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LIME functions by constructing a simplified local surrogate model to interpret individual 

predictions, whereas SHAP applies principles from game theory to determine the exact contribution 

of each feature to the final output [21]. These approaches enable medical practitioners to better 

understand the reasoning underlying ANN-based decisions [15][22]. 

While previous studies have highlighted the predictive accuracy of ANN in diabetes 

detection, comparative evaluations concerning the effectiveness of LIME and SHAP in interpreting 

these outcomes remain limited [23][21]. Some researchers, such as [24], have developed ensemble 

approaches with XAI components; however, many lack a granular focus on the specific behavior of 

ANN architectures.  

This study addresses this gap by concentrating specifically on the application and 

comparative evaluation of LIME and SHAP within ANN models for diabetes prediction. By utilizing 

the Diabetes Health Indicator dataset, which includes essential features such as glucose levels, BMI, 

age, and lifestyle factors, this research seeks to convert the ANN from an opaque system into a 

transparent and clinically accountable tool. Specifically, this study aims to address the following 

research questions: 

1. In what ways can the "black box" characteristics of ANN be reduced to ensure transparency and 

medical accountability for healthcare practitioners? 

2. What is the level of consistency in feature interpretation between LIME and SHAP when 

explaining lifestyle factors in ANN-based diabetes predictions? 

3. Which method LIME or SHAP provides superior computational performance and reliability for 

clinical decision-making? 

Ultimately, this research contributes to the advancement of XAI in the medical domain, 

highlighting the necessity of transparency and accountability in the implementation of artificial 

intelligence [25][16]. 

 

Method 

A. Proposed Method 

This study adopts a comparative research design to evaluate two Explainable Artificial 

Intelligence (XAI) techniques, namely LIME and SHAP, in interpreting predictions generated by an 

Artificial Neural Network (ANN) model for diabetes detection. Comparative research is used to 

identify differences between methods and assess their impact on research outcomes [83]. 

A Planned Approach is applied to ensure a structured research process, covering stages from 
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problem identification to evaluation, allowing systematic and logical analysis. 

The research workflow is adapted to a data science context and aims to estimate diabetes risk 

based on clinical and lifestyle factors using an ANN model, followed by interpretation using XAI 

techniques. The stages of the research are illustrated in FIGURE 1, which represents the overall 

process from initial observation to evaluation and further development. 

 

Figure 1. Planned Approach Stages (Thierauf & Klecamp, 1985) 

B. Research Stages 

The study begins with problem identification, where the increasing prevalence of diabetes is 

recognized as a major health concern. The objective is to develop a prediction model based on 

lifestyle variables such as physical activity, diet, smoking, and alcohol consumption 

[50][53][54][56]. 

Data preparation includes cleaning, feature selection, and dataset splitting (70% training, 30% 

testing). Min-Max normalization is applied to standardize feature values, while class imbalance is 

handled using SMOTE to improve minority class representation [22][32][34]. 

Model development involves constructing an ANN architecture with two hidden layers (8 

and 4 neurons, ReLU activation) and a sigmoid output layer [5][9][36]. The model is trained using 

the Adam optimizer and evaluated using accuracy, precision, recall, F1-score, and ROC-AUC to 

ensure performance reliability [66]. 
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C. Dataset Description 

This study uses the Diabetes Health Indicators dataset from Kaggle, derived from the 2015 

BRFSS survey. After preprocessing, 253,680 observations with 22 variables are retained. The 

analysis focuses on lifestyle-related factors influencing diabetes risk, including physical activity, diet, 

smoking, and alcohol consumption [50][53][54][57][56]. 

D. Data Preprocessing 

The preprocessing stage includes statistical analysis to describe the dataset distribution. This 

involves calculating mean, median, standard deviation, and other descriptive measures.  

In addition, Kendall’s Tau correlation is used to analyze relationships between variables, 

especially for ordinal and binary data [93].  

E. Data Training And Testing 

The dataset is split into training (70%) and testing (30%) sets. The target variable is binary, 

representing diabetes (1) and non-diabetes (0). 

Min-Max normalization is applied to scale the data into a uniform range, improving training 

efficiency and model stability [32][34][35]. 

To handle class imbalance, SMOTE is applied to generate synthetic samples for the minority 

class [22]. This improves the model’s ability to recognize underrepresented cases. Cross-validation 

is also used to evaluate model generalization and reduce overfitting. 

F. Model Selection: Ann 

The ANN model consists of an input layer, hidden layers, and an output layer [5][9]. This 

model is chosen due to its ability to capture complex non-linear relationships between variables [36]. 

The architecture includes: 

• Input layer: 5 lifestyle features 

• Hidden layer 1: 8 neurons (ReLU) 

• Hidden layer 2: 4 neurons (ReLU) 

• Output layer: 1 neuron (Sigmoid) 

The model uses the Adam optimizer, 20 epochs, batch size of 128, and Binary Cross-Entropy 

loss. This configuration is designed to balance predictive performance and interpretability analysis. 

G. Model Evalutation 

Model performance is evaluated using accuracy, precision, recall, F1-score, and ROC-AUC 

[66]. These metrics measure classification performance and prediction reliability. 
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The formulas remain unchanged as in your original version and should be preserved exactly. 

The equations for the aforementioned metrics are defined as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
        (5) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
      (6) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
      (7) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
      (8) 

Where: 

1. TP (True Positive): Individuals with diabetes/pre-diabetes correctly identified as diabetes/pre-

diabetes. 

2. FP (False Positive): Individuals without diabetes incorrectly classified as diabetes/pre-diabetes. 

3. TN (True Negative): Individuals without diabetes correctly classified as non-diabetic. 

4. FN (False Negative): Individuals with diabetes/pre-diabetes incorrectly classified as non-

diabetic. 

H. Implementation of Shap and Lime 

SHAP is applied to measure both global and local feature importance, providing a 

comprehensive understanding of model behavior. Computational time is also recorded to assess 

efficiency. 

LIME is then applied to generate local explanations for individual predictions. Similar to 

SHAP, runtime performance is evaluated. 

I. Comparative Analysis of Shap and Lime 

The comparison focuses on: 

1. Computational Performance: An evaluation of the processing speed and efficiency of the 

interpretation process for both methods. 

2. Consistency of Feature Rankings: A comparison of feature importance orderings produced 

through SHAP and LIME for determining the degree of convergence or divergence between the 

two approaches. 

This analysis provides insight into the strengths and limitations of each method in explaining 

ANN predictions. 

J. Feedback and Conclusion 

The final stage evaluates overall findings and provides recommendations for selecting 
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appropriate XAI methods. Future work may include dataset expansion and integration into decision 

support systems 

 

Result and Disccusion 

A. Performance Evaluation of The Ann Model 

Prior to the interpretation stage using Explainable Artificial Intelligence (XAI), the 

performance of the Artificial Neural Network (ANN) model was evaluated to ensure that it achieved 

a reliable level of predictive capability. Based on the confusion matrix presented in FIGURE 2, the 

model achieved an overall accuracy of 65% on the testing dataset consisting of 76,104 instances. 

This level of performance can be categorized as moderate and is commonly observed in classification 

tasks involving imbalanced datasets and lifestyle-related health variables, which tend to exhibit 

complex and non-linear relationships [27][29][32]. 

 

Figure 2. Confusion Matrix Analysis 

A more detailed analysis shows that the model performs better in identifying non-diabetic 

individuals, achieving a precision of 0.89 and a recall of 0.67. In contrast, for the diabetes class, the 

model obtained a recall of 0.51 but a relatively low precision of 0.20. This indicates that while the 

model is able to identify more than half of the actual diabetic cases, it also produces a considerable 

number of false positives. From a healthcare perspective, such a trade-off is often acceptable in early-

stage screening systems, where sensitivity is prioritized to minimize missed diagnoses [50][53][54]. 

However, the low precision highlights a critical limitation, emphasizing the need for 

interpretability techniques to better understand the model's decision-making process. This is 

particularly important given the black-box nature of neural networks, which often lack transparency 

in explaining how predictions are generated [10][12][18]. 

The training dynamics illustrated in FIGURE 10 further confirm the stability of the model. 

The loss curve shows a clear convergence pattern after approximately 10 epochs, while the ROC-
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AUC remains stable at around 0.62, indicating moderate discriminative capability. The absence of 

significant fluctuations in performance metrics suggests that the model does not suffer from severe 

overfitting, a common challenge in ANN-based modeling [36][46]. 

 

Figure 3. Model Training Dynamics 

B. Interpretability Using Lime 

LIME provides local explanations by LIME (Local Interpretable Model-Agnostic 

Explanations) was applied to provide local interpretations of the ANN model’s predictions. As shown 

in FIGURE 4, the explanation highlights that physical inactivity, smoking, and alcohol-related 

variables contribute positively to the prediction of diabetes risk, while fruit consumption exhibits a 

protective effect. 

These findings are consistent with existing epidemiological evidence indicating that 

sedentary behavior and smoking significantly increase the risk of Type 2 diabetes, whereas healthy 

dietary patterns contribute to risk reduction [50][53][54]. However, it is important to note that LIME 

explanations are instance-specific and rely on local approximations of the model, meaning that the 

results cannot be generalized across the entire dataset [22][24]. 

The prominence of certain features, particularly alcohol consumption, reflects LIME’s 

sensitivity to local variations. This characteristic enables LIME to capture sharp changes in feature 

influence for individual cases, but it may also lead to inconsistencies when compared to global 

interpretation methods. 
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Figure 4. LIME tabular explainer 

C. Interpretability Using Shap 

To complement the local explanations provided by LIME, SHAP (SHapley Additive 

exPlanations) was employed to analyze both local and global feature contributions. The force plot in 

FIGURE 5 demonstrates how individual features shift the prediction from a baseline value toward a 

higher probability of diabetes. Features such as physical inactivity and smoking increase the 

prediction value, while vegetable consumption contributes negatively, indicating a protective effect. 

 

Figure 5. SHAP Explanation in Force Plot 

 

The SHAP waterfall plot in FIGURE 6 further quantifies these contributions, confirming that 

physical inactivity is the most influential factor, followed by smoking. These results are consistent 

with prior research highlighting the role of lifestyle behaviors as primary determinants of diabetes 

risk [50][54]. 

 

Figure 6. SHAP Explanation using Waterfall Plot 

At a broader level, the SHAP clustering visualization in FIGURE 7 reveals heterogeneous 
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patterns across different groups of individuals. The variation in feature contributions suggests that 

the model captures complex, non-linear interactions among lifestyle variables, rather than relying on 

uniform relationships. This capability is one of the key strengths of ANN models in handling real-

world health data [36]. 

Additionally, the SHAP violin plot in FIGURE 7 provides a global perspective on feature 

impact distribution. The visualization shows a clear separation between low and high feature values, 

particularly for physical activity and smoking, indicating strong and consistent effects on prediction 

outcomes. Such patterns reinforce the reliability of SHAP in identifying dominant predictors across 

the population [44]. 

 

 

Figure 7. SHAP Explanation in Supervised Clustering 

D. Comparative Analysis of Shap and Lime 

The comparative results between SHAP and LIME, as illustrated in FIGURE 16, highlight 

both similarities and differences in their interpretability approaches. Both methods consistently 

identify physical activity and smoking as the most influential features, demonstrating strong 

agreement and reinforcing the robustness of these variables as key predictors of diabetes risk. 

However, differences emerge in feature ranking. SHAP, which is based on Shapley values, 

provides a more stable and consistent global interpretation by distributing feature contributions fairly 

across all variables [22][24]. In contrast, LIME focuses on local approximations, resulting in higher 

sensitivity to specific instances. This explains why alcohol consumption appears more dominant in 

LIME, despite having a relatively moderate impact in SHAP analysis. 

From a computational perspective, SHAP demonstrates significantly higher efficiency, 

requiring only 21.92 seconds compared to 442.2 seconds for LIME. This difference reflects the 
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optimization of SHAP in handling large datasets, whereas LIME relies on repeated local sampling, 

which Increases Computational Cost. 

E. Discussion of Xai Results 

The comparative evaluation summarized in TABLE 6 indicates that SHAP outperforms 

LIME in terms of computational efficiency, stability, and interpretability scope. SHAP provides 

deterministic results based on a strong mathematical foundation, ensuring consistency across 

repeated analyses. In contrast, LIME exhibits stochastic behavior due to its reliance on sampling 

techniques, which may lead to variability in results [22][66]. 

Despite these differences, both methods play complementary roles. SHAP is more suitable 

for global model interpretation and large-scale clinical applications, while LIME is valuable for 

analyzing individual cases and detecting local anomalies. 

Importantly, both approaches consistently highlight physical inactivity and smoking as the 

most influential risk factors. This alignment with established medical literature strengthens the 

validity of the ANN model and demonstrates that, despite its black-box nature, the model captures 

clinically meaningful patterns [50][53][54]. 

The observed variation in alcohol-related features further indicates the presence of complex, 

non-linear interactions within the dataset. Such findings confirm that ANN models are capable of 

uncovering hidden relationships that may not be easily identified using traditional statistical methods 

[36]. 

TABLE 6. COMPARISON MATRIX OF LIME AND SHAP PARAMETERS 

PARAMETER LIME SHAP KEY FINDINGS 

Computati

onal Time 

442.2 

seconds 

(44.22 

ms/instanc

e) 

21.92 seconds 

(2.19 

ms/instance) 

SHAP operates 

approximately 20 

times faster than 

LIME in 

processing this 

dataset. 

Feature 

Consistenc

y 

Sensitive 

to local 

anomalies 

Stable across 

population 

trends 

(PhysActivity) 

SHAP is more 

reliable in 

capturing the 
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(Heavy 

Alcohol) 

broader landscape 

of risk predictors. 

Result 

Stability 

Stochastic 

(Results 

vary based 

on 

sampling) 

Deterministic 

(Results 

remain 

constant based 

on 

mathematical 

foundation) 

SHAP provides 

higher 

interpretational 

certainty for 

medical audits. 

Interpretat

ion Scope 

Focuses on 

Local 

Explanatio

n 

Covers both 

Local and 

Global 

Explanations 

SHAP provides 

comprehensive 

insights from the 

individual to the 

population level. 

Visual 

Complexity 

Simple 

(Contributi

on Bar 

Plots) 

Comprehensiv

e (Waterfall, 

Force, Violin, 

Clustering) 

SHAP is capable of 

presenting feature 

impact 

distributions in 

greater depth and 

detail. 

 

CONCLUSION 

 This study evaluates the interpretability of a diabetes prediction model by applying 

Explainable Artificial Intelligence (XAI) methods, namely SHAP and LIME. The results show that 

lifestyle factors, particularly physical activity and smoking, are the most influential predictors of 

diabetes risk, which is consistent with previous epidemiological findings [72][75][77]. In terms of 

technical performance, SHAP demonstrates better efficiency and stability, requiring significantly less 

computation time and providing consistent interpretations due to its Shapley value foundation 

[22][44]. Meanwhile, LIME offers valuable local insights by capturing specific patterns, such as the 

strong influence of alcohol consumption in certain cases, which may not be fully reflected in global 

analysis. Overall, the findings indicate that combining SHAP and LIME provides a more 
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comprehensive understanding of model behavior, improving transparency and supporting the 

development of reliable AI-based systems in healthcare. 
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