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Abstract. Diabetes is one of the key health burdens around the world, mostly going
undetected until serious complications kick in. This study presents SmartDiabetes, a
user-friendly, Al-driven web-based application that was developed to support the
early forecasting of diabetes using basic health parameters such as age, body mass
index, level of blood sugar, and blood pressure. The proposed work considers the
implementation and evaluation of several machine learning models: specifically, Ran-
dom Forest, XGBoost, Logistic Regression, and SGD Classifier. The results indicated
that a Random Forest model achieved an accuracy of 83.23%, XGBoost with 82.74%,
Logistic Regression with 81.32%, and SGD Classifier with 80.85%. The model with
the highest performance was integrated into a dynamic web platform that could pre-
sent real-time predictions and personalized health insights. Unlike various existing
static systems, SmartDiabetes presents a more interactive and dynamic approach, thus
improving user engagement and accessibility. This research contributes a practical
and intelligent solution for early diabetes detection, empowering individuals to make
informed health choices by addressing real-world challenges in preventive healthcare.
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1 Introduction

It is a major chronic disease that affects millions today, characterized by insuffi-
cient insulin production or improper utilization; it may be associated with several
complications, which include heart disease, renal failure, and loss of vision. If diabe-
tes isn't found early, it can cause major health issues like heart disease, kidney failure,
vision loss, and even death. Studies say around 537 million adults had diabetes in
2021, with projections reaching 783 million by 2045 (Sun, 2022) [1]. Early detection
is paramount, yet in developing countries, many people experience barriers to regular
check-ups based on cost, time, or lack of available medical facilities to conduct them
(Lamichhane, 2022) [2]. ML, being a subset of Al, performs analytics on medical data
to identify trends for the prediction of various diseases, including diabetes, thus ena-
bling early risk detection (Mohsen, 2023) [3]. The present study will develop a web-
based application which uses fundamental health indicators such as weight, blood
pressure, age, and blood sugar to predict the risk for diabetes (Kavakiotis, 2017) [4].
The tool provides useful guidelines while not replacing doctors but instead acting like
an early warning system for users to seek professional care when necessary. The pro-
ject combines ML and web development into a user-friendly online platform, allow-
ing users to check their health status without leaving their homes.

By offering this tool online, more people can assess their health from home, espe-
cially those who don’t often see a doctor. This project combines machine learning and
web development to build a useful, easy-to-use, and widely accessible tool for every-
one.

2 Literature review

Chronic conditions and one of the most prevalent is diabetes whose patients are
found in millions of the world population. Over the past few years, the use of
healthcare data to determine healthcare insurance holders who are on the risk of de-
veloping diabetes through various computational methods has been suggested
(Kavakiotis, 2017) [5]. The section gives literature review of other advancements
done in the context of diabetes prediction giving detail on methods employed, the data
set, and results obtained. It also points out the research gaps that will be compensated
by this research project through developing a machine learning-based smart and ac-
cessible web-based prediction tool (Sisodia, 2018)[6].

2.1  Comprehensive analysis of existing work.

A 2024 study, comparing Random Forest and XGBoost on the Pima Diabetes da-
taset, used Particle Swarm Optimization and Genetic Algorithms for feature selection.
Using PSO, an AUC of 0.8582 was reached, while this increased to 0.8612 using GA.
This bettered the results using XGBoost and proved that feature selection is a major
determinant of overall results. The work remained research-based with no real appli-
cation interface (Jawza, 2025)[7]. This was again supported by the work using PSO as
an optimization technique for Random Forest in diabetes prediction but even higher
accuracy than stated above (El Bouhissi, 2023) [8]. The authors Al-Kanhel et al., in
2024, proposed the use of a CNN-GRU maodel to predict blood glucose levels in Type
1 diabetes and outperformed standalone CNN, LSTM, and GRU across all prediction



horizons. Their results indicated that it is able to provide strong pattern-learning abil-
ity that can be used in loT-based diabetes management. However, no full system was
developed (Alkanhel, 2024) [9]. Another CNN-GRU approach used in a non-invasive
glucose monitoring context demonstrated excellent predictive and clinical perfor-
mance (Soliman, 2024) [10].

Recently, in 2024, Soltanizadeh and Naghibi reviewed that CNN-LSTM hybrid
models capture both spatial and temporal patterns in health data and generally outper-
form only CNN or only LSTM models (Soltanizadeh, 2024) [11]. However, their
findings were limited to research settings without real-world deployment. In the same
way, an ensemble study using CNN and LSTM in 2025 could achieve high perfor-
mance: 98.28% accuracy with 0.99 precision-further confirming the strong robustness
of hybrid architectures (Fan, 2025) [12].

A 2024 study combined SHAP-based feature selection with ensemble learning
methods like XGBoost and AdaBoost to improve both the clarity and accuracy of
diabetes prediction using data from India. The model focused on the most important
features identified through SHAP, leading to better prediction results and less demand
on computing resources. The study was purely analytical and did not include any
front-end or web-based tools (Mohanty, 2024) [13]; a more recent study showed that
explainable methods such as SHAP and LIME can make a sizeable difference in un-
derstanding/performance with the comparison of feature-selection approaches and
ensemble learning approaches to predict diabetes (Kaliappan, 2024) [14].

Studies demonstrate strong progress in diabetes prediction using machine learning
with accuracy varying from 76 to 92%. However, most research remains experi-
mental; there is a lack of practical, user-friendly tools for real healthcare use.

3 METHODOLOGY

In this section, the process behind developing the SmartDiabetes web app is de-
scribed, which is aimed at assisting people to check their diabetes risk in a rapid and
simple manner. The project took a sequential process in which it started by collecting
and cleaning data on health. Subsequently, various models of machine learning were
trained to arrive at the model that has the best predictions. After the appropriate model
was chosen, it was connected to a basic web page which was developed using a Re-
act.js framework on the frontend and python on the backend.

3.1 Data Set Description

For this project, the Kaggle Diabetes Health Indicators Dataset was used as the
master dataset. For the purpose of improving the precision of the model and to get a
better understanding, three prediction datasets for diabetes were merged, which gave
us a merged dataset consisting of 578,052 rows (Teboul, 2015) [15]. This comprehen-
sive and merged dataset provided a better insight into various health indicators, thus
improving the performance of the model. The goal of the project is to predict the like-
lihood of an individual being diabetic from 14 vital factors for health, including BMI,
exercise, blood pressure, and age.



Table 1. Dataset Description

S No. Attributes
1 Diabetes
2 HighBP
3 HighChol
4 CholCheck
5 BMI
6 Smoker
7 Stroke
8 HeartDiseaseorAttack
9 PhysActivity
10 Fruits
11 HvyAlcoholConsump
12 Diffwalk
13 Sex
14 Age

Table-1 lists the major health and lifestyle features used to predict diabetes. Most
of the variables are binary, where 1 = presence of a condition or behavior, such as
high blood pressure, high cholesterol, smoking, and physical activity, and 0 = ab-
sence. The diabetes status is also binary, with 0 representing non-diabetic and 1 for
diabetic. Checks include cholesterol testing in the last five years, and daily intake of
fruits. It also contains an age-category feature, which groups people by age in five-
year intervals starting at 18 years.

Table 2. Age Group in dataset

Code Age Group
1 18-24 years
2 25-29 years
3 30-34 years
4 35-39 years
5 40-44 years
6 45-49 years
7 50-54 years
8 55-59 years
9 6064 years
10 6569 years
11 70-74 years
12 75-79 years
13 80 years or older

Table 2 below indicates 13 age groups, each covering approximately five-year
ranges from age 18 to above 80, thus allowing diabetes patterns to be analysed across
different life stages. This helps machine learning models identify how age-related
trends and health behaviours influence diabetes risk.

Merging Datasets: The project started by combining three different diabetes-
related datasets from Kaggle. Putting these datasets together gave a bigger and more
varied set of health information, which made the models more reliable and able to
work well.



3.2 Preprocessing

Merging Datasets: The project started by combining three different diabetes-
related datasets from Kaggle. Putting these datasets together gave a bigger and more
varied set of health information, which made the models more reliable and able to
work well in different situations. To merge them, we matched the datasets based on
shared features and made sure the names and formats of the variables were the same.

3.3 Data Cleaning

Removing the null value: The null values were handled by replacing the missing
entries with the rounded column mean to avoid disruption to the machine learning and
to maintain the overall distribution of the data (Husnha, 2021) [16].

Validating numeric column: numerical features were checked for validity. As
most of these were binary, the invalid binary values were replaced with the average
value of valid entries rounded off. Because most features are boolean in nature, the
IQR outlier method was not implemented. And for continuous features like BMI and
Age, no extreme values were removed. The feature of BMI was grouped into catego-
ries and values higher than 40 were grouped into the highest class of obesity (Nguyen-
Tat, 2025) [17].

3.4  Data Analysis and Transformation

This part explains the analysis and changes made to the data to get useful infor-
mation from it and get it ready for machine learning. Different statistical and visual
tools were used to look at how the data is structured, how values are spread out, and
how the different features relate to each other.

Diabetes Class Distribution: For more betterment in data preparation in machine
learning, | did analysis of class distribution and use methods to handle imbalance.
Before training the model, it makes sense to sneak a look at what the target classes are
arranged looking like.
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Fig. 1. Diabetes and Non Diabetes count

Fig-1 deal with the problem of class imbalance on training data, | applied SMOTE
(Synthetic Minority Over-sampling Technique). First, the health records initially con-
tained very few cases of diabetes as compared to non-diabetes. The result of this im-



balance may be poor results of the model on the minority class. SMOTE was used in
synthesizing as the samples of the diabetes class to get a balanced dataset. This makes
the model to learn similarity amongst each of the two classes and enhance accurate
prediction.

Body Mass Index (BMI) Categorization: To make the Body Mass Index (BMI)
feature easier to understand and support detailed analysis, BMI values were sorted
into standard medical categories.

Correlation Analysis: A correlation heatmap was created to show how numerical
features are related to each other. This heatmap helps us see how strongly and in what
direction different attributes are connected, making it easier to spot features that are
similar or closely related, which can help decide whether to keep or remove them.
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1.0
Diabetes 0.230.180.06@0.050.090.15 0.100.040.0

HighBP 0.23)Ke[1J0.300.100.070.100.13 0.21 (el fe 210101 0.230.050.35
HighChol 0.180.30§Kt[t)0.090.060.090.100.18 080110 R620/050.1581010.27 08
CholCheck 0.060.100.09KRel0jo} 0/ ~20 0k 0/02) 0.000.02-0.02 -0.0
BMI 0.021.000.01 0.010.02-0.030.030.020.03(¢/57/0.03 -0.6
Smoker 0.050.100.09 07050/ 01 [gKe[0]0.06 0.12050}:20101:0.100.120.100.12
Stroke 0.090.130.10 ¢/ 621600 1] 0.07—0.01—0.0 h . -04
HeartDiseaseorAttack 0.150.210.18 0.02‘1.00—0.090.020.0 0.220.090.22
ZOVETCOYI"R-0.10:0.130.080.00-0.03-0.090.07/0.091.00{4&10.01-0.260.03-0.1(
Fruits 0.040.04—0.040.02—0.030.080.01—0.0@1. 0-0.030.050.0
2 A\l [01eTaE]To o -0.050.010.0 10.020.029741¢10.020.030.01-0.031.00-0.040.01-0.04
DiffWalk 0.190.230.15 003V LRk #221.0.260.050.041.00:0.0 /04|
Sex . 0.03—0.09).01—0.071.00—0.0
Age 0.160.350.270.099/010.120.13 0.2205100.06 011022 0.21 0110 2418 -0.2

-0.2

0.0

©
o
&
o
=
@
o
Q

Diabetes
HighBP
HighChol
CholCheck
BMI
Smoker
Stroke
PhysActivity
Fruits
DiffWalk
S
Ag

HeartDiseaseorAttack
HvyAlcoholConsump

Fig. 2. Correlation matrix in Heatmap

Fig-2 shows that diabetes is moderately positively correlated with high blood pres-
sure, difficulty in walking, high cholesterol, heart disease, and age, meaning these are
significant risk factors. It is negatively correlated with diabetes and various health
problems, indicating physical activity helps lower the risk. On the whole, the matrix
indicates the most relevant features for prediction, whereas BMI shows just a weak
connection, thus making it an unreliable indicator.

3.5 Model Development.

This section describes the classification models developed to predict diabetes by
using clinical and demographic data, comparing various supervised learning methods
on accuracy and interpretability

Data Preparation: Data were divided into 20% training and 80% testing, while in-
itially the dataset had an imbalance of 90% non-diabetic and 10% diabetic cases.



SMOTE was then applied to the training set with 50% oversampling to create syn-
thetic diabetic examples in order to balance the classes and reduce misclassification of
minority cases (Sampath, 2024) [18].

Model Implementation and Evaluation: In this paper, we will discuss four ma-
chine learning algorithms for early diabetes prediction: logistic regression, random
forest, support vector machine, and gradient boosting.

Extreme Gradient Boosting (XGBoost): XGBoost is an ensemble lea XGBoost,
ensemble gradient boosting, constructs decision trees one by one, adding regulariza-
tion to avoid overfitting. Another ensemble approach called Random Forest trains
several decision trees using bootstrap samples and random feature selection, then
combines their predictions by the majority of their voting to enhance generalization
and accuracy (Liaw, 2002) [19]. Logistic Regression is a linear classifier using the
logistic function (sigmoid) to map any real-valued input to a value between 0 and 1,
i.e., the probability of belonging to the positive class. The math formula is:

P(y = 1|x) = \frac{1}{1 + e*{—z}} (Hasan, 2025) [20].

Where z = o + Bixi + P2x2 +. + Baxn The algorithm calculates the best coefficients
(B) through maximum likelihood function. You set max_iter=1000 to ensure conver-
gence, especially when applying it to the balanced set post-SMOTE. Gradient Boost-
ing It is a traditional boosting method that builds the models in a staged approach,
each new model correcting the residual errors of the previous models. However, this
can also increase overfitting compared with the Random Forest approach.

Cross-Validation Analysis: Apart from the train-test split, model performance
was evaluated using 5-fold cross-validation; hence, each fold served as a test set once
and the rest made up the training set. Four models, Logistic Regression, Random For-
est, SGD Classifier, and XGBoost with early stopping, were compared for their pre-
dictive accuracy.

AccuracyCV = 1/k Y,_(i = 1)*KkAccuracyi (Hasan, 2025) [20].

Where, k is the number of folds in the cross-validation. Accuracyi represents the
accuracy of the model on the ith validation set or fold.

3.6 Web Development and application.

It was developed to give people an easy, accessible way to determine their diabetes
risk early. Diabetes is one of the most common chronic diseases, and early diagnosis
leads to better treatment and care. The application works on every internet-capable
device without special software; it features a very simple interface that enables users
to enter health details with ease and understand their risk in real time.
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Fig. 3. Diabetes prediction web application home page.

Fig-3: This is the main page of the web app where users can input their health in-
formation. The form has a clear layout that makes data entry easy. On submission, the
app processes the inputs and shows the diabetes prediction as an alert message.

4 RESULT AND EVALUATION

The result confirms that all four machine learning models were efficient at predict-
ing diabetes with accuracy scores ranging from 80.85% to 83.23%. This serves as
proof that the preprocessing steps, particularly the application of SMOTE for handling
class imbalance.

Model Accuracy Comparison (in %)

Model Accuracy (%)
Logistic Regression 81.32
Random Forest 83.23
SGD Classifier 80.65
XGBoost (Early Stopping) 82.74

Fig. 4. Model Evaluation Matrix

Fig-4 shows the classification results. By using Random Forest, the highest accura-
cy (83.23%) was achieved, followed by XGBoost with Early Stopping (82.74%),
Logistic Regression (81.32%), and SGD Classifier (80.85%).

A web app was developed that uses React for the frontend and Python Flask for the
backend. The user inputs health information-data such as BMI, blood pressure, cho-
lesterol, and lifestyle-are transmitted to the server, which runs the pre-trained Random
Forest model to predict the risk of diabetes



Prediction Result X

You likely don't have diabetes. Keep up the healthy lifestyle!

Fig. 5. Prediction modal

The Fig-5 shows the prediction in a React modal. It gives the user quick, unmis-
takable feedback. Flask with CORS handles POST requests, processes the input using
NumPy and joblib, returning predictions as JSON. This integration enables real-time
interaction, making the app responsive and user-friendly. Users are able to input basic
health information and instantly see their diabetes risk within the web application.

Limitations of the Study: The research was based on a relatively small dataset,
combined from three sources, which may introduce inconsistencies in methodology
and data quality. This raw, unprocessed data required an extensive amount of cleaning
and validation, which might have inadvertently removed some valuable patterns or
introduced minor biases

5 CONCLUSION

In this project, we developed SmartDiabetes, an Al-based web application for early
diabetes risk prediction based on a large dataset of 578,052 health records. The Ran-
dom Forest classifier yielded the highest accuracy, 83.23%, which identified high
blood pressure, BMI, and age as major risk factors. Feature selection and SMOTE
oversampling balanced the data, and enhanced the effectiveness of the models in cor-
rectly predicting diabetic and non-diabetic cases. The web app is user-friendly, acces-
sible from any device, and provides instant risk assessment, making it particularly
useful in areas of low healthcare access. Important feature selection was informed by
correlation analysis, which increased the model's reliability. In the future, further im-
provements could be made by using larger datasets, enhanced cleaning methods, and
the use of new machine learning techniques to achieve more than 90% accuracy. In
all, SmartDiabetes shows how Al combined with an intuitive web interface can enable
people to monitor and manage their health effectively.
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