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Abstract: The health issues increase day by day but sometimes, people even do not realize it in time. Many patients do not
go to the hospital early because of busy lifestyle or sometimes there is no hospital in their area. Because of this, there are
diseases that could have been controlled early on but become serious. For this project, a system that makes predictions for
various diseases in one place using machine learning is implemented. Instead of looking for each disease separately, a person
could enter some information about their health and get predictions based on the information provided. The whole system
was intended to be easy to use and intuitive for any user. The trained models analyze the typed input and try to check whether
the input is similar to any known disease pattern. A prediction of the user’s diagnosis can be made, and this is displayed in its
simplest form so that a non-medically trained person can understand what the system is trying to convey. This project is not
intended to replace medical professionals or provide final medical decisions. The system is only intended to act as a
supplement that may help the user become aware of their condition and ultimately seek proper medical treatment.
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I. INTRODUCTION

The health issues increase day by day but sometimes, people even do not realize it in time. Many patients do not go to the
hospital early because of busy lifestyle or sometimes there is no hospital in their area. Because of this, there are diseases
that could have been controlled early on but become serious.

For this project, a system that makes predictions for various diseases in one place using machine learning is implemented.
Instead of looking for each disease separately, a person could enter some information about their health and get
predictions based on the information provided. The whole system was intended to be easy to use and intuitive for any
user.

The way the system works is that the trained models analyze the typed input and try to check whether the input is similar
to any known disease pattern. A prediction of the user’s diagnosis can be made, and this is displayed in its simplest form so
that a non-medically trained person can understand what the system is trying to convey. This project is not intended to
replace medical professionals or provide final medical decisions. The system is only intended to act as a supplement that
may help the user become aware of their condition and ultimately seek proper medical treatment.

A. Background and Motivation

Most of these diseases do not exhibit symptoms until they reach advanced stages. Therefore, the early detection of these
diseases can be challenging since not everyone has access to medical care services, especially for individuals living in
distant locations.

In addition, significant technological advances have occurred. Currently, machine learning techniques can be implemented
in real world applications to extract useful information from collected data. The development of these algorithms sparked
interest in finding applications that can be used in the health sector.

The primary objective of this project is to generate a practical application tool that enables users to have a better
understanding of their health status with minimal effort. Instead of manually analyzing data collected through different
sources, this tool will provide users with useful information from a unified source.
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B. Problem Statement

To design and develop an intelligent healthcare system that would be able to detect the symptoms and health details of the
patients in order to diagnose different types of diseases accurately and effectively.

This will ensure solving the problems of delayed diagnoses and lack of health care assistance by providing a solution that
can help in diagnosing diseases as early as possible. Currently, systems are limited to just the prediction of one disease at a
time and not taking into account other diseases at the same time. Thus, the intelligent healthcare system aims at making
accurate predictions in a timely manner.

C. Contributions

This study deals with the design of an intelligent health care system for predicting and diagnosing multiple diseases. An
effective system that employs multiple machine learning techniques to analyze symptoms and data from patients is
introduced in this study. Multiple diseases can be predicted via a single interface without any need for other prediction
mechanisms.

Furthermore, the proposed system utilizes effective approaches to process the collected data. An intuitive interface of the
proposed model is developed in this study for ease of use of the system. As a whole, the present study demonstrates the
application of machine learning in real-world situations.

II. RELATED WORK

Several researchers have applied different machine learning models in predicting diseases in the healthcare industry.
Different studies have used machine learning models such as SVM (support vector machines), Decision Tree, and the
random forest algorithm in predicting diseases like diabetes, heart diseases, and cancers among others.

Different researches have tried predicting one type of disease using high levels of accuracy but could not scale up to more
than one disease predictions. Although several researchers had attempted developing multiple disease prediction systems,
they found challenges in terms of data quality, accuracy, and even compatibility with other platforms.

Recent advancements in technology have led to development of artificial intelligent healthcare assistants, which include
predictions about different diseases and offer individualized advice. This is meant to assist in early diagnosis and in
assisting both patients and practitioners to make decisions.

Despite several attempts by researchers in this area, a strong disease predictor for different types of diseases in a single
platform has not yet been developed. This study intends to close this gap.

A. Traditional Diagnostic Systems

The traditional technique used in the field of medicine to diagnose diseases is one that makes use of the skills of the
physicians who are entrusted with the responsibility of making the diagnoses from the patients’ symptoms along with the
results obtained from laboratories. The traditional process uses an approach where the doctors conduct analysis of all
factors and make decisions depending upon their skills.

It should also be noted that though the traditional process of diagnosis has been found to be highly effective and precise,
yet the time taken by them to diagnose is fairly lengthy and requires many visits to the doctor. Another limitation of the
traditional process of diagnosis is that they lack automation and hence cannot handle large amounts of data.

B. Al-Based Diagnostic Approaches
Al-diagnostic systems employ the use of machine learning methods and data analysis to detect any disease that may affect

a particular patient based on the patient’s data. The aim of Al-diagnostic systems is to analyze massive data sets which
may contain patient symptoms, test results, and patient information [1].
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Some of the most commonly used machine learning methods include Support Vector Machines, Decision Trees, and
Random Forests. These machine learning methods are useful in generating a relationship between certain parameters and
diseases in an Al diagnostic system. There are a number of advantages that come with the application of Al-assisted
diagnostic systems. For instance, it is easier for one to analyze massive data within a short period using Al diagnostic
systems [2].

C. Multi-Disease Diagnosis

Multidiseases Diagnosis is defined as the ability of the diagnostic system to detect and predict various diseases through an
integrated system. Traditional approaches to diagnosis take the approach that diseases will be diagnosed sequentially
while multi-disease approach takes the approach of incorporating various machine learning algorithms for analysing
patient health data [3].

Patient’s condition information such as symptoms, outcome of medical investigations, and even history is considered for
making a judgment on likely disease. This diagnostic approach is very vital in today’s world where patients are likely to
suffer from various diseases simultaneously.

D. Symptom-Report Fusion Techniques

Fusion techniques for symptom-report combine the data of symptoms reported by the patients and clinical testing data to
enhance disease prediction accuracy. In the health care systems, the symptom data provided by the patients is often
subjective in nature, whereas the clinical testing data such as lab tests is more objective. Fusion of both types of data
improves accuracy [4].

Data fusion techniques are employed in these techniques to fuse together the input from two or more data sources before
processing by the machine learning algorithms. Using qualitative data in addition to quantitative data increases the
probability of discovering complex patterns that may not be possible using only one kind of data source.

D. Risk Stratification Methods

Risk Stratification means a strategy that involves assessing the risks for all patients according to the analysis of
information regarding patient’s health state that is presented by signs of the disease, the history of the condition, and
results of tests [5].

Al technologies involve the use of algorithms for working with the health information of the patient and establishing links
between parameters to determine the patient’s risk level. Hence, it makes it possible to prioritize patients and pay more
attention to them. Risk Stratification helps to make better decisions and gives an opportunity to offer proper treatment in
time and distribute resources effectively.

E. Gaps in Existing Literature

Even though multiple articles have been written about using machine learning for predicting diseases, many existing
systems lack certain functionalities. Most researches have been concerned only with predicting one disease, thus limiting
the possibility of studying and diagnosing several health problems at once.

Moreover, some of the methods of disease predictions are based on using either patients’ reports about their symptoms or
results of clinical tests, but do not consider both types of data to increase accuracy and reliability of the prediction. Hence,
the creation of a universal system capable of considering several types of input data, as well as offering accurate
predictions regarding multiple diseases, would become beneficial.

III. CLINICAL INTELLIGENCE FRAMEWORK DESIGN

Clinical Intelligence Framework can be considered as one of the elements that have been taken into account while
designing an intelligent system. The process of analysis and appropriate predictions and diagnoses is performed on the
basis of the data provided by patients. Thus, the processes of data acquisition, processing, building learning models, and
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the presentation of the results to users have been developed and implemented to make the intelligent system more
efficient.

To begin with, patients’ data including symptoms, their history, and other types of data are acquired and analyzed,
allowing the diagnosis of the disease through the use of algorithms. The application of various models of prediction allows
studying various diseases. Furthermore, the analysis results will be presented to users in the clearest possible way so that
they would be able to understand the data analysed.

A. Framework Architecture Overview

Speaking about the architecture design itself, the system is believed to be a full system which includes all stages beginning
with the stage of acquiring input data to predicting the development of certain diseases. Firstly, the input data should be
acquired by various means taking into consideration such features as symptoms, medical history and other aspects.

The second stage includes processing of input data which presupposes filtering and normalizing the acquired data. After
this step, the next stage is the prediction step when the models of different diseases get different input data for making
predictions based on their prior knowledge. Thus, the output data include all possible diseases that can be developed by
certain individuals.

B. Data Acquisition and Preprocessing

The first phase that should be taken in this case would be Data Collection since it is the first phase involved in this process.
This phase involves collecting the data relating to the disease or the health problem that requires prediction. While there
are various ways of getting data regarding a disease or health problem, these ways include medical symptoms, diagnosis
and history. It is important to note that successful prediction will be highly dependent on how well we get our data.

The next phase will involve the pre-processing of data, which will involve the elimination of unnecessary data as a result of
their inconsistencies and incompleteness. Data normalizations and transformation will be carried out. Afterward, Feature
Selection and Disease Feature Selection will follow.

C. Symptom-Report Fusion Module

The role of the Symptom-Report Fusion Module is to combine symptoms and medical report results to enhance the quality
of predictions for patients’ diseases. Specifically, qualitative information like symptoms and quantitative information
represented by medical reports are used in the process of data fusion.

First, all the data coming from different sources are processed to eliminate missing values and prepare the data in the
same format. Afterward, all the data will be merged. In this way, different factors will be considered during the data fusion
process. Finally, the data obtained through data fusion will be passed to machine learning algorithms, which will analyze it
to identify patterns related to diseases.

Utilization of qualitative and quantitative information in predictions enhances the prediction quality by increasing its
accuracy, which leads to lower uncertainty. To conclude, the Symptom-Report Fusion Module is one of the critical modules
of a multi-disease prediction system because it provides the best prediction results.

D. Multi-Disease Diagnosis Engine

Multi-Disease Diagnosis Engine is one of the main modules which is involved in multi-disease predictions using the
machine learning approach. The purpose of this module is receiving preprocessed and fused input data and producing
disease predictions in one application.

This engine consists of several machine learning models trained to produce predictions on disease symptoms. The module
processes input data and detects features related to various diseases. In addition, all produced predictions are gathered
into one output result. This engine guarantees high precision, speed and scalability.
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E. Risk Stratification Component

The first important role of the Risk Stratification Component is in classification of patients according to their risks due to
health factors, signs and symptoms, medical history, as well as test results. Information provided by machine learning
algorithms is used by the Risk Stratification Component in order to find out scores of patients according to their state of
health.

The scores can help classify patients into three groups according to their risks and prioritize patients requiring urgent
assistance. The Risk Stratification Component helps make the entire process much more efficient as far as diagnosing and
treatment are concerned.

F. User Interface and Decision Support

The User Interface and Decision Support module will serve as a medium of interaction between the users and the
application as well as interpretation of its outcomes. Patients will be allowed to input their medical details, symptoms, any
current illness they are suffering from, test results, and other relevant details into the application with just a few clicks.

Moreover, the outcome of the application will be provided through this module, and users will be informed about the
likelihood of them being ill with certain diseases or about the factors that make them vulnerable to specific illnesses. Such
information will be presented in an understandable form enabling.

IV. METHODOLOGY

The proposed sequence of actions for developing an artificial intelligence application designed to diagnose and forecast
various diseases could be as follows. Initially, one should gather the datasets based on the patient’s symptoms, medical
history, and results of his or her lab tests.

The second action consists of pre-processing and cleaning up the acquired data by eliminating any discrepancies in it.
During this step, it is necessary to choose the relevant features for making predictions based on the dataset.

Further, one should create disease models using some machine learning algorithms. Thus, it is required to train such an
algorithm. After this, it becomes possible to build the mentioned disease models and embed them into the application.

A. Dataset Description

The data set used in this project includes information about patients suffering from various diseases along with their
symptoms, results from clinical tests, and related health information. These medical data sets can be sourced from freely
available healthcare data sets to use in developing machine learning algorithms.

Various medical attributes such as age, blood pressure, glucose levels, and cholesterol levels, along with other disease-
specific attributes, form each data set. The data sets are classified into being a particular disease or not in order to use
them for developing supervised machine learning models.

For effective utilization of data sets, various data pre-processing techniques such as deletion of missing values, elimination
of inconsistent values, and normalization processes need to be applied to ensure that the data set is ready for developing
predictive algorithms. Use of diverse data sets ensures that the system develops multiple patterns, thus improving overall
performance.

B. Data Pre-processing Steps

The process of data preprocessing is crucial in building the proposed system, as it ensures that the data set used will not
contain any errors, inconsistencies, and that it will be suitable for analysis via

machine learning algorithms. First of all, data cleaning is performed, during which any missing data are detected,
inconsistency corrected, and duplicates removed from the data set.

Then, data transformation is carried out to prepare data for further analysis. Data transformation consists of converting
data from categorical form to numerical form, structuring data so that features can be extracted from it. The obtained data
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is normalized to maintain the same measurement scale. Next, feature selection techniques are applied to select those
attributes that contribute to disease prediction. Finally, the data set is divided into a training and a test data set.

C. Feature Engineering

The feature engineering stage plays a significant role in designing the proposed system because, at this stage, the features
are selected and engineering is performed. Important features are derived from the given dataset to make the training of
machines easier. At the same time, it should be highlighted that this stage is important in providing quality data to the
learning model.

Some of the critical features like age, blood pressure, glucose level, and many other features are selected to predict
diseases. Some irrelevant features are also removed to reduce the complexity of the problem. The new features can be
developed through the old features, and valuable information can be obtained regarding the condition of the patients.

D. Symptom-Report Fusion Techniques

Employed In relation to the proposed system, the symptom-report fusion algorithm has been applied, which allows
incorporating both symptom data and laboratory results in order to improve the accuracy of disease prediction. In other
words, it includes both qualitative and quantitative data, thus providing the overall view of patient health.

In the first place, all collected data has been processed and transformed into a single database. While processing, all
missing data has been filled out, normalized, etc. Next, while fusing the data, symptoms and laboratory results have been
fused on the feature level, which leads to receiving a combined input vector. Therefore, such integrated data will be used
as the input data for disease prediction algorithms.

E. Diagnostic Model Development

Model development involves training and building machine learning models in such a way that the disease is predicted
efficiently. This is due to the fact that there are different models based on the kind of disease that they target. Different
machine learning models are built by using pre-processedand engineered datasets for each disease.

Examples of machine learning models that are used during model development include support vector machines, decision
trees, and random forest [6]. Input attributes in the dataset are matched to particular output values in order to predict the
disease. The performance of models is evaluated through certain metrics to check whether the models are effective.
Validations of models are done in order to determine whether they are efficient before implementing them into the
application system.

F. Risk Stratification Algorithm

Risk Stratification Algorithm intends to categorize patients based on their risks by utilizing the output of the health data
diagnosis and analysis process. Such an action is achieved by examining the outcome generated by the health data
diagnosis and analysis algorithm combined with other information like symptoms and clinical assessment of patients to
establish the risk level.

First, the risk level for each individual is calculated by analysing the probability value or the accuracy of the predictions
provided by the machine learning algorithms. Patients are then categorized based on their probability values or prediction
accuracy level, and the risk levels range from low risk to high risk. In summary, risk stratification ensures prompt
identification and management of risks, thereby ensuring proper and timely diagnoses and treatments of patients.

G. Evaluation Metrics

In order to evaluate the efficiency of the use of machine learning algorithms in predicting the evolution of a certain disease,
a set of criteria should be taken into consideration. These criteria are accuracy, precision, recall, and F1-score. Accuracy is
utilized to assess the overall efficiency of a certain machine learning algorithm. Precision implies a proportion of positive
results from positive predictions. Recall may be regarded as a proportion of all identified instances. Therefore, a
combination of precision and recall will be referred to as F1-score.
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Furthermore, there is a necessity to take into account another method - a confusion matrix - which is used to estimate the
correlation between real and predicted values.

V. RESULTS

The effectiveness of the suggested healthcare model with the use of artificial intelligence technologies was confirmed by
testing different machine learning models on prepared databases. The evaluation of the effectiveness of the model was
conducted with the help of conventional indicators of efficiency, namely, accuracy, precision, recall, and F1 scores.

According to the results, it can be said that the suggested approach allows diagnosing various diseases effectively. By
applying several approaches, it was found that some algorithms performed better than others based on the type of disease
and data sets utilized in their application. The implementation of several models in one system facilitated effective
diagnosis of different diseases.

Symptom-report fusion techniques made it possible to increase the efficiency of the algorithm. In addition, the mechanism
of stratifying patients based on risks performed well in grouping patients into different risk categories. Therefore, it can be
concluded that the general performance of the model was rather good.

A. Performance of Symptom-Report Fusion

The efficiency of the proposed algorithm for merging the symptoms and reports should have been considered to
determine its effect on the disease prediction process. The combination of the symptoms and testing results enabled the
analysis of a wider range of attributes.

According to the obtained outcomes, it is safe to assume that the merging of the symptoms and the reports improves the
performance of machine learning models compared to the processing of each dataset independently. The consideration of
the correlation between multiple parameters positively impacts the predictions’ quality. Furthermore, the merging of the
datasets enables the reduction of uncertainties and increases the robustness of the model, leading to improved
generalization skills.

B. Performance of Risk Stratification

The multi-disease diagnosis capability of the system was also tested to assess its performance in accurately predicting
several diseases using various machine learning algorithms. Accordingly, the system was tested using the preprocessed
datasets, with its performance being measured through evaluation parameters such as accuracy, precision, recall, and F1
score.

As evidenced by the results, the system has been able to produce satisfactory performance in terms of accuracy regardless
of the type of disease and the model applied. The combination of several prediction models in one platform facilitates easy
and efficient diagnosis of the patient’s condition. Moreover, the use of feature engineering and symptom-report fusion has
played a key role in improving the accuracy rate of the system since the data used is more comprehensive and reliable.

C. Risk Stratification Efficacy

Performance of the risk stratification procedure was estimated to determine whether the procedure can correctly assign
patients to risk groups based on patient health condition and prediction results. As seen from the analysis, the risk
stratification technique can efficiently differentiate patients based on the degree of seriousness of their condition. Risk
stratification technique will allow detecting high-risk patients and taking appropriate action.

Besides, the use of risk stratification technique together with multi-disease prediction increases effectiveness of the whole
system since additional information provided by the risk stratification procedure is more informative than the information
provided by the disease prediction procedure.
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D. Comparative Analysis with Baseline Models

A comparison between the performances of the proposed multi disease prediction system and baseline models using
machine learning was conducted. By saying “baseline models,” we mean machine learning methods which include Decision
Tree, Support Vector Machine, and Logistic Regression. All machine learning models function independently from each
other and have different areas of applicability.

The comparison was done through the following performance measures: accuracy, precision, recall, and F1 score. From
the obtained results, it can be seen that the model of proposed multi-disease prediction system performs better than
baseline models. The model utilizes the capabilities of different machine learning models along with feature engineering
techniques and even reports’ fusion. Furthermore, risk stratification is very useful in improving overall system
performance.

E. Case Studies and Clinical Scenarios

The analysis of the clinical scenario and case studies provides means to identify how effective the system can handle the
cases and generate predictions on its efficiency. In particular, the condition of patients is modeled using the input
information such as symptoms, reports of patients.

From the above analysis of different clinical scenarios, it follows that the system works efficiently in dealing with input
cases. It has been found that the system is effective not only in processing the input cases but in performing symptom and
report fusion as well as in risk stratification. Hence, case studies play an important role in assessing the efficiency of the
system in practical terms.

VI. DISCUSSION

From the results obtained from the system that has been created, it becomes clear that the application of machine learning
techniques has proven to be highly effective for multi-disease prediction and diagnosis. Integration of various models on
one platform ensures that there is efficient prediction of various diseases.

Symptom-report fusion techniques used during data acquisition ensure that the data used to build the model is high
quality and therefore leads to efficient modeling process and hence better results. Additionally, risk stratification makes
the output more meaningful through patient categorization.

It is worth noting that the performance of the model will largely depend on the nature of the data. Therefore, poor data can
lead to poor prediction accuracy. Moreover, although the system performs effectively and efficiently, it is meant to assist
with diagnosis rather than perform diagnoses.

A. Interpretation of Findings

Based on the outcomes of the system’s research results, it can be seen that machine learning algorithms can be considered
efficient in terms of predicting diseases and diagnosing processes. In this regard, it should be mentioned that the use of
several algorithms improves the system'’s ability to predict diseases and diagnose processes.

Another important characteristic that improves the efficiency of the system and ensures the production of accurate results
is the fusion of symptom-reporting. The use of risk stratification is an essential characteristic that will help users
understand the state of the disease. Based on the results obtained during the testing process, it can be seen that the system
consistently predicts various diseases.

B. Clinical Implications

There are several effects that might be experienced in the realm of clinical practice following the implementation of the
suggested model of multi-disease prediction that uses artificial intelligence. The developed model will become an effective
tool for diagnosis, allowing doctors to identify several diseases at once and avoid any possible issues linked to diagnosing
or treating them in time.
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Moreover, due to the features of symptom-report fusion and risk stratification, doctors will receive additional information
regarding the health status of their patients and make more accurate conclusions. Additionally, the suggested model could
be utilized as an auxiliary tool in clinical practice, allowing doctors to cope with additional workload.

C. Limitations of the Study

However, it should be acknowledged that the system has some limitations. First, the quality and quantity of the data used
for training affect its results considerably. If the database is either incomplete or unbalanced, the algorithm will produce
inaccurate predictions.

Second, the models applied in the project are machine learning algorithms, which means they are trained using past data.
Third, the system is designed to perform only preliminary tasks. The model produces suggestions based on the
information available, but these suggestions cannot substitute a doctor’s expertise and diagnostic skills. Fourth, the
algorithm can handle a limited number of diseases. Fifth, the system operates based on user input and user-supplied data
may contain errors or inaccuracies.

D. Ethical Considerations

The development and operation of the Al healthcare prediction system presuppose that some ethical issues will have to be
resolved for the proper functioning of such system. First of all, one can speak about the issue of maintaining information
integrity and security due to the fact that the field of health care involves using information related to patients.

Additionally, there is also a necessity to consider certain ethical factors associated with avoiding different biases since the
Al system receives information from several sources, which can be biased. Finally, one more essential aspect refers to
transparent ethical principles used in making predictions in the system under analysis.

VII. CONCLUSION AND FUTURE WORK

Thus, the implementation of Al in creating a system of disease prediction and diagnostics shows its ability to detect
diseases and predict their occurrence. Combining different algorithms in a single system allows analysing the data and
obtaining accurate results of patient diagnostics. Symptom report merging and risk stratification improve the performance
of Al systems.

Based on the outcomes obtained through the research, the system can be used as an assistant to help healthcare
professionals in making decisions. Moreover, it can contribute to raising awareness about certain diseases and their early
prevention. However, the use of Al in healthcare requires careful consideration because it cannot serve as a replacement
for a physician and diagnose diseases. In order to continue working on improving the system, it will be necessary to
integrate more algorithms for disease prediction, as well as create more diverse databases.

In addition, the integration with the infrastructure of the sector will ensure better application of the system. The use of
machine learning techniques and a mobile interface may improve the system further.

New algorithms for disease prediction could be incorporated into the system. Moreover, new diseases could be introduced
in addition to using more data to predict diseases. Adopting more advanced models for machine learning, like deep
learning models, would also enable the realization of this objective. Furthermore, another important thing that must be
considered is extending this system towards predicting diseases in real time using Electronic Health Record (EHR) and
health information from wearable devices [8].

VIII. ACKNOWLEDGMENT

The authors would like to express sincere gratitude to the faculty and management of Ballari Institute of Technology and
Management for providing the necessary resources and support for this research work. Special thanks are also due to the
reviewers for their valuable comments and suggestions that helped improve the quality of this paper.

© 2025,IRJET | ImpactFactorvalue:8.315 | 1SO09001:2008 Certified Journal | Page1212



’,/ International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056
JET Volume: 13 Issue: 04 | Apr 2026 www.irjet.net p-ISSN: 2395-0072

REFERENCES

[1] A. Singh, A. Yadav, S. Shah, and R. Nagpure, "Multiple disease prediction system,” International Research Journal of
Engineering and Technology (IRJET), vol. 9, no. 3, pp. 1697 1701, 2022.

[2] J. Visumathi, T. D. V. R. Reddy, V. Abhinandhan, and P. A. Kumar, “Multi-disease prediction using machine learning
algorithm,” International Journal for Research in Applied Science & Engineering Technology, vol. 11, no. IV, pp. 447-453,
2023.

[3] Mohit, Indukuri, K. Kumar, U. Reddy, and B. Kumar, “An approach to detect multiple diseases using a machine learning
algorithm,” Journal of Physics: Conference Series, vol. 2089, p. 012009, 2021.

[4] D. Mandem and B. Prajna, “Multi-disease prediction system,” International Journal for Innovative Research in
Technology, vol. 8, no. 6, pp. 504-509, 2021.

[5] S. T. Himi, N. T. Monalisa, M. Whaiduzzaman, A. Barros, and M. S. Uddin, “MedAi: A smartwatch-based application
framework for the prediction of common diseases using machine learning,” IEEE Access, vol. 11, pp. 12342-12359, 2023.

[6] A. Kumar, K. U. Singh, and M. Kumar, “A clinical data analysis based diagnostic systems for heart disease prediction
using ensemble method,” Big Data Mining and Analytics, vol. 6, no. 4, pp. 513-525, Dec. 2023.

[7] S. K. Nayak, M. Garanayak, S. K. Swain, S. K. Panda, and D. Godavarthi, “An intelligent disease prediction and drug
recommendation prototype by using multiple approaches of machine learning algorithms,” IEEE Access, vol. 11, pp. 99304
99318, 2023. This work has been previously shared as a preprint on Zenodo (DOI: 10.5281/zenodo.19606444)

© 2025,IRJET | ImpactFactorvalue:8.315 | 1SO09001:2008 Certified Journal | Page1213



