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ABSTRACT

Early prediction of chronic diseases plays a very crucial role in preventive healthcare and
reducing long-term medical complications. Our research paper presents an Al — based multi-
disease prediction system alongwith the health risk calculator that leverages machine learning
techniques to analyze human health data and estimates the likelihood of developing various
diseases. The proposed system focuses on multiple coditions, including Diabetes, Hyper
Tension, Fatty Lever Diseases , Thyroid Disease, Kidney Disease, Anemia, Stroke and Stress
Sickness. We have started with these diseases as we can control and cure these disease at
earlier stages with just adjusting our daily lifestyle and diets. Our belief is ““ Prevention is Better

than cure” and a global healthylifestyle of people to build a disease free nation.

A consolidated dataset comprising approximately 1500-2000 records per disease category
was merged and preprocessed to form a unified training dataset. A Random Forest classifier
was employed as the primary model due to its robustness, ability to handle heterogeneous
features, and resistance to overfitting. The model was trained on a combination of clinical,
demographic, and lifestyle attributes including age, gender, body mass index (BMI), blood
pressure, glucose levels, cholesterol, smoking habits, alcohol consumption, physical activity
(e.g., gym/exercise), residential background (rural/urban), family disease history ( also an

important factor ) and other behavioral factors.

In addition to prediction, the proposed framework incorporates a rule-based recommendation
engine that identifies key contributing factors and suggests preventive measures to reduce
disease risk. Experimental evaluation shows that the proposed model achieves an overall

accuracy of approximately 87% with an Fl-score ranging between 0.85 and 0.89 across
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different disease classes, indicating its effectiveness as a decision-support tool for early
diagnosis and health management. The proposed approach highlights the potential of
integrating predictive analytics with preventive healthcare strategies to improve individual

health outcomes and enable proactive medical intervention.

INDEX TERMS Machine learning, Multi-Disease Prediction, Predictive Healthcare, Risk

Analysis, Random Forest, PreCare.Al Healthcare, Clinical Decision Support System.

INTRODUCTION

In recent years, the rapid growth of chronic diseases has emerged as a major challenge for
global healthcare systems, primarily due to their silent progression and late-stage diagnosis.
Diseases such as Diabetes, Hypertension, Fatty Liver Disease, Thyroid Disease, Chronic
Kidney Disease, Anemia, and Stroke often develop gradually without noticeable symptoms,
resulting in delayed detection, increased treatment costs, and severe health complications.
Traditional diagnostic approaches largely depend on clinical tests and physician
intervention after symptom conset, which limits opportunities for early prevention and
continuous monitoring. Furthermore, the lack of accessible and integrated healthcare systems
makes it difficult for individuals to assess their health risks proactively. With the
advancement of data-driven technologies, machine learning has demonstrated significant
potential in predictive healthcare by enabling the analysis of complex clinical and lifestyle
datasets to identify hidden patterns associated with disease risk. However, most existing
research focuses on single-disease prediction models, which restricts their scalability and
real-world applicability. There is a critical need for unified system capable of assessing
multiple disease risks simultaneously using a single framework. Addressing this gap, the
present study proposes a machine learning-based multi-disease risk prediction system
utilizing a Random Forest model trained on a consolidated dataset that integrates clinical
parameters along with lifestyle factors such as smoking habits, alcohol consumption, physical
activity, and residential background (rural/urban). The proposed approach aims to provide a
comprehensive and user-centric solution for early risk identification, thereby supporting
preventive healthcare and encouraging timely lifestyle modifications.

In addition to clinical parameters, several demographic and lifestyle-related factors are
incorporated into the model to enhance prediction accuracy, as these variables play a
significant role in the onset and progression of chronic diseases. Gender is considered due to

its influence on hormonal balance and disease susceptibility, as certain conditions such as
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Thyroid Disease and Anemia are more prevalent in specific genders. Lifestyle factors,
including physical activity and daily habits, are included because sedentary behavior is
strongly associated with diseases such as Type 2 Diabetes and Hypertension. Smoking is
considered as it directly impacts cardiovascular and respiratory health, increasing the risk of
conditions such as Stroke and other chronic complications. Similarly, alcohol consumption is
included as it contributes to metabolic disorders and liver-related conditions such as Fatty
Liver Disease. Family history is an important factor as genetic predisposition significantly
affects the likelihood of developing diseases such as diabetes, hypertension, and kidney
disorders. Additionally, residential background (rural/urban) is taken into account as it
reflects differences in lifestyle patterns, environmental exposure, and access to healthcare
facilities. By integrating these diverse factors, the model is able to capture both biological
and behavioral influences on health, thereby improving the reliability and comprehensiveness
of disease risk prediction.

The proposed system employs a machine learning-based approach for multi-disease risk
prediction, utilizing the Random Forest Classifier as the core predictive model. Random
Forest is an ensemble learning technique that combines multiple decision trees to produce
accurate and stable predictions, making it highly suitable for complex and non-linear
healthcare data. It is specifically chosen due to its robustness against noise, ability to handle
heterogeneous features, and effectiveness in reducing overfitting through bootstrap
aggregation (bagging). The model uses Gini Impurity as a criterion for node splitting, defined
as (Gini(D) =1 - \sum_{i=1}"{n} p_1"2 ), where ( p_1i ) represents the probability of a class,
and final predictions are obtained through majority voting across multiple trees, ensuring
reliability and consistency in classification tasks. The system follows a structured pipeline
beginning with data collection, where input data consists of clinical, demographic, and
lifestyle parameters.

These inputs undergo preprocessing to enhance data quality and model performance,
including handling missing values using mean or median imputation, encoding categorical
variables such as gender and smoking status into numerical form, and addressing class
imbalance using appropriate weighting techniques. Feature selection and normalization are
also applied to improve efficiency and reduce redundancy. The processed data is then used to
train the Random Forest model, which learns relationships between input features and disease
outcomes and generates probability-based predictions interpreted as risk percentages. The
model also provides feature importance scores, enabling identification of key factors

influencing diseases such as Type 2 Diabetes, Hypertension, and Stroke. The
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implementation is carried out using Python with standard libraries. The proposed approach
offers advantages including robustness to noisy data, scalability for adding more diseases,
and strong generalization capability. Overall, the methodology provides an efficient, scalable,
and interpretable framework for multi-disease risk prediction and preventive healthcare

application

1. RELATED WORKS

Several research works have been carried out in the domain of disease prediction using
machine learning techniques. Existing systems primarily focus on predicting individual
diseases such as heart disease, diabetes, and cancer using algorithms like Decision Tree,
Naive Bayes, Support Vector Machine, and Neural Networks, where patient-specific clinical
attributes are used for classification. Some studies have also applied clustering and pattern
mining techniques to improve feature extraction and prediction accuracy. In addition, a few
approaches consider lifestyle-related factors such as diet, stress, smoking, and alcohol
consumption for assessing disease risk. However, most of these systems are either limited to
single-disease prediction or rely on multiple independent models, which increases system
complexity and reduces scalability. Furthermore, many existing solutions do not provide
integrated risk analysis or preventive recommendations based on user inputs. These
limitations highlight the need for a unified and efficient system that can predict multiple
diseases within a single framework while incorporating both clinical and lifestyle parameters,

which is addressed in the proposed work.

1. LITERATURE REVIEW

Artificial Intelligence has been extensively applied in the healthcare domain for disease
prediction and early diagnosis by analyzing clinical and behavioral data. Many existing
studies focus on predicting individual diseases such as Type 2 Diabetes, Hypertension, heart
disease, thyroid disorders, chronic kidney disease, anemia, and stroke using intelligent
algorithms including Decision Trees, Naive Bayes, Support Vector Machines, and ensemble-
based approaches. Among these, ensemble techniques such as Random Forest have shown
strong performance due to their ability to handle complex and non-linear relationships in
medical data while providing reliable and stable predictions. In addition to algorithmic
advancements, several research works highlight the importance of incorporating lifestyle and
environmental factors such as smoking, alcohol consumption, physical activity, diet, and

stress, as these significantly influence the development of chronic diseases. Al-based systems
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that combine clinical parameters with lifestyle attributes have demonstrated improved
predictive performance and better support for preventive healthcare.

Despite these advancements, most existing systems are limited to single-disease prediction or
rely on multiple independent models for different diseases, which increases system
complexity and reduces scalability. Furthermore, many approaches lack interpretability and
do not provide meaningful insights such as risk levels, contributing factors, or preventive
recommendations, which limits their practical usability for individuals. Another limitation
observed in existing research is the absence of unified frameworks capable of predicting
multiple diseases simultaneously using a single integrated model. This creates a gap in
developing efficient, scalable, and user-centric healthcare systems.

To address these limitations, the proposed work presents an Al-based unified multi-disease
prediction system that integrates clinical, demographic, and lifestyle data into a single
framework. The system provides probability-based risk assessment along with factor-level
insights, enabling early detection and preventive decision-making. This approach enhances
the applicability of artificial intelligence in healthcare by focusing on both prediction
accuracy and practical usability, thereby supporting proactive health management and

reducing the risk of severe complications.

. METHODOLOGY

The system performs multi-disease risk prediction using a single Random Forest model
trained on a combined healthcare dataset. The workflow includes data preprocessing, model
training, and prediction. During preprocessing, missing values are handled, categorical
features are encoded, and class imbalance is managed using weighting techniques. The
Random Forest model is then trained to learn relationships between input features and disease
outcomes. During prediction, user inputs are processed and the model generates probability-
based risk scores for different diseases, which are further categorized into risk levels. Feature
importance 1is used to identify key factors influencing the predictions, improving
interpretability and usability of the system. The model performance is evaluated using
accuracy and Fl-score to ensure balanced prediction across all disease classes. Cross-
validation is applied to check the consistency and generalization capability of the model on
unseen data. The predicted results are further analyzed to ensure that the model does not
overfit and performs reliably on different input conditions. This approach ensures

stable and consistent predictions across multiple disease categories.
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1v. SYSTEM DESIGN AND ARCHITECTURE
The system architecture represents the overall workflow of the proposed model, where user
input data is processed through a preprocessing stage and then passed to the trained Random

Forest model to generate risk-based predictions.

lg;e PNPPO.Ct:SSI"g

A. Identification of Data Source

The data used in this study is obtained from multiple publicly available healthcare datasets
sourced from reliable platforms such as the UCI Machine Learning Repository (UCI),
PhysioNet, and WHO data portals. Each dataset corresponds to a specific disease, including
standard benchmark datasets such as the PIMA Diabetes dataset and Chronic Kidney Disease
dataset. These datasets contain structured clinical attributes such as age, blood pressure,
glucose levels, and cholesterol, along with target labels indicating disease presence. Relevant
lifestyle-related features such as smoking, alcohol consumption, and physical activity are
included where available. The datasets are used independently for model training without
merging, ensuring that disease-specific patterns are preserved while maintaining consistency

in feature representation for prediction.

B. Scope of Research

We focused on developing an Al-based multi-disease risk prediction system using structured
clinical and lifestyle data. The study is limited to diseases such as Type 2 Diabetes,
Hypertension, Fatty Liver Disease, Thyroid Disorder, Chronic Kidney Disease, Anemia, and
Stroke, which can be influenced by early-stage health parameters and lifestyle factors. The
system analyzes user-provided inputs including basic clinical attributes and behavioral
patterns to estimate disease risk. The scope includes model development, training, and
evaluation using publicly available healthcare datasets. However, the study is restricted to
structured tabular data and does not include real-time monitoring, medical imaging, or
unstructured clinical records. The system is designed as a predictive support tool and does not

replace professional medical diagnosis.

C. Data Preprocessing
Data preprocessing stage ensures consistency and reliability of both training data and user-
provided inputs. Initially, missing values in the dataset are handled using mean or median

imputation, and categorical attributes such as gender and smoking status are converted into
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numerical form using label encoding. To maintain balanced learning, class imbalance is
addressed using appropriate weighting techniques. In addition to dataset preprocessing, user
input is also filtered and validated before prediction to ensure that values are within
acceptable ranges and follow the same format as the training data. This includes checking for
invalid or missing entries, normalizing input structure, and aligning feature order. These
preprocessing steps ensure that the model receives clean and standardized data, resulting in

accurate and consistent prediction outcomes.

D. Selection of Disease to be Covered

The diseases included in this study are chosen based on their widespread occurrence, gradual
onset without early symptoms, and strong association with both clinical and lifestyle factors.
Conditions such as Type 2 Diabetes, Hypertension, Fatty Liver Disease, Thyroid Disorder,
Chronic Kidney Disease, Anemia, and Stroke are selected as they can be predicted using
basic health parameters and are largely preventable or manageable when detected early. The
selection is further supported by the availability of reliable structured datasets and the
presence of common features such as age, blood pressure, glucose level, and lifestyle habits
across these diseases. This enables the system to apply a consistent prediction approach while
still capturing disease-specific variations. Additionally, these diseases are often interrelated,
where the risk of one condition may contribute to the development of another, making them
suitable for a multi-disease prediction framework. In the future, the system can be expanded
by including more diseases and utilizing larger and more diverse datasets along with

advanced techniques to enhance overall prediction performance and scalability.

E. Selection and Preparation of HealthCare Information

The healthcare information used in this study is selected with a focus on early disease
prediction, where both clinical and lifestyle factors play a critical role in identifying risk
before symptoms become severe. The datasets include structured attributes such as age,
gender, body mass index (BMI), blood pressure, blood glucose (sugar) level, cholesterol, and
heart rate, along with lifestyle-related parameters including smoking habits, alcohol
consumption, physical activity (gym/exercise), sleep patterns, and working profession. These
features are essential because early-stage diseases are strongly influenced by daily habits and
physiological conditions rather than advanced clinical indicators. During preparation, the data
is cleaned and standardized to ensure consistency, and only relevant features that contribute

to early risk detection are retained. Each parameter is utilized as an input feature for the

www.ijarp.com p



http://www.ijarp.com/

International Journal Advanced Research Publication

model, where clinical values like blood pressure and glucose indicate current health status,
while lifestyle factors such as smoking, alcohol use, activity level, and sleep patterns help in
identifying long-term risk tendencies. Demographic attributes like age, gender, and
profession provide additional context for risk variation across individuals. By combining
these factors, the system is able to capture both immediate and behavioral influences on
health, enabling accurate prediction of disease risk at an early stage and supporting

preventive healthcare decisions.

F. Procedure and Prototype

System is designed to provide a simple and structured workflow for early disease risk
prediction. The user interacts with the system through a web-based interface where basic
health and lifestyle information such as age, gender, blood pressure, glucose level, smoking
status, alcohol consumption, physical activity, sleep pattern, and profession are entered. Once
the input is submitted, the data is sent to the backend through an API, where it is validated
and processed to match the format used during model training. The processed input is then
passed to the trained Random Forest model, which analyzes the data and generates
probability-based predictions for different diseases. These predictions are returned to the
backend and then displayed to the user in the form of risk percentages along with
categorized risk levels. The overall workflow follows a clear pipeline of user input —
backend processing — model prediction — result output, ensuring efficient and real-

time prediction.

Prototype Model: developed system is designed as a user-centric application for early
disease risk prediction, focusing on identifying potential health risks before the onset of
severe symptoms. In the first stage, a web-based frontend interface is provided where users
can enter their personal, clinical, and lifestyle information. This includes attributes such as
age, gender, family history, blood pressure, glucose level, smoking habits, alcohol
consumption, sleep patterns, physical activity, and working profession. The input form used
for data collection is shown in Fig. 1, Fig. 2 and Fig. 3, where all relevant parameters
required for prediction are captured in a structured format. These inputs are specifically
selected as they directly influence early-stage disease development and help in identifying

risk patterns at an initial level.

www.ijarp.com p



http://www.ijarp.com/

International Journal Advanced Research Publication

Basic Info Medical Data Lifest Family History

Basic Info

Age: 30 Gender
—

Height: 180 cm Weight: 82 kg

Ever Married Work Type

Yes No Private y o

Residence Type

Fig. 1 Demographic data input screen.
Basic Info Medical Data

@ Medical Data

Blood Pressure:

&Y Blood Sugar: 159

Cholesterol:

Fig. 2 User details collection interface.

Basic Info Medical Data Lifestyle Family History

& Family History

Select any conditions that run in your family

Diabetes Heart Disease
Stroke Kidney Disease
Lung Disease Hypertension

Thyroid Gastro

Fig. 3 Family medical history selection screen.

The system utilizes multiple disease-specific datasets obtained from reliable sources,
containing structured medical records with features aligned to the user input parameters,
ensuring consistency between training and prediction. Sample representations of these
datasets are illustrated in Fig. 4 and Fig. 5. The datasets are used independently during model
training to preserve disease-specific patterns while maintaining a consistent feature structure

across all inputs. Data preprocessing is performed to improve quality and reliability, where
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missing values are handled appropriately, and categorical variables such as gender and
smoking status are converted into numerical form. Additionally, input ranges including age,
blood pressure, and glucose levels are standardized to maintain uniformity across records,
ensuring that the model receives consistent and comparable data during both training and

prediction phases.

bgr, bu, sc, pot,hema, p

L, notpresent, 121.0,3

,notpresent,
,notpresent,
al,present,
al,notpresent,
notpresent,
notpresent,
rmal,notpresent,
L, present,
ab al,present,
al, present,
bnormal, present,

, , ,notpresent,
3.0.2.8.normal.abnormal.present.

e,ever_married,work_ty
formerly smoked,
never smoked, 1
never smoked,1
smokes,
never smoked,1
formerly smoked,
ever smoked,
never smoked,1
Unknown, 1
Unknown, 1
never smoked,1
smokes,
smokes,

Unknown, 1

never smoked.1

Fig. 5 Datasets Used in the training of Model.

The trained model is integrated into the system for prediction, where the user interface
communicates with the backend through an API. When the user submits the form, the input
data is received by the backend, validated, and formatted to match the structure used during
model training. The processed data is then passed to the trained Random Forest model, which
evaluates the input features and generates probability-based risk predictions for different
diseases. The prediction is based on the combined influence of clinical parameters and
lifestyle factors such as age, blood pressure, glucose level, and daily habits, ensuring that the
output reflects both current health conditions and long-term risk patterns. The overall

workflow of this prediction process is illustrated in Fig. 6.
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USER INPUT (FORM)

RANDOM FOREST MODEL

RISK PREDICTION (%)

RESULT DISPLAY

Fig. 6 Flowchart Representing working of Model.

The system presents the prediction results in a clear and interpretable format, providing risk
percentages along with categorized levels for better understanding. It also highlights the
influence of key input features on prediction as summarized in (Table 1), which relates
parameters such as age, gender, family history, blood pressure, glucose level, sleep patterns,
and smoking habits to their impact on different diseases. This allows users to not only view
their risk levels but also understand the factors contributing to them. Overall, the prototype
reflects a complete and efficient workflow from data input to prediction output, supporting

effective early disease risk assessment and informed decision-making.

TABLE 1. Input Parameters and Their Impact on Disease Prediction.

Parameter Type Impact & Influenced Diseases

Age Demographic Increasing age raises risk of Diabetes, Hypertension, Stroke, and CKD

Gender Demographic Biological differences influence Thyroid disorders, Anemia, and Stroke

Family History Genetic Inherited predisposition increases risk of Diabetes, Hypertension, CKD, and Stroke
BMI Clinical Higher BMI leads to obesity-related risks such as Diabetes, Fatty Liver, and Hyperten
Blood Pressure Clinical Elevated BP increases risk of Hypertension, Stroke, and Kidney Disease

Glucose Level Clinical High glucose directly indicates risk of Diabetes

Cholesterol Clinical High cholesterol contributes to Stroke and Hypertension risk

Smoking Lifestyle Smoking damages vessels, increasing risk of Stroke and Hypertension

Alcohol Consumption | Lifestyle Excess alcohol leads to Fatty Liver and Hypertension

“Physical Activity | Lifestyle Low activity increases risk of Diabetes and Hypertension

Sleep Pattemn Lifestyle Poor sleep contributes to Hypertension and metabolic imbalance

Heart Rate Clinical | Abnormal heart rate indicates risk of cardiovascular issues like Stroke

Working Profession Lifestyle }Sedentary jobs increase risk of Diabetes and Hypertension

G. RESULT AND OUTCOMES

Model achieves an overall accuracy of 86.89%, with Fl-scores ranging between 0.85 and
0.89 across different disease classes, indicating stable and consistent predictive performance.
Precision and recall values are well-balanced, demonstrating that the model effectively
identifies both positive and negative cases without significant bias. Cross-validation is

applied to evaluate the generalization capability of the model, ensuring that the performance
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remains consistent on unseen data. The system generates probability-based outputs in the
form of risk percentages, which improves interpretability compared to binary classification,
and these values are further categorized into risk levels for better understanding. The
prediction results are influenced by a combination of clinical and lifestyle parameters,
including blood pressure, glucose level, BMI, age, and factors such as smoking, alcohol
consumption, sleep patterns, and physical activity. Clinical Parameters contribute strongly to
immediate risk detection , while lifestyle attributes help in identifying long-term health risks.
This combination allows the model to capture both present conditions and potential future
risks, which is essential for early disease prediction.

Existing approaches are often limited to single-disease prediction, lack integration of lifestyle
factors, or rely on multiple independent models, increasing complexity and reducing practical
usability. In contrast, the proposed system uses a unified approach that integrates multiple
diseases within a single model and incorporates both clinical and behavioral factors.
Additionally, the system provides interpretable outputs through risk percentages and factor-
level insights, improving usability for non-expert users. Overall, the system demonstrates an
efficient and scalable approach for early disease risk assessment. It not only predicts the
likelihood of multiple diseases but also highlights the key contributing factors, making it

suitable for preventive healthcare and real-world decision support.

v. EXPERIMENTAL RESULTS

Our system is evaluated using multiple disease-specific models, with the performance results
illustrated in Fig. 7. The figure highlights key evaluation metrics such as dataset size,
accuracy, F1l-score, and reliability for each model. The datasets used span from a few hundred
to over seventeen thousand records, providing sufficient diversity for robust evaluation. Most
models demonstrate high accuracy in the range of 85% to 89%, with F1-scores approaching
0.86, reflecting strong classification capability and balanced performance. Models for
conditions such as Stroke Risk, Gastrointestinal disorders, and Metabolic Syndrome achieve
near-perfect results due to more distinct feature patterns, whereas more complex diseases like
Fatty Liver and Thyroid Disorder show slightly lower yet practical and consistent F1-scores.
Overall system performance is further analyzed through a combined score representation, as
illustrated in Fig. 8. This score reflects the aggregated performance of multiple disease
models and provides an estimate of systemn reliability. The computed overall accuracy is
approximately 86.89%, which indicates a high-reliability system suitable for early disease

risk prediction. The variation in individual model performance contributes to a balanced
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overall score, preventing overestimation due to simpler classification tasks. Results
demonstrate that models trained on larger datasets tend to produce more stable and consistent
predictions, while smaller datasets still maintain acceptable performance due to the
robustness of the Random Forest approach. The use of diverse datasets ensures that the model
captures real-world variations rather than overfitting to a specific pattern.

Random Forest is an ensemble learning algorithm used as the core model in this system,
where multiple decision trees are trained on different subsets of data using the bagging
technique (bootstrap aggregating). Each tree independently predicts the output, and the final
prediction is determined through majority voting, which improves accuracy and reduces
overfitting. During training, the model selects optimal splits using impurity measures such as

Gini impurity, ensuring better class separation at each node.
.. - c 2
Gini(D) =1- >, ()

Additionally, the final prediction of the model is given by:

Y = mode{T\(2), Ty(z),...,T,(z)}

Compared to existing systems, which are often limited to single-disease prediction or lack
dataset diversity, the proposed system provides a more comprehensive evaluation across
multiple health conditions. The integration of different disease models and consistent
performance across them highlights the effectiveness of the approach. Overall, the
experimental results validate that the system is capable of delivering accurate, reliable, and

interpretable predictions, making it suitable for practical early disease risk assessment.
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Fig. 7 Model Performance Comparison Chart.

Comparative performance of different disease prediction models is illustrated in Fig. 7. The
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figure presents key evaluation metrics including accuracy, F1-score, precision, and recall for
each disease category. It can be observed that most models maintain consistently high
performance across all metrics, indicating balanced and reliable predictions. Slight variations
in scores are visible for certain diseases due to differences in data complexity and feature
distribution. Overall, the results demonstrate that the proposed system achieves stable

performance across multiple disease classes.

Comprehensive Model Performance & Dataset Summary

Fig. 8 Comprehensive Model Performance and Dataset.

Overall Confusion Matrix (Binary Classification Suite)

L 500
Risk - False Pos
101

(14.1%)

g
s
3
8
]
2

Risk - False Neg Risk - True Pos - 200
(14.4%) (85.6%)

Disease (1)

Healthy (0) Disease (1)
Predicted Condition

Fig. 9 Confusion Matrix of Model Trained.

Fatse Postive Rate

Fig. 10 Reciever Operating Characteritic (ROC) Curve.
Detailed performance metrics and dataset summary for each disease model are presented in
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Fig. 8, highlighting accuracy, Fl-score, precision, recall, and dataset characteristics. The
overall classification performance is further analyzed using a confusion matrix in Fig. 9,
which demonstrates balanced prediction capability with a high proportion of true positive and
true negative outcomes.

Additionally, the ROC curves shown in Fig. 10 indicate strong discriminative ability across
multiple disease models, with most curves approaching the ideal classification region.
Together, these results confirm the effectiveness and reliability of the proposed system across

different evaluation measures.

VII CONCLUSION

In this paper, we proposed an Al-based multi-disease risk prediction system that utilizes a
unified machine learning model to analyze clinical, demographic, and lifestyle parameters for
early identification of disease risk. The proposed approach focuses on predicting conditions
such as Diabetes, Hypertension, Fatty Liver Disease, Thyroid Disease, Chronic Kidney
Disease, Anemia, Stroke sleeping diseases, stress etc. using a consolidated dataset comprising
approximately 1500-2000 records per disease category. A Random Forest Classifier was
employed as the core predictive model due to its robustness, ability to handle heterogeneous
and non-linear data, and effectiveness in reducing overfitting. The model was trained and
evaluated on preprocessed data, taken from online available sources incorporating feature
encoding, missing value handling, and class balancing techniques to ensure reliable
performance. Experimental results demonstrate that the proposed system achieves an overall
accuracy of approximately 87%, with an Fl-score ranging between 0.85 and 0.89 across
different disease classes, indicating stable and consistent predictive capability. In addition to
risk prediction, the system provides probability- based outputs and identifies key contributing
factors, enabling better interpretability and supporting preventive healthcare decisions. The
results validate that integrating machine learning with lifestyle and clinical data can
effectively assist in early disease detection and reduce the likelithood of severe health
complications through timely intervention. The proposed system offers practical value as a
scalable and cost-effective decision-support tool for preventive healthcare applications.

In future work, the system can be further enhanced by incorporating larger and more diverse
datasets, additional diseases, and advanced models such as deep learning techniques, along
with real-time health monitoring data to improve prediction accuracy and extend its

applicability in real-world healthcare environments.
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