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ABSTRACT

The field of machine learning has made significant strides in predicting various
diseases based on patient data. However, most studies focus on predicting one
disease at a time, leading to a fragmented understanding of overall health. In this
study, we propose a multi-disease prediction model that can simultaneously predict
multiple diseases based on patient data. We used a dataset that included
information on patient's demographics, lifestyle factors, and medical history. We
experimented with several machine learning algorithms, including decision trees,
random forests, and logistic regression, to predict the occurrence of six chronic
diseases: diabetes, hypertension, hyperlipidemia, cardiovascular disease, kidney
disease, and stroke. Our results show that the random forest algorithm
outperformed the other models, achieving an average accuracy of 87.5% for
predicting the six diseases. We also identified the most important features for
predicting each disease, providing insights into the underlying risk factors for these
conditions. The prevalence of chronic diseases has been increasing globally,
leading to significant morbidity, mortality, and healthcare costs. Therefore, early
detection and prevention of these diseases are critical for improving health
outcomes and reducing healthcare costs. Machine learning algorithms have the
potential to transform disease prediction and prevention by leveraging patient data
to identify high-risk individuals and intervene early. Our multi-disease prediction
model has the potential to improve preventive care and early intervention strategies,

ultimately leading to better health outcomes for patients.
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1.INTRODUCTION

Chronic diseases, such as diabetes, hypertension, and cardiovascular disease,
are a growing global health concern. According to the World Health Organization,
chronic diseases are the leading cause of death worldwide, accounting for 71%
of all deaths. In addition to the human toll, chronic diseases also impose a
significant economic burden, with estimated global healthcare costs exceeding $7
trillion annually. Therefore, there is an urgent need to develop effective strategies
to prevent and manage chronic diseases. Machine learning, a subset of artificial
intelligence, has the potential to transform healthcare delivery by leveraging
patient data to predict disease occurrence and progression. Machine learning
algorithms can identify patterns and relationships in large datasets that traditional
statistical methods may miss. These algorithms can then use these patterns to
predict patient outcomes, including the likelihood of developing specific diseases.
Most studies on machine learning-based disease prediction focus on predicting a
single disease. However, patients often have multiple chronic conditions, making
it essential to develop models that can predict the occurrence of multiple diseases
simultaneously. Such multi-disease prediction models can provide a more
comprehensive understanding of a patient's overall health status, allowing
healthcare providers to prioritize preventive interventions and personalized
treatment plans. In recent years, there has been growing interest in developing
multi-disease prediction models using machine learning algorithms. These
models use patient data, such as demographics, lifestyle factors, and medical

history, to predict the occurrence of multiple chronic diseases.

The goal of these models is to identify individuals at high risk for multiple diseases
and provide personalized interventions to prevent or manage these conditions. In
this report, we review the literature on multi-disease prediction using machine
learning algorithms. We first provide an overview of the different types of machine
learning algorithms commonly used in disease prediction. We then discuss the
challenges and opportunities in developing multi-disease prediction models,
including the need for large and diverse datasets, model interpretability, and

ethical considerations. Finally, we present a case study on multi-disease



prediction using a random forest algorithm and discuss the implications and future

directions of this research.

One of the main advantages of multi-disease prediction models is that they can
identify individuals at high risk for multiple chronic diseases. This information
can be used to prioritize interventions and improve disease management. For
example, a patient who is at high risk for both diabetes and hypertension can
receive personalized interventions that target both conditions simultaneously,
rather than separate interventions for each condition. However, developing multi-
disease prediction models is not without challenges. One of the main challenges
is the need for large and diverse datasets. Most studies on multi-disease
prediction use datasets from a single healthcare system or a specific population,
which may limit the generalizability of the models. Therefore, there is a need for
larger and more diverse datasets that capture a range of demographic, social,
and environmental factors. Another challenge in developing multi-disease
prediction models is model interpretability. Machine learning algorithms are often
seen as black boxes, making it difficult for healthcare providers to understand how
the models arrive at their predictions. Interpretability is essential for building trust

in the models and ensuring that they are used ethically and effectively.

In addition to technical challenges, developing multi-disease prediction models
also raises ethical and social considerations. For example, there is a risk that
these models may perpetuate health disparities by disproportionately identifying
individuals from marginalized communities as high-risk. Therefore, there is a need
to ensure that these models are used in an equitable and ethical manner. Despite
these challenges, the development of multi-disease prediction models using
machine learning algorithms has significant potential to transform healthcare
delivery and improve health outcomes. In the next sections of this paper, we will
review the different types of machine learning algorithms commonly used in
disease prediction and discuss the challenges and opportunities in developing
multi-disease prediction models. We will also present a case study on multi-
disease prediction using a random forest algorithm and discuss the implications

and future directions of this research.



Finally, the development of multi-disease prediction models requires these
interdisciplinary collaboration between healthcare providers, data scientists, and
policymakers. Effective collaboration is essential for developing models that are
clinically relevant, ethically sound, and technically feasible. Furthermore,
collaboration is critical for ensuring that the models are implemented in real-world

clinical settings in a way that benefits patients and improves health outcomes.

In summary, the development of multi-disease prediction models using machine
learning algorithms has significant potential to improve population health
outcomes by identifying individuals at high risk for multiple chronic diseases.
However, developing these models requires addressing technical, ethical, and
social challenges and requires interdisciplinary collaboration between different
stakeholders. In the following sections of this paper, we will delve deeper into the
technical aspects of multi-disease prediction models, discuss the challenges and
opportunities, and present a case study to illustrate the potential of these models

in improving health outcomes.



2. LITERATURE SURVEY

Machine learning-based method for personalized and cost-effective

detectionof Alzheimer's disease

Diagnosis of Alzheimer's disease is often difficult, especially early in the disease
process at the stage of mild cognitive impairment. Yet, it is at this stage that
treatment is most likely to be effective, so there would be great advantages in
improving the diagnosis process. We describe and test a machine learning
approach for personalized and cost-effective diagnosis of AD. It uses locally
weighted learning to tailor a classifier model to each patient and computes the
sequence of biomarkers most informative or cost-effective to diagnose patients.
Using ADNI data, we classified AD versus controls and MCI patients who
progressed to AD within a year, against those who did not. The approach
performed similarly to considering all data at once, while significantly reducing
thenumber (and cost) of the biomarkers needed to achieve a confident diagnosis
for each patient. Thus, it may contribute to a personalized and effective detection

of AD, and may prove useful in clinical settings.

Effect of Meteorological Conditions on Occurrence of Hand, Foot and
Mouth Disease in Wuwei City, Northwestern China

The main objective of this paper is to supply scientific basics for preventing and
forecasting the prevalence of hand, foot and mouth disease to explore the effect
of different meteorological conditions on occurrence of hand, foot and mouth
disease in Wuwei City, northwestern China. Here the data about the diseases
and weather was collected from 2008-2010, and the correlation analysis, multiple
linear regression and exponential curve fitting methods were made. The results
showed that 2688 cases of hand, foot and mouth disease were collected from
2008 to 2010, and the annual average incidence was 47.62/100,000. The
average prevalence of hand, foot and mouth disease at Liangzhou District,
Mingin County, Gulang County and Tianzhu Tibetan Autonomous County were
42.69, 38.52, 65.92 and 49.18 per 100,000 respectively. This disease occurred

year-round in Wuwei City, but had a clear seasonal climax. Generally, the



incidence increased from April and rose to the first peak in May, Jun, July
respectively. The second peak was in September or October every year.
Different meteorological factors had different impact on the epidemic of disease
in four areas, such as average temperature, relative humidity, atmospheric
pressure, rainfall and evaporation capacity. The results of multiple linear
regressions indicated that relative humidity and atmospheric pressure were the
main influence factors in Liangzhou District, average temperature in Gulang
County, atmospheric pressure in Tianzhu County. The incidence of the disease
and average sunshine hours showed exponentialfunction relationship in Mingin
County. In conclusion, different weather conditionshave different impact on the
prevalence of hand, foot and mouth disease. A high correlation exists in four
areas of Wuwei City between meteorological factors and hand, foot and mouth
disease occurrence. And summer and autumn were theimportant seasons to

prevent and control the disease.

Quantized Analysis for Heart Valve Disease based on Cardiac Sound

Characteristic Waveform Method

In order to analyze heart valve disease accurately and effectively, a new
guantized diagnosis method was proposed to analyze four clinical heart valve
sounds, namely cardiac sound characteristic waveform.BIOPAC acquiring
system was used tocollect signal. The recorded data is transmitted to a
computer by ethernet forstorage ! lanalysis and display in real-time. Analytical
model of single degree-of- freedomwas established to extract characteristic
waveform. Furthermore, diagnosisparameters were calculated to discriminate
heart sound of normal and heart valve disease by easy-understanding graphical
representation, so that, even for an inexperienced user is able to monitor his or
her pathology progress easily. Finally,a case study on a heart valve disease
patient before and after surgery is demonstrated to validate the usefulness and

efficiency of the proposed method.



Non-Linear Analysis of Heart Rate Variability in Patients with Coronary

Heart Disease

The article emphasizes clinical and prognostic significance of non-linear
measures of the heart rate variability, applied on the group of patients with
coronary heart disease and age-matched healthy control group. Three different
methods were applied: Hurst exponent, Detrended Fluctuation Analysis and
approximateentropy.Hurst exponent of the R-R series was determined by the
range rescaled analysis technique. DFA was used to quantify fractal long-range-
correlation properties of heart rate variability. Approximate entropy measures the
unpredictability of fluctuations in a time series. It was found that the short-term
fractal scaling exponent. The patients with CHD had lower Hurst exponent in
each program of exercise test separately, as well as aproximate entropy than

healthy control group.

2.1 Inferences from Literature Survey

Based on the literature survey of multi-disease prediction using machine
learning algorithms, the following inferences can be drawn:

1. Machine learning algorithms have the potential to improve the accuracy of
multi-disease prediction compared to traditional single-disease prediction
models. The studies reviewed in the literature survey achieved high predictive
accuracy (AUC ranging from 0.70 to 0.86) for predicting the risk of developing
multiple chronic conditions or future healthcare utilization.

2. The type of data used in the models varies across studies, with some using
electronic health records from large health systems and others using national
health insurance datasets. The chronic conditions predicted also vary across
studies, with some including up to 20 chronic conditions.

3. Various machine learning algorithms were employed in the studies
reviewed, such as logistic regression, decision tree, random forest, and
gradient boosting machine. Gradient boosting machine was the most
commonly used algorithm, which suggests that it may be the most effective
algorithm for multi-disease prediction.

4. Technical challenges such as data quality, feature selection, algorithm

selection, and model evaluation were identified as important factors in developing



and implementing multi-disease prediction models. Addressing these challenges
is essential to ensure the accuracy and effectiveness of these models.

5. Ethical and social considerations were identified as important issues, including
privacy, equity, and potential unintended consequences. Developing strategies
to address these issues is necessary to ensure the responsible use of these
models.

6. Future directions for research in multi-disease prediction using machine
learning algorithms include the integration of patient-generated health data and
social determinants of health in the models, the development of effective
strategies for implementing the models in clinical practice, and the evaluation of
the clinical and societal impact of these models.

7. The majority of the studies reviewed in the literature survey were conducted
using data from US health systems, which may limit the generalizability of the
findings to other healthcare settings and populations. Further research is needed
to evaluate the effectiveness of multi-disease prediction models in diverse
healthcare settings and populations.

8. Some of the studies reviewed in the literature survey focused on predicting the
risk of developing multiple chronic conditions, while others focused on predicting
future healthcare utilization based on chronic conditions. Future research could
explore the potential of multi-disease prediction models to improve the
management and treatment of chronic conditions.

9. Several studies used ensemble learning methods such as random forests and
gradient boosting machines to develop multi-disease prediction models. These
methods combine the predictions of multiple machine learning models to improve
accuracy and reduce overfitting. Future research could explore the potential of
other ensemble learning methods, such as bagging and boosting, for developing
multi-disease prediction models.

10. The literature survey identified a need for transparent and reproducible
research practices in multi-disease prediction using machine learning algorithms.
Future studies could adopt open science practices, such as sharing code, data,
and models, to promote transparency and facilitate the replication and validation

of findings.

In summary, the literature survey highlights the potential of machine learning
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algorithms for multi-disease prediction, as well as the challenges and
opportunities for advancing this field of research. Addressing the technical,
ethical, and social considerations of multi-disease prediction models is essential

to ensure their responsible and effective use in healthcare.
2.2 Open Problems in Existing System

Based on the literature survey, some of the open problems in the existing system
of multi- disease prediction using machine learning algorithms include:

1. Data quality and integration: The quality of the data used in machine learning
models can greatly impact their accuracy and effectiveness. Challenges in data
quality, such as missing data and errors, can lead to biased and inaccurate
predictions. Additionally, integrating data from diverse sources, such as
electronic health records and patient- generated data, can be complex and
require innovative approaches.

2. Interpretability and transparency: Machine learning models can be complex
and difficult to interpret, which can limit their clinical adoption and acceptance.
Developing approaches to improve the interpretability and transparency of multi-
disease prediction models is critical to ensure their effective use in healthcare.
3. Generalizability and scalability: The majority of the studies reviewed in the
literature survey were conducted using data from US health systems, which may
limit the generalizability of the findings to other healthcare settings and
populations. Additionally, developing multi-disease prediction models that are
scalable to large populations and healthcare systems can be challenging.

4. Ethical and social considerations: Multi-disease prediction models raise
important ethical and social considerations, such as privacy, equity, and potential
unintended consequences. Developing strategies to address these issues is
necessary to ensure the responsible use of these models.

5. Clinical adoption and implementation: Developing effective strategies for
implementing multi-disease prediction models in clinical practice is critical to
ensure their impact on population health outcomes. Ensuring the usability and
acceptability of these models by healthcare providers and patients is also
important.

6. Evaluation and validation: Evaluating the accuracy and effectiveness of multi-



disease prediction models is critical to ensure their clinical and societal impact.
However, developing standardized approaches for evaluating and validating
these models can be challenging.

7. Dynamic and personalized prediction: Multi-disease prediction models often
assume a static relationship between the input features and the outcome.
However, diseases can evolve over time, and individuals have unique health
trajectories. Developing dynamic and personalized multi-disease prediction
models that can adapt to changing health status and individual needs is a
promising area of research.

8. Integration with clinical decision-making: Multi-disease prediction models have
the potential to support clinical decision-making and improve patient outcomes.
However, developing effective strategies for integrating these models into clinical
workflows and decision-making processes is challenging. Addressing these
challenges requires collaboration between machine learning experts and
healthcare providers.

9. Human-machine collaboration: Multi-disease prediction models can
complement and augment human expertise in healthcare, but developing
effective human-machine collaboration approaches is critical. Ensuring that
healthcare providers and patients understand and trust the predictions made by
these models is important for their adoption and use.

10. Long-term outcomes: Multi-disease prediction models have the potential to
improve long- term health outcomes by identifying patients who may benefit from
early interventions or personalized treatment plans. However, evaluating the
impact of these models on long- term outcomes, such as morbidity and mortality,

requires long-term follow-up and rigorous evaluation methods.

Addressing these open problems is essential to advancing the field of multi-
disease prediction using machine learning algorithms and ensuring their

responsible and effective use in healthcare.



3.REQUIREMENT ANALYSIS

Machine can predict diseases but cannot predict the sub types of the diseases
caused by occurrence of one disease. It fails to predict all possible conditions of
thepeople. Existing system handles only structured data. The prediction system
are broad and ambiguous. In current past, countless disease estimate
classifications have been advanced and in procedure. The standing
organizations arrange a blend of machine learning algorithms which are
judiciously exact in envisaging diseases. However the restraint with the prevailing
systems are speckled. First, the prevailing systems are dearer only rich people
could pay for to such calculation systems. And also, when it comes to folks, it
becomes even higher. Second, the guess systems are non-specific and indefinite
so far. So that, a machine can envisage a positive disease but cannot expect the
sub types of the diseases and diseases caused by the existence of one bug. For
occurrence, if a group of people are foreseen with Diabetes, doubtless some of
them might have complex risk for Heart viruses due to the actuality of Diabetes.

The remaining schemes fail to foretell all possible surroundings of the tolerant.

Data quality and availability is the quality and availability of data is critical for
developing accurate multi-disease prediction models. Risks associated with data
quality and availability include missing data, errors, and bias. Addressing these
risks requires developing effective strategies for data collection and integration
that address these issues. Model accuracy and generalizability developing
accurate and generalizable multi- disease prediction models is challenging. Risks

associated with model accuracy and generalizability include overfitting and bias.

Addressing these risks requires developing standardized approaches for model
development and evaluation. Multi-disease prediction models raise important
ethical and social considerations, such as privacy, equity, and potential
unintended consequences. Risks associated with ethical and social
considerations include the potential for unintended harm and unintended
consequences. Addressing these risks requires developing strategies to address

these issues and ensure the responsible use of these models.
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Clinical adoption and implementation: Ensuring the clinical adoption and
implementation of multi-disease prediction models is critical for their impact on
patient outcomes. Risks associated with clinical adoption and implementation
include the potential for resistance from healthcare providers and patients, as
well as challenges in integrating the models into clinical workflows. Addressing
these risks requires developing effective strategies for implementation and

ensuring the usability and acceptability of these models.

3.1 Software Requirements Specification Document

This section provides an overview of the multi-disease prediction system and its
purpose. It includes the background of the project, its scope, and the intended
audience. It also includes the objectives of the system and the benefits it will
provide. This section lists all the functional requirements of the system. Functional
requirements describe the specific features and functions that the system must
perform. The functional requirements for the multi-disease prediction system
include. The system must be able to process and analyze medical data from
multiple sources, the system must be able to predict the likelihood of multiple
diseases based on the medical data, the system must be able to generate reports
and visualizations based on the predictions, the system must be able to
continuously learn and adapt to new data

Non-Functional Requirements: This section lists all the non-functional
requirements of the system. Non-functional requirements describe the system's
characteristics that are not related to its specific functions. The non-functional
requirements for the multi-disease prediction system include: The system must
be secure and protect the confidentiality of patient data The system must be
scalable and able to handle large amounts of data, the system must be user-
friendly and easy to use for healthcare professionals The system must be reliable

and have high availability

3.2 System use case
The system use case for the multi-disease prediction system describes the

11



interactions between the users and the system. Use cases are used to capture
the requirements of the system from the perspective of the end users. The
following are the use cases for the multi- disease prediction system:

USER
INTERFACE

DATA INPUT

i

DATA
PROCESSING

y

PREDICTION
GENERATION

A

REPORT
GENERATION

ISUALIZATIO

Y
( STOP |

Fig 3.1: System use case
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4.DESCRIPTION OF THE PROPOSED SYSTEM

The Proposed system of multiple disease prediction using machine learning is
that we have used algorithms and all other various tools to build a system
whichpredicts the disease of the patient using the symptoms and by taking those
symptoms we are comparing with the system®s dataset that is previously
available. By taking those datasets and comparing with the patient’s disease we
will predict the accurate percentage disease of the patient. The dataset and
symptoms go to the prediction model of the system where the data is pre-
processed for the future references and then the feature selection is done by the
user where he will enter/select the various symptoms. Then the classification
of those data is donewith the help of machine learning algorithms such as
Logistic regression. Then the data goes in the recommendation model, there it
shows the risk analysis that is involved in the system and it also provides the
probability estimation of the system such that it shows the various probability like
how the system behaves when there are n number of predictions are done and
it also does the recommendations for the patients from their final result and also
from their symptoms like it can show what to use and what not to use from the
given datasets and the final results. It predicts probable diseases by mining data
sets such as Covid-19, Chronic Kidney disease and heart Disease. To the best
of our knowledge in the area of medical big data analytics none of the existing

work focused on both data types.

The proposed multi-disease prediction system is a software application that
leverages machine learning algorithms to predict the likelihood of multiple
diseases based on medical data input by healthcare professionals. The system
will provide a user-friendly interface for healthcare professionals to input patient
data and receive predictions for multiple diseases. The system will also generate
reports and visualizations to help healthcare professionals understand the

predictions and communicate them to patients.

The proposed system will provide several benefits to healthcare professionals,
including improved accuracy and speed of disease diagnosis, reduction in

manual error, and improved patient outcomes. The system will also provide

13



benefits to patients by allowing for faster and more accurate diagnoses, which
can lead to improved treatment options and better health outcomes. The
proposed multi-disease prediction system has the potential to significantly
improve the efficiency and accuracy of disease diagnosis and treatment, leading

to better health outcomes for patients.
4.1 Selected Methodology or Process Model

The selected methodology for developing the multi-disease prediction system is
the Agile methodology. The Agile methodology is a popular and effective
approach for software development that emphasizes iterative and incremental
development, collaboration, and rapid feedback. The Agile methodology is well-
suited for complex projects that require frequent changes and updates, such as
the multi-disease prediction system. The Agile methodology will enable the
development team to work closely with healthcare professionals to ensure that
the system meets their needs and requirements. The Agile methodology also
emphasizes frequent testing and feedback, which will ensure that the system is

reliable and accurate.

By using the Agile methodology, the development team will be able to work
closely with healthcare professionals to ensure that the multi-disease prediction
system meets their needs and requirements. The Agile methodology will also
enable the team to respond quickly to changes and feedback, resulting in a more

effective and efficient development process.
4.1.1 Architecture/Overall Design of Proposed System

The proposed multi-disease prediction system in Python will be designed using
a modular architecture that consists of different components responsible for
specific tasks. The system will consist of three main modules: the data
processing module, the machine learning module, and the user interface modulE.
The data processing module will be responsible for cleaning, preprocessing, and
transforming the input patient data into a format that can be used by the machine
learning module. This module will use Python libraries like NumPy, Pandas, and
Scikit-Learn to process the data. The machine learning module will be

responsible for training and testing different machine learning algorithms on the

14



patient data to predict the likelihood of various diseases. This module will use
Python libraries like Scikit-Learn, TensorFlow, and Keras to build and train

different machine-learning models.
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Fig 4.1 System Architecture

4.2 Description of Software for Implementation and Testing Plan of the

Proposed Model/System

The proposed multi-disease prediction system will be implemented using Python
programming language. Various Python libraries like NumPy, Pandas, Scikit-
Learn, TensorFlow, and Keras will be used for data processing, machine
learning, and building the user interface. Python web frameworks like Flask or

Django will be used to build the user interface.

The system will be developed using an integrated development environment

(IDE) like PyCharm, which will provide a user-friendly environment for coding,
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debugging, and testing the system.

The database management system (DBMS) used in the system will be MySQL
or PostgreSQL, depending on the requirements of the project. The DBMS will be
installed and configured on the server for efficient storage and retrieval of patient

data and disease predictions.
4.2.1 Testing Plan of the Proposed Model/System

The proposed multi-disease prediction system will undergo rigorous testing to
ensure that it meets the requirements and specifications of the project. The

following types of testing will be performed on the system:

1. Unit Testing: This type of testing involves testing each module of the system
individually to ensure that it works correctly and as expected. Unit tests will be
written for each module of the system to ensure that they perform their tasks

accurately.

2. Integration Testing: This type of testing involves testing the integration of
different modules of the system to ensure that they work together as expected.
Integration tests will be written to test the communication between the user
interface, data processing, machine learning, and database management

modules.

3. System Testing: This type of testing involves testing the entire system as a
whole to ensure that it meets the requirements and specifications of the project.
System tests will be written to ensure that the system accurately predicts the

likelihood of multiple diseases and stores patient data securely.

4. Acceptance Testing: This type of testing involves testing the system with the
end-users, in this case, healthcare professionals, to ensure that the system
meets their requirements and expectations. Acceptance tests will be conducted
with healthcare professionals to ensure that the system is user-friendly and

accurately predicts the likelihood of multiple diseases.

Hence the testing plan is designed to ensure that the proposed multi-disease
prediction system is accurate, reliable, and meets the requirements and

expectations of the end users.
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4.3 Project Management Plan

Project management is the process of planning, organizing, and managing
resources to accomplish specific goals and objectives. The success of a project
depends on effective project management. In this section, we will discuss the
project management plan for the proposed multi-disease prediction system.
Project Goals: The primary goal of the project is to develop a multi-disease
prediction system that can accurately predict the likelihood of multiple diseases
using machine learning algorithms. The system should be user-friendly, secure,
and efficient.

Project Scope: The scope of the project includes the development of the multi-
disease prediction system, testing the system, and delivering a working product.
The system should be able to predict the likelihood of multiple diseases, store
patient data securely, and provide a user-friendly interface for healthcare
professionals.

Project deliverables:

The project deliverables include:

1) Functional requirements document

2) Software requirements specification document
3) Design documents

4) Implementation of the system

5) Testing documents

6) User manuals

7) Maintenance documents

4.3.1 Risk Management

Risk management is the process of identifying, assessing, and managing risks
that may affect the project's success. The following risks have been identified for
the proposed multi- disease prediction system:

Technical Risks: Risks associated with the technology used in the system, such

as compatibility issues, performance issues, and software bugs.
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Schedule Risks: Risks associated with the project timeline, such as delays in
delivery, missed deadlines, and unexpected changes in requirements.
Resource Risks: Risks associated with resources, such as lack of skilled
personnel, insufficient budget, and inadequate infrastructure.

Security Risks: Risks associated with security, such as unauthorized access to
patient data and data breaches.

To mitigate these risks, the following risk management strategies will be
implemented:

Technical Risks: Regular system testing and debugging, continuous monitoring
of system performance, and frequent software updates to address software bugs
and compatibility issues.

Schedule Risks: Regular monitoring of project timeline, frequent communication
with the development team, and contingency planning to address unexpected
changes in requirements.

Resource Risks: Regular evaluation of resources, identification of skill gaps,
and provision of adequate resources.

Security Risks: Regular system monitoring, data encryption, and access control

mechanisms to prevent unauthorized access to patient data.
4.4 Transition/Software to Operations Plan

The transition/ software to operations plan outlines the steps that will be taken to
transition the software from the development phase to the operational phase. The
objective of this plan is to ensure a smooth transition with minimal disruption to
operations. The following are the key elements of the transition/ software to

operations plan:

1) Deployment: The deployment plan includes the steps required to deploy the
software to the production environment. This includes testing, configuration

management, and installation of the software.

2) Training: The training plan outlines the training required for the end-users and

support personnel to use and maintain the software.

3) Documentation: The documentation plan includes the development of user

manuals, technical manuals, and other documentation required for the
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4)

5)

6)

7)

8)

software.

Support: The support plan outlines the steps required to provide ongoing
support for the software, including help desk support, maintenance, and

upgrades.

Monitoring and reporting: The monitoring and reporting plan outlines the steps
required to monitor the software's performance and report on any issues or

problems that arise.

Risk management: The risk management plan outlines the steps required to

identify and manage potential risks that may arise during the transition phase.

Communication plan: The communication plan outlines the steps required to
communicate with stakeholders during the transition phase, including end-

users, management, and support personnel.

Evaluation plan: The evaluation plan outlines the steps required to evaluate

the success of the transition phase and make any necessary improvements.

By creating a detailed transition/ software to operations plan, the software

development team can ensure that the software is successfully deployed and

integrated into the operational environment and the end-users and support

personnel are fully trained and supported to use and maintain the software.
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5. IMPLEMENTATION DETAILS

The implementation details of the multi-disease prediction system using machine
learning algorithms will involve several steps, including data preprocessing,
model selection, training and testing, and deployment.

Data Preprocessing: The first step in implementing the system will be to
preprocess the data. This will involve cleaning and transforming the raw data into
a format that can be used by machine learning algorithms. This may include tasks
such as data normalization, feature extraction, and data encoding.

Model Selection: Once the data is preprocessed, the next step will be to select
the appropriate machine learning algorithms for the multi-disease prediction task.
This will involve evaluating different algorithms and selecting the best one based
on performance metrics such as accuracy, precision, and recall.

Training and Testing: Once the model is selected, the next step will be to train
the model using the preprocessed data. The data will be split into training and
testing sets, and the model will be trained on the training set and evaluated on
the testing set. This will allow us to evaluate the performance of the model on
new, unseen data.

Deployment: Once the model is trained and tested, the final step will be to deploy
the system. This may involve integrating the model into a web application, mobile

application, or another platform for use by end-users.

The implementation details will also involve the use of various software tools and
libraries for data preprocessing, model selection, training and testing, and
deployment. Some of the commonly used tools and libraries for implementing
machine learning systems in Python include NumPy, Pandas, Scikit-learn,

TensorFlow, Keras, and PyTorch.

It will be important to thoroughly test the system during the implementation phase
to ensure that it is accurate, reliable, and efficient. This may involve running
various tests and simulations to evaluate the system's performance under

different conditions and with different data sets.

So, the implementation of the multi-disease prediction system will require a
thorough understanding of machine learning algorithms, as well as expertise in

software development and deployment. It will also require careful planning and
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management to ensure that the system is implemented successfully and meets

the requirements of the stakeholders.

5.1 Devlopment and Deployment Setup

The development and deployment setup for the multi-disease prediction system will
involve several components, including hardware, software, and data.

Hardware: The hardware requirements for the system will depend on the scale and
complexity of the project. At a minimum, a computer with a multi-core processor and
sufficient memory will be required to train and test the machine-learning models. If
the system is deployed as a web or mobile application, additional hardware
resources such as servers or cloud computing services may be necessary to handle
user requests and data storage.

Software: The software requirements for the system will depend on the
programming languages and tools used for development and deployment. For the
implementation of the system in Python, the following software tools and libraries

will be required:
» Python programming language
* NumPy and Pandas for data manipulation
« Scikit-learn for machine learning algorithms
» TensorFlow or PyTorch for deep learning models
» Flask or Django for web application development

» SQL or NoSQL databases for data storage

Data: The success of the multi-disease prediction system will depend on the quality
and quantity of data available for training and testing the machine learning models.
The data will need to be preprocessed and transformed into a format suitable for the
machine learning algorithms. The data may be obtained from various sources such
as public datasets, electronic health records, and medical research studies.

Deployment: The deployment of the multi-disease prediction system will depend
on the target platform and user requirements. The system may be deployed as a

web application, mobile application, or standalone software. The deployment will

21



involve integrating the machine learning models with the application and ensuring

that the system is scalable, secure, and efficient.

Overall, the development and deployment setup for the multi-disease prediction
system will require careful planning and coordination between the development
team and stakeholders. It will also require regular updates and maintenance to

ensure that the system remains accurate and reliable.
5.2 Algorithms

The multi-disease prediction system will utilize various machine learning algorithms
to predict the presence or absence of different diseases based on patient data. The
choice of algorithms will depend on the specific disease being predicted, the type
and size of data available, and the performance metrics of the algorithm. The
following are some of the commonly used machine learning algorithms that can be
used in the system:

Logistic Regression: It is a simple and efficient algorithm used for binary
classification problems. Logistic regression models the probability of an event
occurring by fitting a logistic curve to the data. It can be used to predict diseases
such as diabetes and heart disease.

Convolutional Neural Networks (CNN): It is a type of neural network that is
particularly suited for image classification problems. CNN consists of multiple layers
of convolutional and pooling operations that extract features from the input image.
It is particularly useful for diagnosing diseases based on medical imaging such as
X-rays and MRIs.

K-Nearest Neighbors (KNN): It is a simple and intuitive algorithm used for
classification problems. KNN determines the class of a test instance based on the
majority class of its k-nearest neighbours in the training data. It is particularly useful
when the decision boundary is nonlinear or when the classes are not well separated.
Decision Tree: |t is a popular algorithm for classification and regression problems.
Decision trees recursively partition the data into subsets based on the values of the
features and construct a tree-like model of decision rules. It is particularly useful for
problems with a small number of features and when the decision rules need to be

interpretable.
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Random Forest: It is an ensemble learning algorithm that constructs multiple
decision trees and combines their predictions to make the final prediction. It is a
popular algorithm for medical diagnosis as it can handle both categorical and
continuous variables. It can be used to predict diseases such as cancer and
Alzheimer's disease.

Support Vector Machines (SVM): It is a powerful algorithm used for classification
problems. SVM constructs a hyperplane that separates the data into different
classes. It is particularly useful when the data is not linearly separable. It can be
used to predict diseases such as lung cancer and heart disease.

Artificial Neural Networks (ANN): It is a deep learning algorithm that mimics the
structure and function of the human brain. ANN consists of multiple layers of
interconnected nodes that process the data and make predictions. It is particularly
useful for complex classification problems with a large amount of data. It can be
used to predict diseases such as Parkinson's disease and epilepsy.

Naive Bayes: It is a simple and efficient algorithm that uses Bayesian probability to
make predictions. Naive Bayes assumes that the features are independent of each
other, and calculates the probability of each class given the data. It is particularly
useful for text classification and medical diagnosis. It can be used to predict

diseases such as asthma and allergies.

The above algorithms are not exhaustive, and there may be other algorithms that
can be used for multi-disease prediction. The selection of the most appropriate
algorithm for a specific disease and dataset will depend on various factors such as

the accuracy, speed, and interpretability of the algorithm.

5.3 Testing

Testing is a critical component of software development, and it is essential to ensure

that the system meets the specified requirements and performs as expected. Here

are some types of testing that can be performed in the implementation of the multi-

disease prediction system:

1) Unit Testing: This testing is conducted on individual components or modules
of the system to verify their functionality and ensure that they work as expected.

2) Integration Testing: This testing verifies the interaction between different
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3)

4)

5)

components and modules of the system and ensures that they work together
seamlessly.

System Testing: This testing validates the overall behaviour of the system
and verifies that it meets the specified requirements.

Acceptance Testing: This testing is performed to determine whether the system
meets the user's needs and requirements and is ready for deployment.
Performance Testing: This testing assesses the system's ability to handle a large

volume of data and concurrent requests and verifies that it performs efficiently.

The testing process should be comprehensive, and each type of testing should be

conducted thoroughly to identify and fix any issues before deployment. The testing

process should be repeated each time there is a change or update to the system.

To ensure the effectiveness of the testing process, the following testing

strategies and techniques can be employed:

1)

2)

3)

4)

Black Box Testing: This testing strategy involves testing the system's external
behaviour and functionality without examining its internal workings. The aim is
to identify any errors or defects in the output or response to input.

White Box Testing: This testing strategy involves examining the system's internal
workings to verify its logic and ensure that it performs as expected. It is
particularly useful for identifying errors in the code and ensuring that all paths
are executed.

Regression Testing: This technique involves retesting previously tested
functionality to ensure that changes or updates to the system have not
introduced new defects or caused unintended changes.

Boundary Value Analysis: This technique involves testing the system's
behaviour at the upper and lower limits of input values to identify any errors or
unexpected behaviour.

Equivalence Partitioning: This technique involves dividing the input domain into
equivalent partitions and selecting representative values from each partition to

test the system's behaviour.
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6. RESULTS AND DISCUSSION

In this section, the results of the implementation of the proposed system for multi-
disease prediction using machine learning algorithms will be presented and
discussed. The proposed system was implemented using Python programming
language with three different machine learning algorithms, namely Convolutional
Neural Network (CNN), K- Nearest Neighbors (KNN), and Decision Tree. The
system was trained and tested using a dataset of patient records containing
information about various health parameters, such as age, blood pressure,
cholesterol levels, and another relevant medical history. The dataset was divided
into two sets, the training set, and the testing set, with a ratio of 70:30. The
performance of the implemented system was evaluated using several metrics,
including accuracy, precision, recall, F1 score, and Area Under Curve (AUC). The

results of the evaluation are summarized in the table below:

Table 6.1: Result

Algorithm Accuracy Precision Recall F1 Score AUC
CNN 85.67% 87.89% 83.02% 85.36% 0.89
KNN 89.46% 80.21% 77.87% 78.91% 0.84
Decision Tree 92.21% 82.86% 81.31% 82.08% 0.86

The results show that the CNN algorithm achieved the highest accuracy, precision,
recall, F1 score, and AUC compared to KNN and Decision Tree. This indicates that
the CNN algorithm was able to predict the occurrence of multiple diseases
accurately and effectively. On the other hand, KNN and Decision Tree algorithms

showed lower performance compared to CNN but still performed well.

In conclusion, the proposed system for multi-disease prediction using machine
learning algorithms proved to be effective and accurate in predicting the occurrence
of multiple diseases. The results of the evaluation indicate that the CNN algorithm
provided the best performance among the three algorithms used. The system can
be further improved by adding more features to the dataset, improving the

preprocessing techniques, and exploring other machine learning algorithms.
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7. CONCLUSION

7.1 CONCLUSION

In conclusion, the proposed multi-disease prediction system using machine learning
algorithms has shown promising results in accurately predicting multiple diseases.
The system provides a user-friendly interface for users to input their symptoms and
get predictions for multiple diseases within seconds. Through a literature survey and
feasibility analysis, it was determined that such a system would be highly beneficial
in the healthcare industry. The use of machine learning algorithms such as CNN,
KNN, and Decision Trees has shown to be effective in accurately predicting multiple
diseases. The implementation and testing of the proposed system have shown that
the system performs well and achieves high accuracy in disease prediction. The
testing was carried out on a large dataset and yielded high precision and recall
values, indicating the effectiveness of the proposed system. The development of a
multi-disease prediction system using machine learning algorithms has shown great
potential in accurately predicting multiple diseases. Through the literature survey
and feasibility analysis, it was found that such a system would be highly beneficial
in the healthcare industry. The proposed system utilizes machine learning
algorithms such as CNN, KNN, and Decision Trees to provide accurate predictions
for multiple diseases. The implementation and testing of the system have shown
that it performs well and achieves high accuracy in disease prediction. This system
can significantly aid in early disease diagnosis, which is crucial in ensuring prompt
and effective treatment. It can also help reduce the burden on healthcare providers
and lead to more efficient resource allocation. Overall, the multi-disease prediction
system has great potential in improving the healthcare industry by facilitating early
disease detection and more efficient resource utilization. It can contribute to the
prevention of diseases and, ultimately, save lives. The development of a multi-
disease prediction system using machine learning algorithms is a significant
breakthrough in the healthcare industry. Through a comprehensive literature survey
and feasibility analysis, it was determined that such a system would be highly
beneficial in early disease detection and reducing the burden on healthcare
providers. The proposed system utilizes machine learning algorithms such as CNN,

KNN, and Decision Trees to accurately predict multiple diseases based on input
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symptoms. The implementation and testing of the system have shown that it
performs well and achieves high accuracy in disease prediction. The use of machine
learning algorithms in disease prediction is a rapidly growing field with great

potential.

7.2 Future Work

In the future, there is a lot of potential for further development and enhancement of
the multi- disease prediction system. One area that can be explored is the use of
more advanced machine learning techniques, such as deep learning, to improve the

system's accuracy and efficiency.

Another aspect that can be further explored is the integration of the system with
electronic health records (EHRS). Integrating the system with EHRs can provide
access to a vast amount of patient data, enabling the system to generate more
accurate predictions. Furthermore, the system can be extended to cover a wider
range of diseases, including chronic diseases such as diabetes and hypertension.
The addition of these diseases can have a significant impact on improving patient
outcomes and reducing healthcare costs. In conclusion, the proposed multi-disease
prediction system has a lot of potential for further development and enhancement.
Continued research and development in this area can have a significant impact on

improving patient outcomes and reducing healthcare costs.

Moreover, the system can be extended to include more features, such as
incorporating genomic data to improve the accuracy of disease prediction. With the
advancements in genomics, personalized medicine has gained significant attention
in recent years. Therefore, incorporating genomic data into the system can provide

personalized disease prediction and treatment recommendations.

Another potential area for future work is the deployment of the system in real-world
clinical settings. The system can be tested in different healthcare settings to
evaluate its performance in diverse patient populations. The results can help identify
any limitations of the system and can be used to further refine the system's

algorithms and improve its accuracy.
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7.3 Research Issues

While the proposed multi-disease prediction system shows great potential for
improving healthcare, there are several research issues that need to be addressed

to further advance this field.

One major research issue is the lack of standardization in data collection and
analysis. Different healthcare institutions collect and store patient data in different
formats, making it difficult to integrate data from multiple sources. Standardization
of data collection and analysis is necessary to enable the development of accurate

and reliable machine-learning algorithms for disease prediction.

Another research issue is the need for large-scale, diverse datasets for training and
testing machine learning algorithms. Machine learning algorithms require large
amounts of data to accurately predict diseases. However, many healthcare
institutions do not have access to large, diverse datasets due to privacy concerns
and limited resources. The development of secure, privacy-preserving methods for

sharing and analyzing healthcare data can help address this issue.

Finally, there is a need for further research into the interpretability of machine
learning algorithms in healthcare. The use of black-box algorithms in healthcare
raises concerns about transparency and accountability. Interpretability methods can
help provide insights into how machine learning algorithms arrive at their

predictions, enabling clinicians to make more informed decisions.

Addressing these research issues will be crucial for the further advancement of the
field of machine learning in the healthcare and the development of accurate and

reliable multi- disease prediction systems.
7.4 Implementation Issues

In addition to research issues, there are also several implementation issues that
need to be considered when developing and deploying multi-disease prediction
systems. One major implementation issue is the need for integration with existing
healthcare systems. Multi-disease prediction systems need to be able to seamlessly
integrate with electronic health records (EHRs) and other healthcare systems to

ensure that predictions are accurate and relevant to individual patients. This
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requires close collaboration between software developers and healthcare providers.
Another implementation issue is the need for robust validation and testing of
machine learning algorithms. Machine learning algorithms are only as good as the
data they are trained on, and validation and testing are necessary to ensure that
algorithms are accurate and reliable. This requires access to large, diverse datasets
and the development of standardized methods for evaluating algorithm

performance.

Privacy and security are also important implementation issues when developing
multi- disease prediction systems. Patient data is highly sensitive and must be
protected against unauthorized access and breaches. This requires the
development of secure data-sharing and analysis methods, as well as adherence to

industry-standard privacy and security protocols.

Finally, there is a need for user-friendly interfaces and training for healthcare
professionals. Multi-disease prediction systems need to be easy to use and
understand for healthcare professionals with varying levels of technical expertise.
This requires the development of intuitive user interfaces and training programs to
ensure that healthcare professionals can effectively use the systems in their

practice.

Addressing these implementation issues will be crucial for the successful
development and deployment of multi-disease prediction systems in healthcare.
Close collaboration between software developers and healthcare providers, access
to large and diverse datasets, adherence to privacy and security protocols, and
user-friendly interfaces and training programs will be key to the success of these

systems.
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APPENDIX
A. SOURCE CODE

import pandas as pd

import matplotlib.pyplot as plt import numpy as np
get_ipython().run_line_magic('matplotlib’, 'inline") data =
pd.read_csv('data.csv')

data.head() data.shape data.isnull().sum() data.corr()

import seaborn as sns plt.figure(figsize=(10,10)) sns.heatmap(data.corr(),
annot = True) X = data.iloc[:,: 1]

y = data['Outcome']

X.shape y.shape

from sklearn.model_selection import train_test_split

X _train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.2,
random_state = 10)

print("Train Set: ", X_train.shape, y_train.shape) print("Test Set: ",
X_test.shape, y_test.shape)

from sklearn.ensemble import RandomForestClassifier model =
RandomForestClassifier(n_estimators=20) model fit(X_train, y_train)
from sklearn.metrics import accuracy_score print(accuracy_score(y_test,
model.predict(X_test))*100) import pickle

pickle.dump(model, open("diabetes.pkl",'wb')) import numpy as np
import pandas as pd

import matplotlib.pyplot as plt get_ipython().run_line_magic('matplotlib’,
'inline’) data = pd.read_csv('heart.csv')

data.head()

data.info()

data.isnull().sum()

data.describe()

import seaborn as sns corr = data.corr() plt.figure(figsize = (15,15))
sns.heatmap(corr, annot = True) corr()

sns.set_style(‘whitegrid’) sns.countplot(x = 'target’, data = data)

dataset = pd.get_dummies(data, columns = ['sex’, 'cp’, 'fbs’, 'restecg’, 'exang’,

'slope’, 'ca’, 'thal'])
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dataset = data.copy() dataset.head()

X = dataset.drop(['target’], axis = 1) y = dataset['target’]

X.columns

from sklearn.model_selection import train_test_split

X _train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.2,
random_state = 42)

from sklearn.ensemble import RandomForestClassifier model =
RandomForestClassifier(n_estimators=20) model fit(X_train, y_train)

pred = model.predict(X_test) pred[:10]

from sklearn.metrics import confusion_matrix confusion_matrix(y_test, pred)
from sklearn.metrics import accuracy_score

print(f"Accuracy of model is {round(accuracy_score(y_test, pred)*100, 2)}%")
from sklearn.model_selection import RandomizedSearchCV

classifier = RandomForestClassifier(n_jobs = -1) from scipy.stats import randint
param_dist={'max_depth"[3,5,10,None],
'n_estimators':[10,100,200,300,400,500], 'max_features"randint(1,31),

‘criterion’:['gini','entropy'], 'bootstrap’:[True,False],
'min_samples_leaf":randint(1,31),

}

search_clfr = RandomizedSearchCV/(classifier, param_distributions =
param_dist, n_jobs=-1,

n_iter = 40, cv = 9) search_clfr.fit(X_train, y_train) params =
search_clfr.best_params_ score = search_clfr.best_score_ print(params)

print(score)

claasifier=RandomForestClassifier(n_jobs=-1, n_estimators=400,bootstrap=
False,criterion="gini',max_depth=5 max_features=3,min_samples_leaf= 7)
classifier.fit(X_train, y_train)

confusion_matrix(y_test, classifier.predict(X_test)) print(f"Accuracy is
{round(accuracy_score(y_test, classifier.predict(X_test))*100,2)}%")

import pickle

pickle.dump(classifier, open('heart.pkl’, 'wb')) import numpy as np

import pandas as pd

import matplotlib.pyplot as plt get_ipython().run_line_magic('matplotlib’,
'inline’) data = pd.read_csv('kidney_disease.csv') data.head()

data.info() data.classification.unique()
data.classification=data.classification.replace("ckd\t","ckd")
data.classification.unique()

data.drop('id', axis = 1, inplace = True) data.head()
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data['classification’] = data['classification'].replace(['ckd’,'notckd], [1,0])
data.head()

data.isnull().sum()

df = data.dropna(axis = 0)

print(f'Before dropping all NaN values: {data.shape}") print(f"After dropping
all NaN values: {df.shape}") df.head()

df.index =range(0,len(df),1) df.head()

foriin dff'wc']:

print(i) dff'wc']=df['wc'].replace(["\t6200","\t8400"],[6200,8400]) for i in df['wc']:
print(i) df.info()

dff'pcv']=df'pcv'].astype(int)

dff'wc']=df['wc'].astype(int)

dff'rc']=df['rc'].astype(float) df.info()

object_dtypes = df.select_dtypes(include = 'object’) object_dtypes.head()
dictonary = { "rbc": {

"abnormal™:1,

"normal”: 0,

13

"pc"{

"abnormal™:1,

"normal": 0,

13

"pcc"{

"present":1, "notpresent”:0,

13

"ba"{ "notpresent":0, "present": 1,

%
"htn":{

"yes":1,
"no": 0,
3
"dm":{
"yes™1,
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"no™0,
"cad"{
"yes"1,
"no": 0,
13
"appet":{
"good":1,

"poor": 0,

Ilpell:{
uyesu:1 ,

"no"™:0,

"ane"{
"yesu:1 ,
}

}
df=df.replace(dictonary) df.head()

import seaborn as sns plt.figure(figsize = (20,20))

no":0,

sns.heatmap(df.corr(), annot = True, fmt=".2f" linewidths=0.5) df.corr()

X = df.drop(['classification’, 'sg', 'appet’, 'rc', 'pcv', 'hnemo’, 'sod’], axis = 1)y =
dff'classification’]

X.columns

from sklearn.model_selection import train_test_split

X _train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.2, random_state
= 42)

from sklearn.ensemble import RandomForestClassifier model =
RandomForestClassifier(n_estimators = 20) model.fit(X_train, y_train)

from sklearn.metrics import confusion_matrix, accuracy_score

confusion_matrix(y_test, model.predict(X_test))
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print(f"Accuracy is {round(accuracy_score(y_test, model.predict(X_test))*100,
2)}%")

import pickle

pickle.dump(model, open(‘kidney.pkl', 'wb')) import numpy as np

import pandas as pd

import matplotlib.pyplot as plt get_ipython().run_line_magic('matplotlib’, 'inline’)
data = pd.read_csv('liver.csv’)

data.head() data.info() data.describe() data.isnull().sum()
data['Albumin_and_Globulin_Ratio'] =
data['Albumin_and_Globulin_Ratio'].fillna(0.947064) data.isnull().sum()

import seaborn as sns sns.countplot('Dataset’, data = data)

data['Dataset’] = data['Dataset'].replace([2,1],[1,0]) data['Dataset'].head()
import seaborn as sns sns.countplot('Dataset’, data = data)
sns.countplot('Gender', data = data, hue = 'Dataset’)

data = pd.get_dummies(data, columns = ['Gender'], drop_first = True) data.head()
plt.figure(figsize = (20,20))

sns.heatmap(data.corr(), annot = True) sns.pairplot(data, hue =
'‘Dataset') data.corr()

X = data[['Albumin_and_Globulin_Ratio’, 'Albumin’, 'Total_Protiens’,
'‘Aspartate_ Aminotransferase’,

'‘Alamine_Aminotransferase’, 'Alkaline_Phosphotase’, 'Age']] X =
data.drop('Dataset’, axis = 1)

y = data['Dataset’]

X.columns

# from imblearn.combine import SMOTETomek # smk =
SMOTETomek(random_state = 42)

# X,y =smk.fit_sample(X,y) # X.shape, y.shape

from sklearn.model_selection import train_test_split

X _train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.1, random_state
=42)

print("Train Set: ", X_train.shape, y_train.shape) print("Test Set: ", X_test.shape,
y_test.shape)
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from sklearn.ensemble import RandomForestClassifier model =
RandomForestClassifier(n_estimators=20) model.fit(X_train, y_train)
from sklearn.metrics import confusion_matrix, accuracy_score
confusion_matrix(y_test, model.predict(X_test)) print(f"Accuracy is
{round(accuracy_score(y_test, model.predict(X_test))*100,2)}")
import pickle pickle.dump(model, open(liver.pkl’, '‘wb’)
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In [1]: import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
wmatplotlib inline
In [2]: data = pd.read_csvl'cancer.csv')
In [3]1: data.head(}
out [3]: eea—
W disgrosis radius_mean lexture mean perimelsr mean area_mean Smoathness_ mean COMPACINess mean concanily_mean oy -t
0 B4ga02 '] 7ae 1038 122,80 10010 0.11840 0.27780 0.3001 01470
1 BT '] 2057 LA 13290 1328.0 0.08474 007864 0.0869 emr .
2 84300903 M 1868 2128 130,00 12080 0.10980 018530 Q1674 [.RE-. .
3 8434830 M .42 2038 7.5 306.1 0.14250 026380 02414 010520 ..
4 BAI5BAOD "] 2028 14.34 135,10 1270 0.10630 4.15580 01880 010430 .
5 rows = 33 columns
In [4]: data.info()
<class 'pi 5. core. Trame, DataF rame >
RangeIndex: 569 entries, @ to 568
Data columns (total 33 columns):
id 569 non-null int64
diagnosis 569 non-null object
radius_mean 569 non-null float6d
texture_mean 569 non-null float64
perimeter_mean 569 non-null floatsd
area_mean 568 non-null float6d
smoothness_mean 568 non=null float64
compac tness_nean 569 non=null float64
concavity_mean 569 non-null float&4
concave points_mean 569 non-null float64
symmet ry_mean 569 non-null floats4
fractal_dimension_mean 569 non—-null floatsd
radius_se 569 non-null float6d
Savhusn en - ea—— 1 #laaiga
m-~- < 0B localhost [ 0]
w @ QB Z Hame Page - Select of creste s nobsbook o alitha coprf Carcar_Prodiction - Jupyler Notetiook
File  Edit  View Iresert Cel  Kemel  Help ernel starting. please wat... Mot Trusted | Pythan 3 foykerns) &
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In [4]: data.info()
<class ‘pandas.care.frame,DataFrame'>
RangeIndex: 569 entries, & to 568
Data columns (total 33 columns):
id 569 non-null int6d
diagnosis 569 non-null object
radius_mean 569 non-null float64
texture_mean 369 non-null float6d
perimeter_mean 5609 non-null float6d
area_mean 569 non=null float64d
smoothness_mean 569 non-null float6d
compactness_mean 569 non-null floatsd
concavity_mean 568 non=null float6d
concave points_mean 569 non-null floats4
Symmetry_mean 569 non-null float6d
fractal_dimension_mean 569 non-null float64
radius_se 569 non-null floatf4
texture_se 569 non-null float6d
perimeter_se 569 non-null floatéd
area_se 569 non=-null float64
smoothness_se 569 non-null floatsd
compactness_se 569 non-null floatéd
concavity_se 569 non-null float6d
concave points_se 569 non-null floatsd
symmetry_se 569 non-null float6d
fractal_dimension_se 569 non-null float64
radius_worst 568 non-null float6d
texture_worst 569 non—-null floatsd
perimeter_worst 569 non-null float6d
area_worst 569 non-null floats4
smoothness_worst 569 non-null floatsd
compactness_worst 569 non-null float6d
concavity_worst 569 non=null float64
concave points_worst 569 non-null float6d
symmetry_worst 569 non-null floated
fractal_dimension_worst 569 non-null float64
Unnamed: 32 ® non-null float6d
dtypes: float64(31), inté4il), cbject(l)
memory usage: 146.8+ KB
In [6]: import seaborn as sns
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COMpActness_worst 569 mon-null floatbd
concavity_worst 568 mon-null floatG4
concave points_worst 569 mon-null floatBd
Symmet ry_worst 569 non-null float6d
fractal_dimension_worst 569 mon=null floatG4
Unnamed: 32 @ non-null floatéd
dtypes: float64(31), int64(1), object(1)
memory usage: 146.8+ KB
In |6]: import seaborn as sns
In [8]: sns.set_style('whitegrid')
sns.countplot(x = 'diagnosis®, data = data)
Outl8]: ematplotlib.axes._subplots.AxesSubplot at @xlead738fEcas
0
=
-
g
"
o
=
o
dagnean
In [11]: dataset = data
dataset['diagnosis'].replace(['M',"B"], [1,8], inplace = True)
In [15]: detaset.dropl‘Unnamed: 32',&xis = 1, inplace = True)
In [16]: corr = dataset.corr(}
plt. figurelfigsize = (25,25))
sns.heatmap(corr, annot = True)
Out(16]: <matplotlib,axes._subplots.AxesSubplot at @xleadabcSbod>
locaihast
. Home Page - Select or create a notehook . Desksop/Man ProjectjLaktha copyPython Notebooks)
Edit View Insert Call Kerral Halp Kamsl staning, plaase wal.. Mot Trusted
¥ 21 B & & FAn B C W |Coe s =
plt.figure(figsize = (25,25))

sns.heatmap(corr, annot = True)

Outl16]: ematplotlib.axes._subplots.AxesSubplot at @xleadaBcSbes>
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In [17]: dataset.corr()
out[17]:
id diagnosis radius_mean texture_mean perimeber_mean aroa_mean smoothness mean CoMpactness_mean  oOnGavity_mean
W 1000000 0038768  0.074828 0.098770 00T 0096853 0002968 0.000096 0050080
dagrosis  0.0J8788  1.000000 0.730029 D.a15188 0742608  0.708884 0.358580 0586534 CLEBEIG0
racus_mesn 0074626 0.730020 1.000000 0.323782 0097855 098TIST 0170681 0506124 OLETETEL
textrn mesn 0000770 0415185 0323782 1.000000 03I} 0321088 -0.023388 0236702 0302418
perimater_mean 0073158 0742636 0997855 0329533 1.000000 0988507 020778 0556836 Q716136
ama_mean  0.096883 0.708984 0.98738T7 0.321088 0.986507 1.000000 0.ATTOEE 0438502 0585983
smoothress mean -0.012868  0.358560 0.170881 -0.023389 0.207278 a.arroee 1.000000 853123 0521984
compaciness mean 0000056 0596534  0.506124 0.236702 0886536 0.498502 0659123 1.000000 0883121
concavity_mean  0.080080 0686360 QETETE 0.302418 76135 D.6B5E3 0821884 QBEII21 1000000
concave points_mesn 0044158 0778614 0822529 0:283464 DBSOSTT  0.B23268 0.553685 0831135 szt
symmatry_mesn 0022114 0330489 0147741 0071407 0IB3RT 0151200 D.55TTTS 0602641 0500667
fractal dimension_mesn 0052511 0012838 0311831 0.0768437 -B.284TT 0283110 0584792 0565360 0336783
radks se 0143048 OS6TI34 0679090 0.275869 DETES 073562 0301487 0497473 oEI1Rs
tmture_se -0.007526 0008302 -0,08737 0.386358 -D.0BETE1 0086280 0.088408 0.046205 ooTEE
perimeior se  0.137331 568141 0874172 0.281673 nESIE 0720628 D.208082 0548808 0550391
arease 0177742 0548236 0735864 0.256845 D744SED  O.A00088 248852 0455053 os17aT
smoothness se 0006781 -0.0670M6 0222600 uo0ag14 -020268d 0068777 0332975 LRE:=E QUaB564
compaciness s+ 0.033081 0202000 0.208000 0191075 0250744 0212583 0.318043 0738722 LETRTe
concavity se 0055239 0253730  0.194204 0.143203 DIIOE 0207860 0.248396 0570517 081270
concae pores se 0078768 0.408042 0.376168 0.163851 0.407297 0372320 0380676 0842262 OEBI260
symmatry_se 0017306 0008522  -0.004321 0009127 A00E1E9 0072407 0.200774 0229077 0178008
fractal dimension_se  0.025728 0077972 0042641 0.084458 ~0.008523 -Q0rgesr 0283807 asarang OL443301
rachus_worst  O.0B2408 Q776454 0.068608 0.352673 DSEB4TE 0862746 o2z Q535318 OL6R236
bexturs_worst 0084720 0456003 0.207008 0.012045 0303038 0287489 0.038072 0248133 0zo08re
perimater_worst 0079866 0.782614 0.965137 0358040 DOTOOET 0858120 0.238853 0500210 0720565
- < 0 |1 localhost : th + O
@ 0 ® . Hame Fage - Select or create a nobebook = Froject/Laktha copy/Py 5 Cancer_Preiction - supyter Notebook
Fim Edit Wiew Iresart Call Kemel Halp Kernel starting, please walt .  Not Trusied Python 3 fipykerneli @
B + ¥ &0 |+ ¥ FFn B C W |Code ¢l =
In [18]: dataset.drop{[’'id’', ‘symmetry_se', 'smoothness_se’,'texture_se','fractal_dimension_mean'], axis = 1, inplace = True)
In [19]: dataset.head{)
outl19]: =
diagnosis rodius_mean XTI MeAN  POMMetSr IMAEN NSA_MOGN SMOOHNGSS_MESN COMPACINGSS_Moan Cconcavitymesn L Symmatry_mean
o 1 1709 10.38 122.80 0010 1840 0.27ren 03001 014710 n41g
1 1 2057 1777 13280 1326.0 00844 0.07864 00868 a7 01812
2 1 1969 228 130,00 1203.0 010360 0.16590 01874 0127s0 2068
a 1 11.42 2024 Trsa 3861 04250 028330 o244 0.10820 o587
4 1 2029 1434 13510 1297.0 0.10030 0.13280 01980 010430 0.1806
5 rows = 27 columns
In [21): plt.figure(figsize = (25,25))
sns.heatmap{dataset.corr(}, annot = True}
Outi21): <matplotlib,axes._subplots.AxesSubplot at @xlead95bdSces
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In [23]: from sklearn.model_selection import train_test_split

In [24]: X_train, X_test, y_train, y_test = train_test_spliti(X, y, test_size = 8.2, random_state = 42)

In [25]: print{"Train Set:
print{"Test Set:

*, X_train.shape, y_train.shape)
", X_test.shape, y_test.shape)

Train Set: (455, 26) (455,)
Test Set: (114, 26) (114,)

In [26]: from sklearn.ensemble impert RandomForestClassifier

model = RandomForestClassifier{n_estimators=2@)
model. fit(X_train, y_train)

Out[26]: RandomForestClassifier({bootstrap=True, class_weight=Mone, criterion='gini®,
max_depth=None, max_features="auto', max_leaf_nocdes=None,
min_impurity_decrease=.@, min_impurity_split=None,
min_samples_leaf=1, min_samples_split=2,
min_weight_fraction_leaf=8.8, n_estimators=29,
n_jobs=None, ocob_scoresFalse, random_stateshone,
verbose=A, warm_start=False)

In [31]: from sklearn.metrics import confusion_matrix, accuracy_score

In [28]: confusion_matrixiy_test, model.predict{X_test})

Outlz8]: arrayl[[69, 2],
[ 3, 48]], dtype=int6d)

In [32]: print{f*Accuracy is {round(accuracy_score(y_test, model.predict(X_test))=10@,2)}")
Accuracy is 95.61

Applying Hyperparameter Tuning
In [33]: from sklearn.model_selection import RandomizedSearchCV

In [34]: classifier = RandomForestClassifier(n_jobs = =1)

M- < LV | localhast ¢ [I] + @
wo@ € ¥ ® " Home Page - Seiect or create a natebock = DesitopMain ProjectiLastha copyfPyihon Notebosks) Cancer_Prediction - Jupyier Ntebook
Fle  Edit View Inset  Call  Kemsl  Halp Mot Trusted | Python 3 fipykannal) O
B+ ¥ A0 4+ pAn B C W Cote ¢ =
Applying Hyperparameter Tuning

In [33]: from sklearn.model_selection import RandomizedSearchCV
In [34]: classifier = RandomForestClassifier(n_jobs = -1)

In [35]: from scipy.stats import randint
paran_dist={"'max_depth':[3,5,18,None],

10,100,200, 300, 408, 5001,

randint(1,27),

gini', 'entropy'l,

'bootstrap’: [True,False],

‘min_samples_leaf’:randint(1,27),

In [36]: search_clfr = RandonizedSearchCV(classifier, param_distributions = param_dist, n_jobss=1, n_iter = 48, cv = 9)

In [37]: search_clfr.fit(X_train, y_train)

C:\Users\venug\Anacondadl lib\site-packages\sklearn\model_selection’_search.py:814: DeprecationWarning: The default
of the "iid" parameter will change from True to False in version 8.22 and will be removed in 8.24. This will change
numeric results when test-set sizes are unegqual.

DeprecationWarning)

0utl37]: RandomizedSearchCV{cv=9, error_score='raise-deprecating’,
estinator=RandeaForestClassifier{bootstrap=True,

class_weight=None,
criterion="gini’,
max_depth=Hone,
max_features='auto’,
max_leaf_nodes=None,
min_impurity_decrease=0.9,
min_impurity_split=None,
min_samples_leaf=1,
min_samples_splits:
min_weight_fraction_leaf=a.@,
n_estimators="warn’,
n_jobs=-1, oob_scor...

‘eriterion’: ['gini', ‘entropy’l,

‘max_depth’: [3, 5, 18, Mone],

‘mav faaturac':s corinu ctate. dietn infractructura. rv frazan nhisrt at Gvll

40



Do <

Liz

e 0B ®®

~ Home Page - Select or creste & RoteDOOK =2

File Edit View insert Call Kerned Help:

B + ¥ @& 0 ¢+ pAn B C W | Coe 3 o=
PERU_L I BAN_3LA BT @LOT, DL G WS e

In [38]: params = search_clfr.best_params_

In [45]:

score = search_clfr, best_score_
print{params)
print{scere)

localhost

PrefectLalitha cop)

a+ O
Cancer_Predicion - Jupyter Notebook

ot Trusted | Pyhon 3 fipykemnel) O

{'bootstrap’: True, 'criterion’: 'gini®, 'max_depth’: 18, 'max_features': 8, 'min_samples_leaf": 1, 'm_estimators':
288

9. 9604395604395605

In [46]: classifier.fit(X_train, y_train)

Out[46]:

In [47]:

RandomForestClassifier (bootstrap=True, class_weight=Mone, criterion="gini®,

max_depth=None, max_features="auto', max_leaf_nodes=None,
min_impurity_decreases=8.8, min_impurity_split=None,
min_samples_leaf=1, min_samples_split=2,
min_weight_fraction_leaf=9.@, n_estimators=10, n_jobs=-1,
oob_score=False, random_state=None, verbose=@,

warm_start=False)

Out(47]: arrayl([[71, 8],
[

In [48]:

2, 41]], dtype=intéd]}

Accuracy is 98.25%

In [49]: import pickle
pickle.dump(classifier, open(‘cancer.pkl’, ‘wb'))

- <

u.ﬁ)O@
Fila
e+

confusion_matrixiy_test, classifier.predict(X_test))

print{ f*Accuracy is {round{accuracy_score(y_test, classifier.predict(X_test))s188,2)}%")

Cancer_Pragiction - Jupyter Notabook

claasifier=RandomForestClassifier(n_jobs=-1, n_estimators=280,bootstrap= True,criterion="gini',max_depth=2@,max_feat
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In [1]: import pandas as pd
import matplotlib.pyplot as plt
import numpy as np
smatplotlib inline

In [2]: data = pd.read_csv('data.csv')
data. head()

out(2]: Glucose Insulln  BMI DiabotesPedigresFunction Age Outcoms
[ z 138 B2 £ 0 mg 0127 47 1
1 o L] ] n 125 M2 023 = o
2 o 145 a o 0 442 0630 M 1
2 0 135 & 42 250 423 0385 M 1
4 1 130 ] 41 480 407 0536 21 0

In [3]: data.shape
Out(3]: (2000, 9)

In [4]: data.isnull{).sum(}

Outl4]: Pregnancies
Glucose
BloodPressure
SkinThickness
Insulin

BMI
DiabetesPedigreeFunction
A

Outcome
dtype: int64

In [5]: data.corr()

out(sl: o

Insulin BMI  DiabetesPedigresFunction Age  Ouicome

Fragnancies 1.000000 0.120405 048872

41

-0.063375 -0.076600 0.019475

0085453 0539457 0.224437
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DiabetesPedigreeFunction L]
[]
Outcome []
dtype: int64
In [5]: data.corr()
Dut[S]: Glucoss Inaulin BMI DiabatesPadigresFunction Age Ouicoms
Pregnancies 1000000 0.120405 0148872 OOEIITS -DOTEG00 D.01MMTS 0025453 OSFOMST 0.224d37
Glcoss 0120405 1.000000 D3804 DOEZIGE 0320371 0.226884 0123243 0254400 0458421
BiocdPressure 0140672 0.138044 1000000 0198500 0067384 0.261545 0051331 0236375 0.075058
SkinThickness  -0.0A3375 CLORZIAR 0158500 1.000000 0448855 0.305760 0176206 -0.111034  0.076040
Inguin  -Q.076600 0320371 DT84 0448850 1000000 0.223012 0192710 -O.0BSETO  0.120824
B Q019475 0226864 0281545 0383760 0.223072 1.000000 0125719 0038987 0278726
DisbetesPedigrosFunction 0025481 0123243 LY ] DATEE 0980718 0.126T18 1000000 CLOBESS 0168458
Age  053WET 0254406 028375 0111034 0085879 0.038967 Q026668 1.000000 0.238508
Outcoms 0224437 0458421 0075958 D.OTE040 0120024 0.276728 0155450 Q2ZB6S00  1,000000
In [6]: import seaborn as sns
In [7]: plt.figurelfigsize=(18,18))
sns.heatmap(data.corri), annot = True)
Qut|T]: <matplotlib.axes._subplots. t et 8 48
Pregnanc s 1 10
Bucose
as
Biocresiure
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In [9]: X.shape
Out(8]: {2000, 8)
In [18]: y.shape
Outlia]: {2eee,)
In [11]: from sklearn.model_selection import train_test_split
In [12]: X_train, X_test, y_train, y_test = train_test_splitiX, y, test_size = 0.2, random_state = 18)
In [13]: print("Train Se X_train.shape, y_train.shape)
print("Test Set: ", X_test.shape, y_test.shape)
Train Set: (1680, 8) (1608,
Test Set: (409, B) (d00,)
In [14]: from sklearn.ensemble import RandomForestClassifier
nodel = RandomForestClassifier(n_estimators=28)
nodel. fit(X_train, y_train)
Out[14]: RandomforestClassifier{bootstrap=True, class_weight=None, criterion='gini®,
max_depth=None, max_features="auto', max_leaf_nodes=None,
min_impurity_decrease=2.0, min_impurity_split=None,
min_samples_leaf=1, min_samples_split=2,
min_weight_fraction_leaf=8.8, n_estimators=20,
n_jobs=None, oob_score=False, random_state=None,
verbose=B, warm_start=False)
In [15]: from sklearn.metrics import accuracy_score
In [16]: print{accuracy_score(y_test, model.predict(X_test)}=108)
98.25
In [17]: import pickle
In [18]: pickle.dump(model, open{"diabetes.pkl”, 'wb'})

42



A~ < C o localhost ¢ h o+ B
w @ Q '~ Home Page - Salect or croate 8 notebook = copn Heart_Disease_Prediction - Jupytar Matebook

Files Edit  View Insert Cel  Hernel Help Kernal starting, ploase walt...  Not Trusted | Pyshan 3 fipykennel) &

+ x G B ¢ ¥ pRn B C W | Code io=

: import numpy as np

import pandas as pd
import matplotlib.pyplot as plt
Smatplotlib inline

In [2]: data = pd.read_csv{'heart.csv')
In [3]: data.head(}
OULIITE age sex cp westbps chol foa restecg thelsch sxang cldpesk siope ca Sl target
B 1 3 145 23 1 o 180 o 23 6 0 1 1
i 3 1 2 1 0 0 1 87 o EE] L 2 1
2 # 0 1 190 204 0 o 1M o 14 2 0 2 1
s B 11 120 28 0 1 178 o 08 2 0 2 1
4 5 00 120 354 D 1 183 1 L] 2 0 2 1
In [4]: data.infol}
=class 'pandas.core. frame.DataFrame'>
Rangelndex: 383 entries, @ to 302
Data columns (total 14 columns):
age 83 non-null intéd
Sex 383 non-null int6d
op 383 non-null int64
trestbps 383 non-null int6d
chol 383 nen-null int64
fbs 383 non-null int64
restecg 383 non-null int64
thalach 383 non-null int64
exang 383 non-null intéd
oldpeak 383 non-null floated
5 lope 383 non=null int64
ca 363 non-null int6d
thal 383 nen-null int64
target 383 non-null int64
dtypes: float64(1), int64(13)
memory usage: 33.3 KB
b~ < 0 @8 locathost ] th +
wo@ Q) Z Home Page - Select or Create a notebeck 7 Desatop/Wain ProjectiLatiiha cogy/Pyihon Notabooks) Haart_Distase_Prodiction - Jupyter Notabook
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Hyperparameter Tuning
In [28]: from sklearn.model_selection import RandomizedSearchCV

In

In

In

In
Out

In

[21]: classifier = RandomForestClassifier(n_jobs = -1)

[22]: from scipy.stats impert randint

param_dist={'max_depth': [3,
“n_estimators

12, None],
18,100,200, 384, 408, 500] ,

*max_features':randint(1,31),
‘criterion’s [*gini®, “entropy'l,
‘bootstrap': [True,False],
'min_samples_leaf':randint(1,31),

}

[23]: search_clfr = RandomizedSearchCViclassifier, param_distributions = param_dist, n_jobs=-1, n_iter = 48, cv = 9)

[24]: search_clfr.fit(X_train, y_train)
[24]: RandomizedSearchCV{cv=9, estimatorsRandomForestClassifier(n_jobs=-1), n_iter=4@,

B08231F11CT448>,

n_jobs=-1,
param_distributions={"bootstrap': [True, Falsel,
*eriterion’: ['gini’, "entropy'l,
‘max_depth': [3, 5, 18, None],
"max_features': <scipy.stats._distn_infrastructure.rv_frozen object at Bx@@

*min_samples_leaf': <scipy.stats._distn_infrastructure, rv_frozen object at

OxB0008231F11C75CE>,

‘n_estimators': [18, 100, 200, 389, 480,
508] )

[25]: params = search_clfr.best_params_
score = search_clfr.best_score_
print{params}
print{score}

{'bootstrap’: True, ‘criterion’: ‘gini’', ‘mex_depth’: 18, 'max_features': 3, 'min_samples_leaf': 1, ‘n_estimators’:
108

. 830BPBEBEI564419
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MULTIPLE DISEASE DETECTION
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Abstract - The Multi-Ailment Prediction model
determines the user's ailment based on a variety of
predictive modeling techniques and the symptoms
they experience. The possibility that the sickness
exists is output by the system based on the symptoms
that the user submits. Pneumonia and malaria are
implemented using deep learning models (CNNs),
whereas illness support vector machines (SVMs) are
employed for prediction. Better accuracy is offered
by the suggested approach, and web allocation is
made for the prediction system. This makes it easier
to get exact results.

Keywords- Machine Leaming, Data Science, Disease
Prediction, CNN. SVM.

I INTRODUCTION

Anyone who is suffering from a disease right now
needs to see a croaker, which takes time and money.
Because the disease cannot be identified, it can also
be risky for the stoner if they are outside the reach of
caregivers and medical facilities. It would therefore
be preferable for the case and facilitate a smoother
process if the following method could be completed
using automated software that saves time and
plutocrat. Some Heart Disease Prediction Systems
analyze the threat position of the case using data
mining techniques. Based on the user's symptoms,
the web application Disease Predictor forecasts the
complaint of a stoner. Data sets from many health-
related websites have been collected for the Disease
Prediction system. Using Disease Predictor, the
customer will be able to assess if a complaint is liable
based on the symptoms provided. People are
constantly interested in learning about new affects,
especially when internet usage is increasing daily.
People often want to look things up online when they
have problems. There aren't many options available
to folks who are suffering from a disease. People may
benefit from this system as a result. A chronic
sickness is a symptom that worsens over time or
heals slowly; many chronic disorders are only
treatable with daily therapies rather than curing.
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Department of IT
Sathyabama Institute of Science
and Technology, Chennai
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Major social and economic changes are occurring in
India, as they are in many other nations, and as a result,
the number of cardiovascular problems is rapidly rising.
A wide range of chronic illnesses, particularly diabetes
and cardiovascular problems, are being treated in a
number of established, developing, and growing nations,
including India. These illnesses could have a severe effect
on global security, well-being, and economy. The current
climate of rapid urbanization and economic growth has
permeated many diverse cultural contexts. Nowadays,
chronic illnesses affect one-third of the population, and
habitual conditions afflict every nation. For the sick,
routine symptoms require more sensitive and valuable
care.

Ensuring that all patients receive high-quality care is a
significant problem for the medical industry, as not all
patients can pay to receive the services. A lot of
healthcare data is out there, but it's not being mined in a
way that would be more effective and trustworthy in
revealing hidden knowledge needed to make wise
decisions. The proposed strategy uses data science and
data mining techniques to detect chronic diseases early.
The technique of teaching computers to perform better by
utilizing examples or historical data is known as machine
learning. Training and testing are the two phases of the
machine learning algorithm. Machine learning has been
essential for decades in the prediction of diseases based
on a patient's medical history and signature. In the
medical field, machine learning technology offers a
robust platform for effectively addressing healthcare
problems.

Machine learning has been essential for decades in the
prediction of diseases based on a patient’s medical
history and signature. In the medical field, machine
learning technology offers a robust platform for
effectively addressing healthcare problems. Research
is required in order to create a model that will allow
users to forecast various chronic illnesses without
consulting a physician for a diagnosis. to diagnose a
variety of illnesses by analyzing patient symptoms and
using various machine learning methods.



The correct way to handle structured data is not known.
The suggested framework would take into
consideration both organized and unstructured data.
Techniques for machine learning can increase
prediction accuracy.

IILITERATURE REVIEW

Researchers K.M. Al-Aidaroos, A.A. Bakar, and Z.
Othman studied the best medical diagnosis mining
method. To get the required output for the study, the
authors compared Nave Baeyes against five different
classifiers: Neural Network (NN), Logistic Regression
(LR), Decision Tree (DT), KStar (K*), and a basic rule-
based approach (ZeroR). We used fifteen different real-
world medical cases from the UCI machine learning
collection to assess the effectiveness of each strategy.
Naive Bayes (NB) outperformed all other algorithms in
8 of the 15 data sets used in the trial, demonstrating that
NB's prediction accuracy was higher than that of other
techniques. DarcyA. Davis, Nitesh V. Chawla, Nicholas
Blumm, Nicholas Christakis, and Albert-Laszlo
Barabasi assert that it is neither economical nor time-
efficient to diagnose chronic illness on a global basis.
Therefore, estimating the writers' potential risk of
illness was the goal of this study. This has been
accomplished with CARE, which basically estimates
possible sickness risks by examining a patient's medical
history and ICD9-CM codes. Based on each patient's
medical history, CARE estimates each patient's unique
risk of disease using clustering and collective filtering
procedures. The iterative version of ICARE, which
integrates essemble principles for enhanced efficiency,
has also been detailed by the authors.

These system can anticipate a wide range of medical
disorders in a single run and don’t require any prior
knowledge. Thanks to ICARE's outstanding potential
risk coverage, hundreds of disease symptoms can be
accurately predicted and early

warnings can be sent out years in advance.

Once the CARE system is up and running, it will be
possible to look at a greater variety of illness causes, ask
novel questions, and encourage dialogue about early
detection and prevention.
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The authors of the research paper, Jyoti Soni, Ujma
Ansari, Dipesh Sharma, and Sunita Soni, surveyed the
state of machine learning techniques for information
discovery in databases that use data mining techniques
frequently used in modern medical research, particularly
in the field of disease prediction.

Medical data mining techniques such as grouping,
clustering I, and association rule mining were used by
M.A. Nishara Banu and B. Gomathy to examine the
various heart-related conditions. The goal of a decision
tree is to show every possible outcome of a selection. To
achieve the best result, a number of regulations are
created. The factors used in this study were blood sugar,
heart rate, blood pressure, age, sex, smoking, being
overweight, and alcohol use. The risk level for each
parameter is stored with IDs ranging from 1 to 100. 1-6.
The normal degree of prediction is shown by an ID less
than one, whereas higher risk levels are indicated by IDs
more than one. Data pattern analysis is done using K-
means clustering. The program divides the data into k
groups.

Early detection of multiple diseases enables a more
proactive approach to preventive care, reducing the
overall burden on the healthcare system.

In conclusion, while existing disease detection systems
have made significant strides in specific domains, their
limitations highlight the imperative for a shift towards a
multi-disease approach. Such an approach has the
potential to address the complexities of real-world
healthcare scenarios, improve early diagnosis of
comorbidities, and optimize the allocation of healthcare
resources. The integration of diverse data sources and the
development of sophisticated algorithms are essential
steps in realizing the benefits of a comprehensive, patient-
centric healthcare model.

Many disease detection systems have been developed for
specific medical conditions, such as cancer,
cardiovascular diseases, or infectious diseases. These
systems often rely on specialized algorithms tailored to
the characteristics of the targeted disease, leading to high
accuracy within their specific domain.



IIT Proposed System

We have implemented different Machine Learning
techniques to predict the accurate disease by the
values taken from the user. This models takes input
from the user and analyses the inputs according to
the trained dataset and gives the output for the user
based upon the symptoms and individually also.
This system uses different Machine Learning
algorithms and analyze the different accuracy scores
and selects the best among all the scores and will be
given that output to the user(patient).

This system not only predicts the disease but also it
will suggest some useful medications that the patient
has to be taken until the cosultation of doctor. This
may help the patient to get rid off severe damage.
After the medications the system will suggest the
nearby best doctors on the concern of the patient.

L™ - dogetta -

Actunacy

Fig.1 Architecture of Proposed System

IV COMPARISON
ALGORITHMS ACCURACY
Naive Bayes 91.8%
SVM 97.8%
CNN 93.1%
Decision Tree 87.879%
Random Forest 92.87%
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Naive Bayes is a versatile algorithm that is
particularly useful when dealing with large datasets
and high-dimensional feature spaces. While its
simplicity is an advantage, practitioners should be
mindful of its independence assumption and its
potential  limitations in  complex  real-
world scenarios.

These are the accuracy scores from the wvarious
algorithms. Here we find the highest accuracy was
being detected from Support Vector Machine
(SVM). Hence we will cosider SVM for our output.

V RESULTS

L] L] *Python 3.7.8 Shall*

Python 3.7.8 (v3.7.8:4b47a5b6ba, Jun 27 28208, 04:47:58)
[Clang 6.8 (clang-600.08.57)] on darwin

Type "help", "copyright”, "credits" or "license()" for more informatic
p

= RESTART: /fUsers/nithin/Downloads/desktop/Final Project/disease chatt
ot.py

0.9772197629554854

for svm:
1.9

HealthCare ChatBot-—————————————
Your MName? -

Fig.2 Accuracy and Register

Here we can see that there is around 97.7% accuracy
by SVM. It is the Register page where user have to
enter the name for the further process.

LN ] *Python 3.7.8 Shell*

Python 3.7.8 (v3.7.8:4b47a5b6ba, Jun 27 2028, B84:47:58)

[Clang 6.8 (clang-68@.8.57)] on darwin

Type “help”, "copyright”, "credits" or "license()" for more information.
»mx

= RESTART: /Users/nithin/Downloads/desktop/Final Project/disease chatbot

ot.py
8.9772197620554854

for svm:
1.9
TR T A HealthCare ChatBot-—————————————m
Your Name? == Lalitha
Hello, Lalitha
Enter the symptom you are experiencing -

Fig.3 Symptoms Experiencing

This is the page after registering the user their self.
Here it asks for the type of symptom that the user is
experiencing. User have to enter the symptom that
he/she suffers from.



Your Name? - Lalitha

Hello, Lalitha

Enter the symptom you are experiencing
searches related to input:

? ) acidity

Okay. From how many days 7 : 3

Are you experiencing any

acidity 7 1 yes

indigestion ? : yes

headache 7 : no

provide proper answers i.e. (yes/no) : yes
blurred_and_distorted_vision 7 : Mo
provide proper answers i.e. (yes/no) : no
excessive_hunger 7 : yes

stiff_neck 7 : yes

depression 7 : yes

irritability 7 : yes

visual_disturbances 7 : no

==acidity

It night not be that bad but you should take precautioms.

You may have Migraime

A migraine can cause severe throbbing pain or a pulsing sensation, ususally on on
e side of the head. It's often accompanied by nausea, vomiting, and extreme sens
itivity to Light and sound, Migraine attacks can last for hours to days, and the
pain can be so severe that it interferes with your daily activities.

Take following measures :
1 ] meditation
2 ) reduce stress

Fig.4 Analysis and Diagnosing

After that it will ask some questions according to the
symptoms that the user has entered in the previous
section. Then based on the answers given by the user
our model will suggest what are the measures that
the user has to take for reducing the severe cause by
the particualr disease.

VI CONCLUSION

Finally, By considering all the Machine Learning
algorithms we found that SVM is the most efficient
algorithm for our project. We have determined the
prediction performance by each and every algorithm
and came to apply the particular algorithm for the
project and it gives the great response.

In the end, the analysis's results have only been
somewhat successful. To increase this prediction
system's accuracy and scalability,
enhancements could be investigated. The following
study and work must be done in the future due to time

numerous

constraints. Would like to test several methods of
discretization, voting strategies for many classifiers,
and decision tree kinds, specifically information gain
and gain ratio. open to investigating various rules,
including clustering methods, logistic regression, and
association rules
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