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ABSTRACT

Diabetes mellitus is one of the most rapidly
growing chronic diseases worldwide, affecting
millions of individuals and creating a major burden
on healthcare systems. Early detection and accurate
risk prediction are essential to reduce complications
such as cardiovascular disease, kidney failure,
neuropathy, and vision loss. In recent years,
machine learning techniques have significantly
improved the accuracy of disease prediction
models. However, many machine learning models
operate as black boxes, making it difficult for
medical professionals to understand how
predictions are generated. This lack of
interpretability reduces trust and limits the practical
adoption of these models in clinical environments.
To address this issue, explainable artificial
intelligence (XAI) techniques have been introduced
to provide transparency in model decisions. This
study presents a comparative analysis of two
widely used explanation methods, Local
Interpretable Model-Agnostic Explanations (LIME)
and SHapley Additive exPlanations (SHAP),
applied to diabetes prediction. The proposed system
uses the Pima Indians Diabetes Dataset and
employs the Light Gradient Boosting Machine
(LightGBM) algorithm for accurate prediction.
Data preprocessing techniques such as handling
missing values, normalization, and feature selection
are applied to improve model performance. LIME

and SHAP are integrated to provide both local and
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global explanations for predictions, highlighting
how clinical factors such as glucose level, body
mass index, age, and insulin influence outcomes.
The system is implemented as a full-stack web
application with a FastAPI backend and a React-
based frontend to provide an interactive dashboard
for healthcare professionals. Experimental results
demonstrate that the model achieves high
predictive  performance  while  maintaining
interpretability. The comparative analysis shows
that SHAP provides more consistent global
explanations, while LIME offers intuitive local

explanations for individual predictions.

Keywords: Diabetes Prediction, Explainable Al,
LIME, SHAP, Machine Learning, LightGBM,

Healthcare Analytics
I INTRODUCTION

Diabetes mellitus is a chronic metabolic disorder
characterized by elevated blood glucose levels
caused by defects in insulin production or insulin
utilization. The disease has become one of the most
significant public health challenges worldwide,
affecting people across different age groups and
socioeconomic backgrounds [1]. According to
global health statistics, the number of individuals
living with diabetes continues to increase rapidly
due to sedentary lifestyles, poor dietary habits,
obesity, and genetic predisposition [2]. Early
detection of diabetes risk plays a crucial role in

preventing severe complications such as
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cardiovascular diseases, kidney failure, neuropathy,
and vision impairment [3]. Traditional diagnostic
approaches rely heavily on laboratory tests and
clinical judgment, which may not always capture
the complex interactions between multiple health
indicators [4]. With the advancement of digital
health technologies, machine learning techniques
have been widely adopted to analyze medical
datasets and identify patterns that support accurate
disease prediction [5]. Various algorithms such as
decision trees, support vector machines, neural
networks, and ensemble learning models have
demonstrated promising results in predicting
diabetes risk [6]. These computational models can
process large volumes of patient data and detect
subtle relationships between variables that may not
be easily identified through conventional statistical
methods [7]. Despite their effectiveness, many
machine learning models function as black-box
systems that provide predictions without explaining
the reasoning behind them [8]. This lack of
transparency presents a major challenge for
healthcare professionals who require clear
justification  before relying on automated
predictions for medical decision-making [9]. The
inability to interpret model outputs can reduce trust
among clinicians and patients, thereby limiting the
practical implementation of artificial intelligence in

healthcare environments [10].

To address this challenge, the field of Explainable
Artificial Intelligence (XAI) has emerged as an
important research area focused on improving the
interpretability and transparency of machine
learning models [11]. Explainability techniques
enable users to understand how input features
influence the predictions generated by complex
algorithms [12]. Among the most widely used
explanation techniques are Local Interpretable
Model-Agnostic Explanations (LIME) and SHapley
Additive exPlanations (SHAP) [13]. LIME explains
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predictions by approximating complex models with
simple interpretable models around a local region
of the data [14]. It helps users understand the
contribution of each feature to a specific prediction
instance [15]. On the other hand, SHAP is based on
cooperative game theory and calculates the
contribution of each feature by assigning Shapley
values that represent the impact of features on the
model output [16]. SHAP provides both global
explanations, which describe overall feature
importance, and local explanations that explain
individual predictions [17]. The integration of such
explainability techniques is particularly valuable in
healthcare applications, where understanding the
influence of clinical parameters is essential for
trustworthy decision-making [18]. In diabetes
prediction systems, features such as glucose levels,
body mass index, age, insulin levels, and blood
pressure play significant roles in determining risk
levels [19]. Interpretable models allow clinicians to
evaluate how these factors contribute to prediction
outcomes [20]. Several recent studies have
demonstrated that combining advanced machine
learning algorithms with explainability methods
can significantly improve both prediction accuracy
and model transparency [21]. Furthermore,
interactive healthcare platforms and web-based
applications are being developed to make
predictive analytics accessible to clinicians and
patients [22]. These platforms provide visual
explanations and user-friendly dashboards that
simplify complex model outputs [23]. As
healthcare systems increasingly adopt data-driven
technologies, the integration of explainable
machine learning models becomes essential for
reliable clinical support systems [24]. Therefore,
this research focuses on developing an explainable
diabetes  prediction  framework using the
LightGBM algorithm and comparing LIME and

SHAP explanation techniques to evaluate their
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effectiveness in interpreting prediction results
[25][26][27][28][29][30].

Il LITERATURE SURVEY

Several studies have explored the application of
machine learning algorithms for early diabetes
detection using clinical datasets. Early research
focused on traditional statistical models and rule-
based systems to analyze patient health indicators
[1]. However, these approaches often struggled to
capture complex nonlinear relationships among
medical variables [2]. With the growth of
healthcare data analytics, machine learning
techniques such as logistic regression, decision
trees, and support vector machines began to be
widely used for diabetes prediction [3].
Researchers demonstrated that machine learning
algorithms could significantly improve prediction
accuracy compared to conventional statistical
approaches [4]. For instance, studies using the
Pima Indians Diabetes Dataset showed that
classification algorithms could effectively identify
high-risk patients using attributes such as glucose
level, blood pressure, body mass index, and age [5].
Ensemble learning methods such as Random Forest
and Gradient Boosting further improved predictive
performance by combining multiple decision
models [6]. Deep learning techniques have also
been applied to healthcare prediction problems due
to their ability to model complex feature
relationships [7]. Despite their improved accuracy,
many advanced models lack interpretability,
making it difficult for clinicians to understand how
predictions are generated [8]. In medical
applications, interpretability is essential because
healthcare decisions require clear explanations
supported by clinical reasoning [9]. As a result,
researchers have emphasized the importance of
developing transparent and explainable models for

healthcare analytics [10]. Explainable artificial
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intelligence techniques have been introduced to
provide insights into the decision-making process
of complex machine learning models [11]. These
techniques help identify the contribution of
individual features and improve trust in predictive
systems [12]. Among the various explainability
techniques, LIME has gained popularity due to its
ability to provide local explanations for individual
predictions [13]. It works by approximating the
complex model with a simple interpretable model
around a specific instance [14]. This allows users to
understand how particular features influence a

given prediction [15].

Another widely used explainability method is
SHAP, which is based on cooperative game theory
and calculates Shapley values to measure feature
contributions [16]. SHAP provides consistent and
theoretically grounded explanations for both local
and global interpretations of model outputs [17].
Studies have shown that SHAP can effectively
highlight important features influencing disease
prediction outcomes [18]. Researchers have applied
SHAP to wvarious medical prediction tasks,
including cardiovascular risk assessment, cancer
detection, and diabetes prediction [19]. In many
cases, SHAP explanations revealed that glucose
levels, insulin concentration, and body mass index
are among the most influential features in diabetes
classification models [20]. Comparative studies
have also been conducted to evaluate the strengths
and limitations of different explanation techniques
[21]. Some research findings suggest that LIME
provides intuitive explanations that are easier for
non-technical users to interpret [22]. However,
other studies indicate that SHAP produces more
stable and consistent explanations across different
models and datasets [23]. In healthcare decision
support systems, combining predictive modeling
with  explainability  techniques has proven

beneficial for improving user confidence and model
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reliability [24]. Furthermore, recent developments
in web technologies have enabled the integration of
machine learning models into interactive healthcare
applications [25]. These applications allow
clinicians to input patient data, receive predictions,
and view visual explanations of model decisions
[26]. Such systems enhance the usability of
artificial intelligence in real clinical environments
[27]. Despite these advancements, further research
is required to compare explanation methods within
practical healthcare systems to determine which
techniques provide the most reliable and
informative insights [28]. Therefore, this study
focuses on developing a diabetes prediction model
using LightGBM and evaluating the effectiveness
of LIME and SHAP explanations in a real-time

web-based healthcare application [29][30].
111 METHODOLOGY

The proposed study follows a systematic
methodology to develop an explainable diabetes
prediction system using machine learning and
explainability techniques. The process begins with
dataset collection using the widely used Pima
Indians Diabetes Dataset, which contains medical
records of female patients including attributes such
as glucose level, blood pressure, body mass index,
insulin levels, age, skin thickness, diabetes
pedigree function, and pregnancy count. Data
preprocessing is performed to improve dataset
quality and reliability. This stage includes handling
missing or zero values, removing inconsistencies,
normalizing numerical features, and performing
exploratory data analysis to understand feature
distributions and correlations. After preprocessing,
the dataset is divided into training and testing
subsets to ensure unbiased evaluation of the
predictive model. The Light Gradient Boosting
Machine (LightGBM) algorithm is selected as the

primary classification model due to its high
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efficiency, fast training speed, and ability to handle
complex feature interactions. The model is trained
on the processed dataset and optimized using
hyperparameter tuning techniques to achieve
improved performance. Model evaluation is
conducted using multiple performance metrics
including accuracy, precision, recall, F1-score, and
ROC-AUC to ensure the reliability of the
predictions. Once the model achieves satisfactory
performance, explainable artificial intelligence
techniques are integrated to interpret model
predictions. Two explanation techniques, Local
Interpretable Model-Agnostic Explanations (LIME)
and SHapley Additive exPlanations (SHAP), are
applied to provide insights into the model’s
decision-making process. LIME generates local
explanations by approximating the complex model
around a specific prediction instance, helping users
understand the influence of input features on
individual predictions. SHAP calculates feature
importance using Shapley values derived from
cooperative game theory, offering both local and
global explanations. Finally, the trained model and
explanation modules are integrated into a web-
based application developed using FastAPI for the
backend and React for the frontend. The system
allows users to input patient data, receive diabetes
risk predictions, and visualize explanation results

through an interactive dashboard.
IV SYSTEM DESIGN

The system architecture is designed to support real-
time diabetes risk prediction while maintaining
transparency and usability for healthcare
professionals. The system follows a full-stack
architecture consisting of frontend, backend,
machine learning, and database components. The
frontend layer is responsible for user interaction
and visualization. It is developed using modern

web technologies such as React, Vite, and Tailwind
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CSS to provide an interactive and responsive user
interface. The dashboard allows healthcare
professionals or users to enter patient medical
details including glucose level, blood pressure,
BMI, insulin levels, age, and other relevant
attributes. Once the data is submitted, it is securely
transmitted to the backend server through API
requests. The backend layer is implemented using
FastAPI, which handles request processing, model
prediction, authentication, and data management.
Secure authentication mechanisms such as JSON
Web Tokens (JWT) are used to ensure that only
authorized users can access the system. Patient data
and prediction history are stored in a MySQL
database for future reference and analysis. The
machine learning module integrated within the
backend loads the trained LightGBM model and
processes incoming input data to generate diabetes

risk predictions in real time.

Diabetes Frodiction System

Upload Patiert Medical Data
>

Predict Diabetes Risk

-~
View LIME Explanation

-
View SHAP Explanation

View Diagnosis Result
-

. L >
rerent View Explanation Report
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In addition to prediction functionality, the system
incorporates explainability modules to interpret
model outputs. After the model generates a
prediction result, the explanation layer applies
LIME and SHAP algorithms to analyze feature
contributions. LIME generates instance-level
explanations by approximating the model locally
around the input data point, highlighting how each
feature influences the prediction outcome. SHAP
provides both global and local feature importance
values using Shapley values derived from game
theory principles. These explanations are visualized
through graphs and charts on the user dashboard,
enabling users to easily understand which health
parameters contributed to the predicted risk. The
system also includes a chatbot-style explanation
component that converts technical model outputs
into simplified natural language explanations for
better accessibility. Another important component
of the system design is the automated model
retraining mechanism. When a sufficient amount of
new patient data is collected in the database, the
system can retrain the model periodically to
improve prediction accuracy and adapt to updated
data patterns. This architecture ensures scalability,
transparency, and reliability while supporting real-
time  predictive  analytics in  healthcare

environments.
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V PROPOSED SYSTEM

The proposed system aims to develop a real-time
explainable diabetes risk prediction platform that
combines machine learning accuracy with
transparent decision-making. The system uses the
Light Gradient Boosting Machine (LightGBM)
algorithm as the primary predictive model due to its
efficiency, scalability, and ability to handle
structured healthcare datasets. LightGBM is an
advanced ensemble learning technique based on
gradient boosting that constructs decision trees
sequentially to minimize prediction errors. The
algorithm is particularly suitable for medical data
analysis because it can effectively model nonlinear
relationships between clinical features and disease
outcomes. The training dataset used in this research
is the Pima Indians Diabetes Dataset, which
contains several important medical attributes such
as glucose level, insulin level, body mass index,
age, and blood pressure. Data preprocessing
techniques including missing value handling,
normalization, and feature selection are applied to
ensure high-quality input data for the model. After
preprocessing, the dataset is divided into training
and testing sets to evaluate the predictive capability
of the model. The trained LightGBM model

generates a probability score indicating whether a
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patient is likely to develop diabetes. This prediction
result serves as the basis for further explanation

using explainable artificial intelligence techniques.

To improve transparency and user trust, the system
integrates two major explanation techniques: LIME
and SHAP. LIME provides local explanations by
approximating the complex machine learning
model with a simpler interpretable model around a
specific data instance. This allows users to
understand how individual features influence the
prediction for a particular patient. SHAP, on the
other hand, calculates Shapley values that represent
the contribution of each feature to the final
prediction. Unlike LIME, SHAP provides both
global feature importance and local instance
explanations, enabling a more comprehensive
understanding of model behavior. The system
compares the explanations generated by both
methods to evaluate their effectiveness in
healthcare decision support. These explanations are
visualized using graphical plots and interactive
charts on the web dashboard. The proposed system
also includes a chatbot-based explanation interface
that translates technical model outputs into simple
human-readable explanations. This feature helps
healthcare professionals and patients understand
prediction results without requiring expertise in
machine learning. Additionally, the system supports
secure user authentication, patient data storage, and
prediction history tracking through a database
management system. The integration of machine
learning prediction, explainable artificial
intelligence, and user-friendly visualization creates
a powerful decision support system capable of
assisting healthcare professionals in early diabetes

risk detection and preventive healthcare planning.
VI RESULTS & DISCUSSION

The experimental results demonstrate that the

proposed diabetes prediction system achieves
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reliable predictive performance while maintaining
model transparency. The LightGBM model was
evaluated using multiple performance metrics
including accuracy, precision, recall, F1-score, and
ROC-AUC. The results indicate that the model
provides high prediction accuracy compared with
several traditional machine learning approaches.
Feature analysis revealed that glucose level, body
mass index, age, and insulin levels are among the
most influential factors in determining diabetes
risk. The integration of LIME and SHAP enabled
clear interpretation of model predictions. LIME
provided intuitive explanations for individual
predictions by identifying which features increased
or decreased the probability of diabetes for a
specific patient. SHAP produced more consistent
and comprehensive explanations by showing both
local and global feature importance. The
comparison indicates that while LIME is useful for
localized interpretation, SHAP offers more stable

explanations across the dataset.
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VII CONCLUSION

This research presented an explainable machine
learning framework for diabetes risk prediction
using the LightGBM algorithm combined with
LIME and SHAP explanation techniques. Diabetes
is a rapidly growing global health challenge, and
early detection is essential for preventing severe
complications and improving patient outcomes.
Machine learning models have shown significant
potential in predicting disease risk by analyzing
complex medical datasets. However, the lack of
transparency in many predictive models limits their
acceptance in real healthcare environments. To
address this challenge, the proposed system
integrates  explainable  artificial intelligence
techniques that allow users to understand how
predictions are generated. The LightGBM model
was trained using the Pima Indians Diabetes
Dataset and achieved strong  predictive

performance across multiple evaluation metrics.

Vol. 22, No. 1, 2026

The integration of LIME and SHAP provided
detailed insights into the influence of clinical
features such as glucose level, BMI, age, and
insulin levels on prediction outcomes. LIME
offered intuitive explanations for individual
predictions, making it useful for case-specific
analysis. In contrast, SHAP provided consistent
global feature importance and more reliable
interpretation across the entire dataset. The system
was implemented as a full-stack web application
with an interactive dashboard that allows users to
input patient data, view predictions, and analyze
explanation results. This design improves
accessibility and usability for healthcare
professionals. Overall, the proposed framework
demonstrates that combining machine learning
prediction with explainable artificial intelligence
can improve transparency, trust, and decision

support in healthcare systems.
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