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ABSTRACT

Cardiovascular diseases (CVD) pose a significant global health burden, with various types

such as coronary heart disease, stroke, peripheral arterial disease, and aortic disease

contributing to mortality and morbidity worldwide. Evidence suggested a strong association

between mental health disorders and CVD, wherein conditions like mood disorders, anxiety,

PTSD, and chronic stress contributed to increased risk and poorer outcomes. Conversely,

CVD events could also precipitate mental health disorders, creating a complex interplay

between the two domains. This study aimed to explore this relationship, identify common risk

factors, and develop a predictive system for assessing CVD risk among individuals with

mental illnesses. Through a review of relevant literature, the study examined prevalence rates,

shared risk factors, and the impact of mental health disorders on CVD management and

prognosis. Utilizing machine learning techniques, a decision support web-based system was

constructed to predict CVD risk factors based on patients' mental health histories. While the

scope included data collection and algorithm development, the system did not offer medical

consultancy services. By illuminating the nexus between mental health and CVD, this

research sought to enhance risk assessment and inform preventive interventions for vulnerable

populations.

This study aimed to explore this relationship, identify common risk factors, and develop a

predictive system for assessing CVD risk among individuals with mental illnesses. Through a

review of relevant literature, the study examined prevalence rates, shared risk factors, and the

impact of mental health disorders on CVD management and prognosis.

Utilizing machine learning techniques, a decision support web-based system was constructed

to predict CVD risk factors based on patients' mental health histories. Machine learning

algorithms analyzed comprehensive datasets to identify patterns and correlations between

mental health conditions and CVD risk factors. These models were trained to recognize how

specific mental health disorders and their severities influence the likelihood of developing

CVD.

iii



TABLE OF CONTENTS

ACKNOWLEDGEMENTS........................................................................................................ ii
ABSTRACT............................................................................................................................... iii
TABLE OF CONTENTS........................................................................................................... iv
LIST OF FIGURES....................................................................................................................vi
LIST OF TABLES.....................................................................................................................vii
LIST OF ABBREVIATIONS.....................................................................................................ix
CHAPTER 1 INTRODUCTION............................................................................................... 1

1.1 Statement of the problem................................................................................................ 1
1.2 Project Aim and Objectives............................................................................................ 2
1.3 Scope...............................................................................................................................3

CHAPTER 2 LITERATURE REVIEW..................................................................................... 4
2.1 Related Work/ Background Study...................................................................................4
2.2 Novelty of the Research and Expected Research Contribution to the Field...................7

CHAPTER 3 METHODOLOGY.............................................................................................. 8
3.1 Research Philosophy....................................................................................................... 8
3.2 Research Design..............................................................................................................8
3.3 Dataset.............................................................................................................................8
3.4 Machine Learning Model..............................................................................................12
3.5 Web Based System........................................................................................................32
3.6 Ethical Considerations.................................................................................................. 33
3.7 Limitations.................................................................................................................... 33

CHAPTER 4 EVALUATION AND RESULTS........................................................................34
4.1 Evaluation Approach of Machine Learning Model...................................................... 34
4.2 Web Based System Validation and Testing...................................................................46

CHAPTER 5 CONCLUSION AND FUTURE WORK............................................................47
5.1 Conclusion.................................................................................................................... 47
5.2 Future Work.................................................................................................................. 47
5.3 Deliverables.................................................................................................................. 47
REFERENCES....................................................................................................................48

APPENDICES.........................................................................................................................50
APPENDIX A: Data obtained from the Personal Key Indicators of HeartDiseases dataset... 50
APPENDIX B: Data obtained from the Questionnaire............................................................ 52
APPENDIX C: UI of the Web Based System.......................................................................... 59

iv



LIST OF FIGURES

Figure 3.4.1 - High Level System Architecture........................................................................ 13
Figure 3.4.2 - Code used to import and visualize the dataset................................................... 13
Figure 3.4.3 - Section of the imported dataset.......................................................................... 14
Figure 3.4.4 - Summary of the dataset...................................................................................... 14
Figure 3.4.5 - Code to drop the columns from the dataset........................................................15
Figure 3.4.6 - Modified dataset.................................................................................................15
Figure 3.4.7 - Converting data to factors.................................................................................. 15
Figure 3.4.8 - Converted data....................................................................................................16
Figure 3.4.9 - Code used to plot the bar graphs........................................................................ 16
Figure 3.4.10 - Plot for Difficulty Walking...............................................................................17
Figure 3.4.11 - Plot for Physical Health affects the Mental Health.......................................... 17
Figure 3.4.12 - Plot for Physical Activity affects the Mental Health........................................18
Figure 3.4.13 - Plot for General Health affects Mental Health.................................................18
Figure 3.4.14 - Plot for Sleep Time affects Mental Health....................................................... 19
Figure 3.4.15 - Relationship between the Mental Health Risk vs Heart Disease Risk.............20
Figure 3.4.16 - Relationship between the Mental Health Risk vs Stroke Risk.........................21
Figure 3.4.17 - Code used to generate the relationship between the Mental Health Risk vs
Heart Disease Risk and Mental Health Risk vs Stroke Risk.....................................................21
Figure 3.4.18 - Code for creating new columns for Heart Diseases Risk, Stroke Risk and Mental
Health Risk..............................................................................................................................................22
Figure 3.4.19 - Chi-square Test mental diseases risk vs heart disease risk........................................... 23
Figure 3.4.20 - Chi-square Test mental diseases risk vs stroke risk...................................................... 23
Figure 3.4.21 - Code to generate the heatmaps for mental diseases risk vs heart disease risk and stroke
risk...........................................................................................................................................................23
Figure 3.4.22 - Heatmap of mental diseases risk vs heart disease risk..................................................24
Figure 3.4.23 - Heatmap of mental diseases risk vs stroke....................................................................24
Figure 3.4.24 - Code for training mental diseases risk vs heart disease risk data.....................25
Figure 3.4.25 - Code for training mental diseases risk vs stroke risk data............................... 25
Figure 3.4.26 - Output of the training data of heart disease risk...............................................26
Figure 3.4.27 - Output of the confusion matrix of heart disease risk....................................... 26
Figure 3.4.28 - Output of the training data of stroke risk......................................................... 27
Figure 3.4.29 - Output of the confusion matrix of stroke risk.................................................. 27
Figure 3.4.30 - Code used to get the estimations of the predictor variables of the heart diseases
risk.............................................................................................................................................28
Figure 3.4.31 - Summary of the heart diseases risk model....................................................... 28
Figure 3.4.32 - Code to calculate the probability of heart diseases risk................................... 29
Figure 3.4.33 - Code used to get the estimations of the predictor variables of the stroke risk.29
Figure 3.4.34 - Summary of the stroke risk model................................................................... 30
Figure 3.4.35 - Code to calculate the probability of stroke risk............................................................. 30
Figure 3.4.36 - Code used to get the estimations of the predictor variables of the mental health

vi



risk.............................................................................................................................................31
Figure 3.4.37 - Summary of the mental health risk model....................................................... 31
Figure 3.4.38 - Code to calculate the probability of mental health risk...................................32
Figure 3.4.39 - Code to calculate the heart diseases and stroke risk based on the mental health
risk probability.......................................................................................................................... 32
Figure 4.1.1 - Output of the training data of heart disease risk using Random Forest Trees....37
Figure 4.1.2 - Output of the confusion matrix of heart disease risk using Random Forest Trees
37
Figure 4.1.3 -Confusion matrix of heart disease risk using Random Forest Trees.................................37
Figure 4.1.4 - Output of the training data of stroke risk using Random Forest Trees.............. 38
Figure 4.1.5 - Output of the confusion matrix of stroke risk using Random Forest Trees....... 39
Figure 4.1.6 - Confusion matrix of stroke risk using Random Forest Trees...........................................39
Figure 4.1.7 - Output of the confusion matrix of heart diseases risk using Decision Trees..... 40
Figure 4.1.8 - Confusion matrix of heart diseases risk using Decision Trees.........................................41
Figure 4.1.9 - Output of the confusion matrix of stroke risk using Decision Trees..................42
Figure 4.1.10 - Confusion matrix of stroke risk using Decision Trees...................................................42
Figure 4.1.11 - Output of the confusion matrix of heart diseases risk using KNN...................44
Figure 4.1.12 - Confusion matrix of heart diseases risk using KNN......................................................44
Figure 4.1.13 - Output of the confusion matrix of stroke risk using KNN...............................45
Figure 4.1.14 - Confusion matrix of stroke risk using KNN.................................................................. 45
Figure A - 1 - Personal Key Indicators of HeartDiseases dataset......................................... A - 2
Figure B - 1 - Questionnaire..................................................................................................B - 1
Figure B - 2 - Questionnaire..................................................................................................B - 2
Figure B - 3 - Questionnaire..................................................................................................B - 3
Figure B - 4 - Questionnaire..................................................................................................B - 4
Figure B - 5 - Responses........................................................................................................B - 4
Figure B - 6 - Responses........................................................................................................B - 5
Figure B - 7 - Responses........................................................................................................B - 5
Figure B - 8 - Responses........................................................................................................B - 6
Figure B - 9 - Responses........................................................................................................B - 7
Figure C - 1 - UI of the Home Page.......................................................................................C - 1
Figure C - 2 - UI of the Factors Page.....................................................................................C - 1
Figure C - 3 - Login Page......................................................................................................C - 2
Figure C - 4 - Registration Page............................................................................................C - 2
Figure C - 5 - Data entry screen to enter the user details...................................................... C - 3
Figure C - 6 - Data entry screen to fill the questionnaire...................................................... C - 3
Figure C - 7 - Risk Analysis screen (Heart Diseases and Stroke Risk Percentages).............C - 3
Figure C - 8 - Risk Analysis screen (Mental Diseases Risk and CVD Risk Percentages)....C - 4
Figure C - 9 - Risk Analysis screen (Association of Each Risk Factor in Heart Diseases and
Stroke)....................................................................................................................................C - 4
Figure C - 10 - Risk Analysis History...................................................................................C - 4

vii



LIST OF TABLES

Table 2.1.1 - Comparison between the similar work related to the cardiovascular diseases

prediction and proposed project..................................................................................................7

Table 3.3.1 - Fields and details of the BRFSS dataset............................................................. 10

Table 3.3.2 - Fields and details of the The Personal Key Indicators of Heart Disease dataset.12

Table 4.1.1 - Confusion matrix for cardiovascular disease risk among people with mental

illnesses..................................................................................................................................... 31

viii



LIST OF ABBREVIATIONS

BMI - Body Mass Index

CVD - Cardiovascular Diseases

ML - Machine Learning

UI- User Interfaces

ix



CHAPTER 1

INTRODUCTION
1.1 Statement of the problem
Cardiovascular Diseases (CVD) are a group of diseases and disorders in heart and blood

vessels and one of the leading causes of deaths worldwide.

There are four main types of CVD:

- Coronary heart disease - occurs when the blood supply of heart muscles is blocked or

interrupted by a build-up of fatty substances (atheroma) in the coronary arteries

- Stroke - A stroke is a serious medical condition that occurs when the blood supply to

the brain is disturbed

- Peripheral arterial disease - Peripheral arterial disease, happens when there is a

blockage in the arteries to your limbs (usually your legs)

- Aortic disease - The aorta is the largest blood vessel in the body. It carries blood from

the heart to the body. The most common type of aortic disease is aortic aneurysm,

which is where the wall of the aorta becomes weakened and bulges outwards (18

November 2022, Cardiovascular disease)

People who are suffering from mood disorders, depression, anxiety, PTSD (Post-traumatic

stress disorder), chronic stress for a long period of time may experience disorders in the heart

due to the increase in blood pressure, increased heart rate, and reduced blood flow to the

heart. And people with severe mental illness (SMI), including schizophrenia and bipolar

disorder are more prone to CVD (Nielsen, R.E., Banner, J. & Jensen, S.E), (Osborn DPJ,

Hardoon S, Omar RZ, et a, 2014l)

Mood Disorders: People living with mood disorders, such as major depression or bipolar

disorder, find that their mood affects both psychological and mental well-being nearly every

day for most of the day

Anxiety Disorders: People respond to certain objects or situations with fear, dread, or terror.

Anxiety disorders include generalized anxiety, social anxiety, panic disorders, and phobias

Post-Traumatic Stress Disorder (PTSD): People can experience PTSD after undergoing a

traumatic life experience, such as war, natural disaster, or any other serious incident
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Chronic Stress: People are in a state of uncomfortable emotional stress—accompanied by

predictable biochemical, physiological, and behavioral changes—that is constant and persists

over an extended period of time

Evidence shows that mental health disorders such as depression, anxiety, and PTSD can

develop after cardiac events, including heart failure, stroke, and heart attack. These disorders

can be brought on after an acute heart disease event from factors including pain, fear of death

or disability, and financial problems associated with the event (08 September 2022, Heart

disease and mental health), (National Center for Chronic Disease Prevention and Health ,

May 6, 2020), (De Hert M, Detraux J, Vancampfort D)

Mental health disorders such as anxiety and depression may increase the chance of adopting

behaviors such as smoking, inactive lifestyle, or failure to take prescribed medications. This is

because people experiencing a mental health disorder may have fewer healthy coping

strategies for stressful situations, making it difficult for them to make healthy lifestyle choices

to reduce their risk for heart disease

The research is to predict the Cardiovascular Diseases Risk among the people who has these

types of mental illnesses

1.2 Project Aim and Objectives

The aim and objectives of this study is to examine the relationship between mental health

disorders and CVD, including the common risk factors contributing to the development of

both conditions and to build a system to predict the risk factor of having Cardiovascular

Diseases when having mental illnesses considering a data set and training them using machine

learning methods

The specific objectives are as follows:

1. To critically review the literature on the relationship between mental health disorders

and CVD

2. To identify the common risk factors contributing to the development of mental health

disorders and CVD

3. To investigate the prevalence of CVD risk among individuals with mental health

disorders

4. To determine the impact of mental health disorders on the management and prognosis

of CVD
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5. To develop a decision support web based system to predict the CVD risk factors when

having mental illnesses

1.3 Scope
1.3.1 In Scope

- Collect data related to people having several mental illnesses and

Cardiovascular Diseases.

- Build a prediction algorithm by training a dataset to get the predictions about

Cardiovascular Diseases risk factor.

- Provide a system to enter the details about the patients and their mental health

history to get a CVD risk factor as an output.

- Perform exploratory data analysis to identify patterns and correlations between

mental health disorders and CVD.

- Ensure data preprocessing, including handling missing values and normalizing

data, to prepare for effective machine learning model training.

- Implement various machine learning models and evaluate their performance to

select the best predictive model for CVD risk assessment.

- Develop a user-friendly web-based interface for healthcare professionals to

input patient data and obtain CVD risk predictions.

- Regularly update the system with new data to improve the accuracy and

reliability of the predictive model.

1.3.2 Out Scope

- The system does not provide any medical consultancy services or any other

medical or predictive health solutions.

- The system does not offer any diagnostic services or confirm any medical

conditions.

- Preventive measures for cardiovascular diseases are not provided by the

system.

- The system does not offer personalized treatment plans or recommendations

for managing mental health disorders or cardiovascular diseases.

- The system does not provide interpretations or explanations of the predictive

model’s results in clinical terms.
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CHAPTER 2

LITERATURE REVIEW
2.1 Related Work/ Background Study

The purpose of this research is to find the possibilities of getting Cardiovascular Diseases

when people have mental illnesses and how much the risk factors could be. This research can

also be used to get predictions about how the mental illnesses lead to CVD and to get treated

for them to avoid CVD risk which is one of the leading causes of death in the world now.

The research is going to develop through the literature searches of previous researches,

studies, and using a standardized questionnaire. The questionnaire will include questions on

demographics, medical history, lifestyle factors, and mental health status.

Following is similar work done in the area of relationship between mental illnesses and

cardiovascular diseases.

- Study: "Association Between Mental Illness and Cardiovascular Disease: A

Systematic Review" by Osborn DP, et al. (2017) - This study explores the links

between mental illnesses and cardiovascular disease, highlighting the increased risk

and potential mechanisms underlying this association

- Study: "Mental Illness and Risk of Cardiovascular Disease Mortality" by Druss BG, et

al. (2018) - Investigates the impact of mental illness on cardiovascular disease

mortality, emphasizing the need for integrated care to address the cardiovascular

health of individuals with mental illnesses

- Study: "Psychiatric Disorders and Cardiovascular Disease: A Review of the Evidence"

by Lichtman JH, et al. (2019) - Provides a comprehensive overview of the evidence

linking psychiatric disorders to cardiovascular disease, emphasizing the importance of

collaborative care in managing both conditions simultaneously

- Study: "Cardiovascular Disease and Mental Health: A Review of the Bidirectional

Relationship" by Walker ER, et al. (2020) - Explores the bidirectional relationship

between cardiovascular disease and mental health, highlighting the potential shared

risk factors and pathways that contribute to the increased risk in this population

- Study: "Management of Cardiovascular Risk in Patients with Severe Mental Illnesses"

by Carvalho AF, et al. (2021) - Discusses the challenges and strategies for managing
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cardiovascular risk in patients with severe mental illnesses, emphasizing the

importance of integrated and collaborative care approaches

- Study: “Cardiovascular Risk Prediction Models for People With Severe Mental

Illness” by Osborn DPJ, Hardoon S, Omar RZ, et al. (2014) - A prospective study of

anonymous data collected between January 1, 1995, and December 31, 2010,

Conducted to develop and validate a 10-year risk score for predicting newly recorded

cardiovascular events in people with SMI

- Study: “A novel approach for heart disease prediction using strength scores with

significant predictors” by Yazdani, A., Varathan, K.D., Chiam, Y.K. et al. (2021) -

This study managed to provide a significant contribution in computing the strength

scores with significant predictors in heart disease prediction

- Study: “Cardiovascular disease prediction by machine learning incorporation with

deep learning” by Subramani S, Varshney N, Anand MV, Soudagar MEM, Al-keridis

LA, Upadhyay TK, Alshammari N, Saeed M, Subramanian K, Anbarasu K and Rohini

K. (2023) - Finding the patients at high risk for CVD identified by prediction models

that use risk stratification

- Study: “Accurate Prediction of Coronary Heart Disease for Patients With

Hypertension From Electronic Health Records With Big Data and Machine-Learning

Methods: Model Development and Performance Evaluation” by NCBI. (2020) - Based

on a large population of patients with hypertension in Shenzhen, China, the study is

aimed at establishing a high-precision coronary heart disease (CHD) prediction model

through big data and machine-learning

Comparison between the related research and proposed project: Table 2.1.1 shows the

comparison between the similar work related to the cardiovascular diseases prediction and

proposed project.

Related Project Name Related Project Description Proposed Project

“Association Between Mental
Illness and Cardiovascular
Disease: A Systematic
Review" by Osborn DP, et al.
(2017)

This study explores the links
between mental illnesses and
cardiovascular disease,
highlighting the increased risk
and potential mechanisms
underlying this association

The proposed project
predict the mental statuses
and their association with
the CVD by also
considering other factors
such as BMI, Alcohol
Consumption, Physical
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Health, Mental health,
Difficulty Walking,
Physical Activity, General
Health, Sleep Time

"Mental Illness and Risk of
Cardiovascular Disease
Mortality" by Druss BG, et al.
(2018)

Investigates the impact of
mental illness on
cardiovascular disease
mortality, emphasizing the
need for integrated care to
address the cardiovascular
health of individuals with
mental illnesses

"Psychiatric Disorders and
Cardiovascular Disease: A
Review of the Evidence" by
Lichtman JH, et al. (2019)

Provides a comprehensive
overview of the evidence
linking psychiatric disorders
to cardiovascular disease,
emphasizing the importance of
collaborative care in managing
both conditions
simultaneously

"Cardiovascular Disease and
Mental Health: A Review of
the Bidirectional Relationship"
by Walker ER, et al. (2020)

Explores the bidirectional
relationship between
cardiovascular disease and
mental health, highlighting the
potential shared risk factors
and pathways that contribute
to the increased risk in this
population

"Management of
Cardiovascular Risk in Patients
with Severe Mental Illnesses"
by Carvalho AF, et al. (2021)

Discusses the challenges and
strategies for managing
cardiovascular risk in patients
with severe mental illnesses,
emphasizing the importance of
integrated and collaborative
care approaches

“Cardiovascular Risk
Prediction Models for People
With Severe Mental Illness” by
Osborn DPJ, Hardoon S, Omar
RZ, et al. (2014)

A prospective study of
anonymous data collected
between January 1, 1995, and
December 31, 2010,
Conducted to develop and
validate a 10-year risk score
for predicting newly recorded
cardiovascular events in
people with SMI

“A novel approach for heart
disease prediction using
strength scores with significant
predictors” by Yazdani, A.,

This study managed to
provide a significant
contribution in computing the
strength scores with
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Varathan, K.D., Chiam, Y.K. et
al. (2021)

significant predictors in heart
disease prediction

“Cardiovascular diseases
prediction by machine learning
incorporation with deep
learning” by Subramani S,
Varshney N, Anand MV,
Soudagar MEM, Al-keridis
LA, Upadhyay TK,
Alshammari N, Saeed M,
Subramanian K, Anbarasu K
and Rohini K. (2023)

Finding the patients at high
risk for CVD identified by
prediction models that use risk
stratification

“Accurate Prediction of
Coronary Heart Disease for
Patients With Hypertension
From Electronic Health
Records With Big Data and
Machine-Learning Methods:
Model Development and
Performance Evaluation” by
NCBI. (2020)

Based on a large population of
patients with hypertension in
Shenzhen, China, the study is
aimed at establishing a
high-precision coronary heart
disease (CHD) prediction
model through big data and
machine-learning

Table 2.1.1 - Comparison between the similar work related to the cardiovascular diseases prediction

and proposed project

2.2 Novelty of the Research and Expected Research Contribution to the

Field

There are several other researches related to Cardiovascular Disease risk among the people

who have severe mental illnesses (SMI) such as schizophrenia and bipolar disorders. This

research is intended to use the previous data sets along with additionally collected data and to

consider other mental illnesses such as depression, anxiety, PTSD (Post-traumatic stress

disorder) for the prediction of CVD Risk factors. Also predict mental statuses and their

association with the CVD by considering other factors such as BMI, Alcohol Consumption,

Physical Health, Mental health, Difficulty Walking, Physical Activity, General Health, Sleep

Time.
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CHAPTER 3

METHODOLOGY
3.1 Research Philosophy
The research philosophy guiding this study is pragmatism, as it allows for a flexible and

practical approach to address the complex relationship between mental health disorders and

cardiovascular diseases. Pragmatism acknowledges the importance of combining both

quantitative and qualitative methods to gain a comprehensive understanding of the research

problem. This approach aligns with the study's aim to develop a predictive model

(quantitative) while considering the contextual nuances and experiences of individuals

(qualitative).

3.2 Research Design
This research adopts a mixed-methods research design. The integration of qualitative and

quantitative data will provide a more comprehensive understanding of the relationship

between mental health disorders and cardiovascular diseases. The quantitative aspect involves

the development of a machine learning model to predict cardiovascular disease risk, while the

qualitative aspect encompasses exploring the experiences of individuals through interviews

and surveys.

The project is carried out in three main stages: collecting data and creating a database,

building the machine learning model and implementing the web based system to use the

prediction algorithm.

3.3 Dataset
As an initial task, I analyzed some data sets about the people who have mental illnesses and

have a risk of getting CVD. Collected and added more data related to that using a

questionnaire. This will include questions on demographics, medical history, lifestyle factors,

and mental health status.

- Quantitative Data: A comprehensive dataset will be collected, including demographic

details, medical history, mental health diagnosis, lifestyle factors, and cardiovascular

outcomes. This data will be obtained from electronic health records, surveys, and

relevant databases
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- Qualitative Data: Semi-structured interviews and surveys will be conducted to explore

the lived experiences of individuals with mental illnesses and cardiovascular diseases.

Open-ended questions will be used to capture rich narratives

Mental health issues can be predicted using factors such as

1. Family history and genetics: People with a family history of mental health issues may

be at higher risk of developing mental health problems themselves. Genetic testing

and analysis can also provide insights into potential risk factors

2. Early life experiences: Traumatic experiences or stress during childhood, such as

abuse or neglect, can increase the likelihood of developing mental health issues later

in life

3. Behavioral changes: Changes in behavior, such as withdrawal from social activities,

increased substance use, or changes in sleep or eating habits, may be early warning

signs of mental health issues.

4. Cognitive changes: Changes in thinking patterns, such as persistent negative thoughts

or difficulty concentrating, may also be early warning signs of mental health issues

5. Psychological assessments: Standardized assessments such as the Beck Depression

Inventory (BDI) or the Generalized Anxiety Disorder (GAD-7) questionnaire can help

identify individuals who may be experiencing mental health issues

6. The Behavioral Risk Factor Surveillance System (BRFSS) is the nation’s premier

system of health-related telephone surveys that collect state data about U.S. residents

regarding their health-related risk behaviors, chronic health conditions, and use of

preventive services. Established in 1984 with 15 states, BRFSS now collects data in

all 50 states as well as the District of Columbia and three U.S. territories. BRFSS

completes more than 400,000 adult interviews each year, making it the largest

continuously conducted health survey system in the world (About BRFSS.” CDC,

2023).

The below datasets have been used to prepare and develop a prediction algorithm to filter the

risk factor of CVD considering several factors using a machine learning approach.

Table 3.3.1 shows the fields and details of the BRFSS in the dataset used to get the data for

the system.
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Field of data Data Type Description

Poor Health 0-30 During the past 30 days, for about how many days did
poor physical or mental health keep you from doing your
usual activities, such as self-care, work, or recreation?

Health Care Access Yes/No Do you have any kind of health care coverage, including
health insurance, prepaid plans such as HMOs, or
government plans such as Medicare, or Indian Health
Service?

Health Care Access Yes/No Do you have one person you think of as your personal
doctor or health care provider?

Chronic Health
Conditions

Yes/No About the heart diseases having

Demographics Yes/No Are you limited in any way in any activities because of
physical, mental, or emotional problems?

Demographics Yes/No Do you now have any health problem that requires you
to use special equipment, such as a cane, a wheelchair, a
special bed, or a special telephone?

Demographics Yes/No Because of a physical, mental, or emotional condition,
do you have serious difficulty concentrating,
remembering, or
making decisions?

Demographics Yes/No Because of a physical, mental, or emotional condition,
do you have difficulty doing errands alone such as
visiting a
doctor’s office or shopping?

Tobacco Use Yes/No Have you smoked at least 100 cigarettes in your entire
life?

Table 3.3.1 - Fields and details of the BRFSS dataset

(National Center for Chronic Disease Prevention and Health Promotion, Division of

Population Health, May 16, 2014)

The Personal Key Indicators of Heart Disease dataset can be used in the research to consider

factors associated with both mental health and CVD. The dataset is a part of the Behavioral

Risk Factor Surveillance System (BRFSS), which conducts annual telephone surveys to

gather data on the health status of U.S. residents.
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Table 3.3.2 shows the fields and details of The Personal Key Indicators of Heart Disease in

the dataset. Appendix A contains a snapshot of the data obtained from the Personal Key

Indicators of Heart Disease dataset.

Appendix B shows the questionnaire used to collect the data from the people and the

responses to the questionnaire.

Field of data Data Type Description

Chronic Health Conditions Yes/No About the heart diseases having

BMI Number Body Mass Index

Smoking Yes/No Have you smoked at least 100 cigarettes in

your entire life? [Note: 5 packs = 100

cigarettes]

Alcohol Consumption Yes/No Heavy drinkers (adult men having more than

14 drinks per week and adult women having

more than 7 drinks per week)

Stroke Yes/No About the heart diseases having

Physical Health 0-30 Now thinking about your physical health,

which includes physical illness and injury, for

how many days during the past 30 days was

your physical health not good?

Mental Health 0-30 Now thinking about your mental health, which

includes stress, depression, and problems with

emotions, for how many days during the past

30 days was your mental health not good?

Difficulty Walking Yes/No Do you have serious difficulty walking or

climbing stairs?

Sex Male/Femal

e/Other

Male, Female other
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Age Category Number Fourteen-level age category

Race White/Black White or Black

Diabetic Yes/No Yes or No

Physical Activity 0-30 Adults who reported doing physical activity or

exercise during the past 30 days other than their

regular job

General Health 0-30 Would you say that in general your health is?

Sleep Time Number Hours per day

Asthma Yes/No Yes or No

Kidney Diseases Yes/No Yes or No

Skin Cancer Yes/No Yes or No

Table 3.3.2 - Fields and details of the The Personal Key Indicators of Heart Disease dataset

(Kamil Pytlak, Personal Key Indicators of Heart Disease)

3.4 Machine Learning Model
Machine learning technologies can analyze large amounts of data, to identify patterns. By

giving the factors associated with the mental health conditions, an ML model can be created

to predict the risk factors of the CVD risk

For this, data is selected from the dataset and preprocessed by removing and changing the

data types. After that, machine learning is used to analyze the data to get the expected output.

The Figure 3.4.1 shows the High Level System Architecture to be designed to use the

prediction model to predict CVD risk when given the data about mental health

The system uses a database to store the dataset data and use them to process the data given to

the system by users.
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Figure 3.4.1 - High Level System Architecture

The project has used supervised machine learning, it is a ML technique where models are

trained on labeled data. The models find the mapping function to map input variables with the

output variable or the labels.

In this project, R is used to build the machine learning model and the predictions. R is one of

the major languages for data science. It provides excellent visualization features, which are

essential to explore the data before submitting it to any automated learning, as well as

assessing the results of the learning algorithm. Many R packages for machine learning are

available off the shelf and many modern methods in statistical learning are implemented in R

as part of their development.

Below are the steps of creating the machine learning model using R,

Import the dataset and view a summary to get an idea about the statistical distribution of the

data. Figure 3.4.2 shows the code used to import and visualize the dataset.

Figure 3.4.2 - Code used to import and visualize the dataset
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Figure 3.4.3 shows a section of the imported dataset

Figure 3.4.3 - Section of the imported dataset

Figure 3.4.4 shows the summary of the dataset

Figure 3.4.4 - Summary of the dataset
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Here Age Category, Sex, Race, Asthma, Kidney Disease, and Skin Cancer fields will be

dropped from the dataset as they are not used for the prediction model.

Figure 3.4.5 shows the code to drop the above columns from the dataset and Figure 3.4.6

shows the modified dataset.

Figure 3.4.5 - Code to drop the columns from the dataset

Figure 3.4.6 - Modified dataset

The next step is to convert all the character columns to factors. Figure 3.4.7 shows the code

that has converted the data and Figure 3.4.8 shows the converted dataset with the columns

Heart Diseases, Stroke, Smoking, Alcohol Drinking, Difficulty Walking, Mental Health,

Physical Activity, General Health, Heart Disease Risk, Stroke Risk, Mental Diseases Risk

Figure 3.4.7 - Converting data to factors
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Figure 3.4.8 - Converted data

The following charts shows how the

- Difficulty Walking affects Mental Health

- Physical Health affects the Mental Health

- Physical Activity affects the Mental Health

- General Health affects Mental Health

- Sleep Time affects Mental Health

Figure 3.4.9 shows the code used to plot the bar graphs to show the above relationships

among the data fields and Figure 3.4.10 - Figure 3.4.14 shows the plots generated for each of

the above relationships.

Figure 3.4.9 - Code used to plot the bar graphs

16



Figure 3.4.10 - Plot for Difficulty Walking

Figure 3.4.11 - Plot for Physical Health affects the Mental Health
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Figure 3.4.12 - Plot for Physical Activity affects the Mental Health

Figure 3.4.13 - Plot for General Health affects Mental Health
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Figure 3.4.14 - Plot for Sleep Time affects Mental Health

- The bar plot in Figure 3.4.10 indicates that there's an association between mental

disease risk levels and the proportion of individuals experiencing difficulty walking.

While the specifics vary based on the risk level, the overall trend is that as mental

disease risk increases, the proportion of individuals experiencing difficulty walking

tends to increase as well. However, even within the high-risk group, there's a portion

of individuals who do not experience difficulty walking

- The bar plot in Figure 3.4.11 indicates that when there is an increased number of days

of physical health not good, there is a high risk of mental health diseases

- The bar plot in Figure 3.4.12 shows that a proportion of not doing any physical

activity affects the high mental health risk and when engaged in physical activities, the

risk of having mental health risk is low

- The plot in Figure 3.4.13 shows that the proportions of poor and fair general health

conditions contributes to a higher risk of mental health diseases and the contribution

of excellent, very good and good general health levels for a higher mental health

disease risk is low
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- The plot in Figure 3.4.14 indicates for each sleep time how the risk of mental health

disease increases. According to the bar plots, there is a high risk of mental health

diseases when the sleep time is low

The data fields, BMI, Alcohol Consumption, Physical Health, Mental health, Difficulty

Walking, Physical Activity, General Health, Sleep Time, Heart Disease are used to predict the

Heart Diseases risk

The data fields, BMI, Alcohol Consumption, Physical Health, Mental health, Difficulty

Walking, Physical Activity, General Health, Sleep Time, Stroke are used to predict the Stroke

risk

The data fields, Physical Health, Mental health, Difficulty Walking, Physical Activity,

General Health, Sleep Time are used to predict the Mental Health risk

Figure 3.4.15 and Figure 3.4.16 show the 2 graphs for the relationship between the Mental

Health Risk vs Heart Disease Risk and Mental Health vs Stroke and Figure 3.4.17 shows the

code used to generate the graphs.

Figure 3.4.15 - Relationship between the Mental Health Risk vs Heart Disease Risk
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Figure 3.4.16 - Relationship between the Mental Health Risk vs Stroke Risk

Figure 3.4.17 - Code used to generate the relationship between the Mental Health Risk vs Heart Disease Risk

and Mental Health Risk vs Stroke Risk

Plotting 2 graphs of the relationship between Mental Health Risk vs Heart Disease Risk and

Mental Health Risk vs Stroke Risk shows that higher proportion of mental health risk

contributes for a high risk of heart disease or stroke.

- High Mental Health Risk: For individuals with a high risk of mental health issues, the

entire range of the heart attack risk and stroke proportion (from 0.00 to 1.00) is

associated with a high risk of heart attacks and Strokes. This indicates that within the

group classified as having a high risk of mental health issues, all proportions of

individuals face a high risk of heart attacks or Stroke.
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- Low Mental Health Risk: Conversely, for individuals with a low risk of mental health

issues, the heart attack or stroke risk proportion is split into two ranges:

- From 0.00 to 0.25: Within this range, individuals have a low risk of heart

attacks or stroke.

- From 0.25 to 1.00: Within this range, individuals have a high risk of heart

attacks or stroke.

Individuals with a high mental health risk are uniformly associated with a high risk of heart

attacks or stroke, while individuals with a low mental health risk have a transition from low to

high heart attack risk or stroke risk as the proportion shifts from 0.00 to 0.25 to 0.25 to 1.00.

To compare the observed results with the expected results, a chi-square test has been used.

The Chi-Square test can be used for categorical data to check if the variables have an

association. Figure 3.4.18 shows the code used to create new columns for Heart Diseases

Risk, Stroke Risk and Mental Health Risk considering the factors BMI, Smoking, Alcohol

Drinking, Physical Health, Difficulty Walking, Physical Activity, General Health, Sleep Time.

Creating a contingency table that counts the frequency of occurrences for each combination of

levels between the "Mental Diseases Risk" vs “Heart Diseases Risk” and "Mental Diseases

Risk" vs "Stroke Risk" variables. And finally perform the Chi-square Test.

Figure 3.4.18 - Code for creating new columns for Heart Diseases Risk, Stroke Risk and Mental Health Risk
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Figure 3.4.19 gives the Chi-square Test result that contains a test statistic (X-squared) of

45429, with 1 degree of freedom (df), and a p-value less than 2.2e-16 for Mental Diseases

Risk vs Heart Diseases Risk.

P-value shows that there is a statistically significant association between the variables

represented in the contingency table ,as the p - value is smaller than 0.05.

Figure 3.4.19 - Chi-square Test mental diseases risk vs heart disease risk

Figure 3.4.20 gives the Chi-square Test result that contains a test statistic (X-squared) of

46336, with 1 degree of freedom (df), and a p-value less than 2.2e-16 for Mental Diseases

Risk vs Heart Diseases Risk.

P-value shows that there is a statistically significant association between the variables

represented in the contingency table ,as the p - value is smaller than 0.05.

Figure 3.4.20 - Chi-square Test mental diseases risk vs stroke risk

Figure 3.4.21 shows the code used to generate the heatmap by creating a data frame using the

contingency table. Figure 3.4.22 shows the heatmap that shows the association of Mental

Diseases Risk vs Heart Diseases Risk and Figure 3.4.23 represents the association of Mental

Diseases Risk vs Stroke Risk

Figure 3.4.21 - Code to generate the heatmaps for mental diseases risk vs heart disease risk and stroke risk
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Figure 3.4.22 - Heatmap of mental diseases risk vs heart disease risk

Figure 3.4.23 - Heatmap of mental diseases risk vs stroke

In summary, the visualizations suggest that there's a relationship between mental health risk

levels and the risk of heart attacks or stroke.

After the above exploratory data analysis, the data is split into training and test datasets. Here,

the Random Forest algorithm is used to train the data. Setting up the model is done using
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‘set.seed’ to select a random seed and make the model reproducible. Next, call the

randomForest classifier and point it to the ‘HeartDisease_Risk’ and ‘Stroke_Risk’ column for

the outcome and provide the ‘train’ set as input. Figure 3.4.18 and Figure 3.4.19 shows the

code and Figure 3.4.24 to Figure 3.4.29 shows the output.

Figure 3.4.24 - Code for training mental diseases risk vs heart disease risk data

Figure 3.4.25 - Code for training mental diseases risk vs stroke risk data
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Figure 3.4.26 - Output of the training data of heart disease risk

Estimate of error rate (10.76%), the number of trees (500), the variables at each split (1), and

the function used to build the classifier (randomForest).

Figure 3.4.27 - Output of the confusion matrix of heart disease risk
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Figure 3.4.28 - Output of the training data of stroke risk

Estimate of error rate (10.95%), the number of trees (500), the variables at each split (1), and

the function used to build the classifier (randomForest).

Figure 3.4.29 - Output of the confusion matrix of stroke risk

Random Forest Tree algorithm is used for classification and regression tasks due to its high

accuracy, robustness, feature importance, versatility, and scalability. Random Forest reduces

overfitting by averaging multiple decision trees and is less sensitive to noise and outliers in

the data.
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As the final step of building the machine learning model, four functions have been created to

get probabilities of Heart Diseases Risk, Stroke Risk, Mental Diseases Risk and Heart

Diseases/Stroke Risk when having a Mental Diseases Risk as percentages.

Figure 3.4.30 shows the code used to get the estimations of the predictor variables of the heart

diseases risk probability as a percentage based on BMI, Smoking, Alcohol Drinking, Physical

Health, Diff Walking, Physical Activity, General Health, SleepTime fields taken as the

independent variables and Heart Diseases field as the dependant variable. This prediction has

been done as a logistic regression. Figure 3.4.31 shows the summary of the model that

includes estimated coefficients and their statistical significance of the given fields. The

significance of each predictor variable can help in understanding their relative importance in

predicting the outcome variable. The coefficient estimates show the effect of each predictor

variable on the log-odds of the dependent variable. The z-value and p-value provide

information about the statistical significance of each coefficient estimate.

Figure 3.4.32 shows the code for the function that used the above generated estimations that

calculate the probability of Heart Diseases Risk.

Figure 3.4.30 - Code used to get the estimations of the predictor variables of the heart diseases risk

Figure 3.4.31 - Summary of the heart diseases risk model
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Figure 3.4.32 - Code to calculate the probability of heart diseases risk

Similarly, Figure 3.4.33 shows the code used to get the estimations of the predictor variables

of the stroke risk. Figure 3.4.34 shows the summary of the stroke risk model and Figure

3.4.35 is for the code to calculate the probability of stroke risk.

Figure 3.4.33 - Code used to get the estimations of the predictor variables of the stroke risk
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Figure 3.4.34 - Summary of the stroke risk model

Figure 3.4.35 - Code to calculate the probability of stroke risk

Figure 3.4.36 shows the code used to get the estimations of the predictor variables of the

mental health risk. Figure 3.4.37 shows the summary of the mental health risk model and

Figure 3.4.38 is for the code to calculate the probability of mental health risk. Figure 3.4.39

shows the code used to calculate the probability of heart diseases and stroke risk based on the

mental diseases risk probability.
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Figure 3.4.36 - Code used to get the estimations of the predictor variables of the mental health risk

Figure 3.4.37 - Summary of the mental health risk model
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Figure 3.4.38 - Code to calculate the probability of mental health risk

Figure 3.4.39 - Code to calculate the heart diseases and stroke risk based on the mental health risk probability

3.5 Web Based System
As the final task, building the web based system is developed using the prediction algorithm

developed. There is a home page, factors page that shows some factors that considers heart

diseases and mental diseases risks and an About page.

The system has the following functionalities,

1. Registration and Login to the system

2. Enter user details

3. Fill the questionnaire

4. Analyze data and receive the risk factor of CVD - The four functions built in

the machine learning model will be used to get the probabilities of Heart

Diseases Risk, Stroke Risk, Mental Diseases Risk and Heart Diseases/Stroke

Risk when having a Mental Diseases Risk as percentages

Appendix C contains the Images of the web based system
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3.6 Ethical Considerations
The system ensures transparency and user privacy. When submitting data, users will receive a

confirmation prompt to verify their consent. Access to view data is restricted to authenticated

users, safeguarding sensitive information from unauthorized access. Additionally, a disclaimer

informs users that the analysis relies on predictive models, acknowledging the variability in

such assessments.

3.7 Limitations
Limitations may include potential biases in the collected data, external factors influencing

mental and cardiovascular health, and the generalizability of findings to diverse populations.
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CHAPTER 4

EVALUATION AND RESULTS

4.1 Evaluation Approach of Machine Learning Model
The project has used supervised machine learning, it is a ML technique where models are

trained on labeled data. The models find the mapping function to map input variables with the

output variable or the labels.

Predicting cardiovascular disease risk in people with mental illnesses based on the provided

data involves assigning individuals to different categories (e.g., at risk or not at risk).

Therefore, it is a classification problem.

In a classification model, the goal is to categorize input data into discrete classes or labels. In

this case, the classes are "The people having mental illnesses are at risk for cardiovascular

disease" and "The people having mental illnesses are not at risk for cardiovascular disease."

Classification models are suitable when the target variable is categorical, as opposed to

continuous.

Following are the steps used in evaluating cardiovascular disease risk in people with mental

illnesses

4.1.1 Data Preparation

In the data set, Age Category, Sex, Race, Asthma, Kidney Disease, and Skin Cancer fields

are dropped as they are not used for the prediction model. Heart Diseases, BMI, Stroke, Heart

Diseases, Smoking, Physical Health, Mental Health, General Health, Sleep Time, Difficulty

Walking, Physical Activity fields are used for the prediction model. As the next step, all the

character columns are converted to factors.

4.1.2 Data Splitting

The data is split into training and test datasets

4.1.3 Model Selection

Choosing a classification algorithm suitable for the problem. The following classification

models are considered
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KNN: The k Nearest Neighbors technique involves grouping the closest objects in a dataset

and finding the most frequent or average characteristics among the objects.

Decision Trees: Decision trees are classifiers that are used to determine what category an

input falls into by traversing the leaf's and nodes of a tree

Random Forest: Random forest is a collection of many decision trees from random subsets of

the data, resulting in a combination of trees that may be more accurate in prediction than a

single decision tree

4.1.4 Confusion Matrix

Confusion Matrix is used to analyze and understand true positives, true negatives, false

positives, and false negatives. Table 4.1.1 shows the confusion matrix for cardiovascular

disease risk among people with mental illnesses.

Actual Class

Predicted Class

Has Cardiovascular

Disease Risk

No Cardiovascular

Disease Risk

Has Cardiovascular

Disease Risk
TP FN

No Cardiovascular

Disease Risk
FP TN

Table 4.1.1 - Confusion matrix for cardiovascular disease risk among people with mental illnesses

- True Positives (TP): The instances that are correctly predicted as positive (actual

positive, predicted positive)

- True Negatives (TN): The instances that are correctly predicted as negative (actual

negative, predicted negative)

- False Positives (FP): The instances that are incorrectly predicted as positive (actual

negative, predicted positive)

- False Negatives (FN): The instances that are incorrectly predicted as negative (actual

positive, predicted negative)
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4.1.5 Evaluation Metrics

- Accuracy: Overall correctness of the model

Accuracy = (TP + FP) / (P + N)

- Error Rate: Percentage of our prediction are wrong =

Error Rate = (1 − Accuracy)

- Precision: Proportion of true positives among predicted positives

Precision = TP / (TP + FP)

- Recall (Sensitivity): Proportion of true positives among actual positives

Recall = TP / (TP + FN)

- F1-score: Harmonic mean of precision and recall, balancing the two

F1 Score = (2 x Precision x Recall) / (Precision + Recall)

- Specificity: Also known as the true negative rate

Specificity = TN / (TN + FP)

- Area Under the Receiver Operating Characteristic (ROC-AUC): Measures the model's

ability to discriminate between positive and negative instances

4.1.6 Training the Model

Train the model using the training set

- Random Forest Tree Model

Figure 4.1.1, Figure 4.1.2 and Figure 4.1.3 shows the confusion matrix and metrics for the

training data of heart disease risk prediction when having a mental diseases risk using

Random Forest tree model
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Figure 4.1.1 - Output of the training data of heart disease risk using Random Forest Trees

Figure 4.1.2 - Output of the confusion matrix of heart disease risk using Random Forest Trees

Figure 4.1.3 -Confusion matrix of heart disease risk using Random Forest Trees
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- Accuracy: 0.8924

- Sensitivity: 1.0000

- Specificity: 0.0000

- Error Rate: 10.76%

85618 (True Positives): The number of instances where the model correctly predicted the

class as "High Risk of CVD" and the actual class was also "High Risk of CVD."

10319 (False Positives): The number of instances where the model predicted the class as

"High Risk of CVD" but the actual class was "Low Risk of CVD." This indicates

misclassification where the model falsely labeled "Low Risk of CVD" instances as "High

Risk of CVD."

0 (True Negatives): The number of instances where the model correctly predicted the class as

"Low Risk of CVD" and the actual class was also "Low Risk of CVD." In this case, there are

no true negatives.

0 (False Negatives): The number of instances where the model predicted the class as "Low

Risk of CVD" but the actual class was "High Risk of CVD." In this case, there are no false

negatives.

Figure 4.1.4, Figure 4.1.5 and Figure 4.1.6 shows the confusion matrix and metrics for the

training data of stroke risk prediction when having a mental diseases risk using Random

Forest tree model

Figure 4.1.4 - Output of the training data of stroke risk using Random Forest Trees
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Figure 4.1.5 - Output of the confusion matrix of stroke risk using Random Forest Trees

Figure 4.1.6 - Confusion matrix of stroke risk using Random Forest Trees

- Accuracy: 0.8905

- Sensitivity: 1.0000

- Specificity: 0.0000

- Error Rate: 10.95%

85435 (True Positives): The number of instances where the model correctly predicted the

class as "High Risk of CVD" and the actual class was also "High Risk of CVD."
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10503 (False Positives): The number of instances where the model predicted the class as

"High Risk of CVD" but the actual class was "Low Risk of CVD." This indicates

misclassification where the model falsely labeled "Low Risk of CVD" instances as "High

Risk of CVD."

0 (True Negatives): The number of instances where the model correctly predicted the class as

"Low Risk of CVD" and the actual class was also "Low Risk of CVD." In this case, there are

no true negatives.

0 (False Negatives): The number of instances where the model predicted the class as "Low

Risk of CVD" but the actual class was "High Risk of CVD." In this case, there are no false

negatives.

- Decision Trees Model

Figure 4.1.7 and Figure 4.1.8 shows the confusion matrix and metrics for the training data of

heart diseases risk prediction when having a mental diseases risk using Decision Trees

Figure 4.1.7 - Output of the confusion matrix of heart diseases risk using Decision Trees
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Figure 4.1.8 - Confusion matrix of heart diseases risk using Decision Trees

- Accuracy: 0.8924

- Sensitivity: 1.0000

- Specificity: 0.000

- Error Rate - 10.76%

85618 (True Positives): The number of instances where the model correctly predicted the

class as "High Risk of CVD" and the actual class was also "High Risk of CVD."

10319 (False Positives): The number of instances where the model predicted the class as

"High Risk of CVD" but the actual class was "Low Risk of CVD." This indicates

misclassification where the model falsely labeled "Low Risk of CVD" instances as "High

Risk of CVD."

0 (True Negatives): The number of instances where the model correctly predicted the class as

"Low Risk of CVD" and the actual class was also "Low Risk of CVD." In this case, there are

no true negatives.

0 (False Negatives): The number of instances where the model predicted the class as "Low

Risk of CVD" but the actual class was "High Risk of CVD." In this case, there are no false

negatives.

Figure 4.1.9 and Figure 4.1.10 shows the confusion matrix and metrics for the training data of

stroke risk prediction when having a mental diseases risk using Decision Trees
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Figure 4.1.9 - Output of the confusion matrix of stroke risk using Decision Trees

Figure 4.1.10 - Confusion matrix of stroke risk using Decision Trees

- Accuracy: 0.8905

- Sensitivity: 1.0000

- Specificity: 0.000

- Error Rate - 10.95%
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85435 (True Positives): The number of instances where the model correctly predicted the

class as "High Risk of CVD" and the actual class was also "High Risk of CVD."

10503 (False Positives): The number of instances where the model predicted the class as

"High Risk of CVD" but the actual class was "Low Risk of CVD." This indicates

misclassification where the model falsely labeled "Low Risk of CVD" instances as "High

Risk of CVD."

0 (True Negatives): The number of instances where the model correctly predicted the class as

"Low Risk of CVD" and the actual class was also "Low Risk of CVD." In this case, there are

no true negatives.

0 (False Negatives): The number of instances where the model predicted the class as "Low

Risk of CVD" but the actual class was "High Risk of CVD." In this case, there are no false

negatives.

- K Nearest Neighbors Technique (KNN)

Figure 4.1.11 and Figure 4.1.12 shows the confusion matrix and metrics for the training data

of heart diseases risk prediction when having a mental diseases risk using KNN
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Figure 4.1.11 - Output of the confusion matrix of heart diseases risk using KNN

Figure 4.1.12 - Confusion matrix of heart diseases risk using KNN

- Accuracy: 0.8924

- Sensitivity: 1.0000

- Specificity: 0.000

- Error Rate - 10.76%

85618 (True Positives): The number of instances where the model correctly predicted the

class as "High Risk of CVD" and the actual class was also "High Risk of CVD."

10319 (False Positives): The number of instances where the model predicted the class as

"High Risk of CVD" but the actual class was "Low Risk of CVD." This indicates

misclassification where the model falsely labeled "Low Risk of CVD" instances as "High

Risk of CVD."

0 (True Negatives): The number of instances where the model correctly predicted the class as

"Low Risk of CVD" and the actual class was also "Low Risk of CVD." In this case, there are

no true negatives.

0 (False Negatives): The number of instances where the model predicted the class as "Low

Risk of CVD" but the actual class was "High Risk of CVD." In this case, there are no false

negatives.

Figure 4.1.13 and Figure 4.1.14 shows the confusion matrix and metrics for the training data

of stroke risk prediction when having a mental diseases risk using KNN
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Figure 4.1.13 - Output of the confusion matrix of stroke risk using KNN

Figure 4.1.14 - Confusion matrix of stroke risk using KNN

- Accuracy: 0.8905

- Sensitivity: 1.0000

- Specificity: 0.000

- Error Rate - 10.95%
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85435 (True Positives): The number of instances where the model correctly predicted the

class as "High Risk of CVD" and the actual class was also "High Risk of CVD."

10503 (False Positives): The number of instances where the model predicted the class as

"High Risk of CVD" but the actual class was "Low Risk of CVD." This indicates

misclassification where the model falsely labeled "Low Risk of CVD" instances as "High

Risk of CVD."

0 (True Negatives): The number of instances where the model correctly predicted the class as

"Low Risk of CVD" and the actual class was also "Low Risk of CVD." In this case, there are

no true negatives.

0 (False Negatives): The number of instances where the model predicted the class as "Low

Risk of CVD" but the actual class was "High Risk of CVD." In this case, there are no false

negatives.

In this project, the Random Forest Tree algorithm is used for classification and regression

tasks due to its high accuracy, robustness, feature importance, versatility, and scalability.

Random Forest reduces overfitting by averaging multiple decision trees and is less sensitive

to noise and outliers in the data.

4.2 Web Based System Validation and Testing
Assess the development process and validation techniques used for the decision support

web-based system to predict CVD risk factors in individuals with mental illnesses. Evaluate

the accuracy, reliability, and usability of the system through validation studies and user

feedback
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CHAPTER 5

CONCLUSION AND FUTUREWORK
5.1 Conclusion
In summary, this report suggests that there is a connection between mental health issues and

heart problems. People with conditions like depression or anxiety tend to have higher risks of

developing heart diseases like heart attacks or strokes. Our initial analysis using R showed

that these individuals often struggle with maintaining a healthy weight, have poorer physical

health, and experience disturbed sleep patterns. This, in turn, seems to increase their chances

of developing heart issues.

Our early machine learning models seem promising in predicting the likelihood of heart

problems in people with mental health conditions. However, we still need to fine-tune these

models to ensure their accuracy. Our future plans include delving deeper into the specific

factors linking mental health and heart diseases, using more comprehensive data and

advanced techniques. We are also working on a user-friendly online tool that can help

individuals assess their risk of heart issues based on their mental health status.

Overall, this study aims to contribute to better preventive strategies and tailored interventions

for people dealing with both mental health and heart issues. We are working on refining our

models further and conducting more thorough tests to ensure the reliability of our proposed

system.

5.2 Future Work
Future work includes identifying which risk factors impact the most for the developing

cardiovascular diseases in the context of mental illness and giving suggestions to mitigate

these risk factors by lifestyle modifications, stress management techniques, targeted

medication regimes, and early detection and treatment of mental health issues

5.3 Deliverables
Develop a prediction algorithm to predict the risk factor of CVD for people having mental

illnesses

A web based system to enter the details about the health conditions and other related data

about the people and predict the risk of getting CVD considering the mental illnesses if exists

in a person

47



REFERENCES

“Cardiovascular diseases (CVDs).” World Health Organization (WHO), 11 June 2021,

https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds). Accessed 30

October 2023.

Nielsen, R.E., Banner, J. & Jensen, S.E. Cardiovascular disease in patients with severe mental illness.

Nat Rev Cardiol 18, 136–145 (2021). [Online] URL:

https://www.nature.com/articles/s41569-020-00463-7

Osborn DPJ, Hardoon S, Omar RZ, et al. Cardiovascular Risk Prediction Models for People With

Severe Mental Illness: Results From the Prediction and Management of Cardiovascular Risk in People

With Severe Mental Illnesses (PRIMROSE) Research Program. JAMA Psychiatry.

2015;72(2):143–151. doi:10.1001/jamapsychiatry.2014.2133, [Online] URL:

https://jamanetwork.com/journals/jamapsychiatry/fullarticle/2043173

“Cardiovascular disease - Illnesses & conditions.” NHS inform, 18 November 2022,

https://www.nhsinform.scot/illnesses-and-conditions/heart-and-blood-vessels/conditions/cardiovascula

r-disease. Accessed 30 October 2023.

“Heart disease and mental health.” Better Health Channel,

https://www.betterhealth.vic.gov.au/health/healthyliving/heart-disease-and-mental-health. Accessed 30

October 2023.

“Cardiovascular Disease dataset.” Kaggle,

https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-dataset. Accessed 30 October 2023.

“Heart Disease and Mental Health Disorders | cdc.gov.” CDC,

https://www.cdc.gov/heartdisease/mentalhealth.htm. Accessed 30 October 2023.

“The intriguing relationship between coronary heart disease and mental disorders.” NCBI,

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6016051/. Accessed 30 October 2023.

“About BRFSS.” CDC, https://www.cdc.gov/brfss/about/index.htm. Accessed 30 October 2023.

“Indicators of Heart Disease (2022 UPDATE).” Kaggle,

https://www.kaggle.com/datasets/kamilpytlak/personal-key-indicators-of-heart-disease. Accessed 30

October 2023.

Madhugiri, Devashree. “Build a Step-by-step Machine Learning Model Using R.” Analytics Vidhya,

26 July 2022,

https://www.analyticsvidhya.com/blog/2022/06/build-a-step-by-step-machine-learning-model-using-r/.

Accessed 30 October 2023.
48

https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
https://www.nature.com/articles/s41569-020-00463-7
https://jamanetwork.com/journals/jamapsychiatry/fullarticle/2043173
https://www.nhsinform.scot/illnesses-and-conditions/heart-and-blood-vessels/conditions/cardiovascular-disease
https://www.nhsinform.scot/illnesses-and-conditions/heart-and-blood-vessels/conditions/cardiovascular-disease
https://www.betterhealth.vic.gov.au/health/healthyliving/heart-disease-and-mental-health
https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-dataset
https://www.cdc.gov/heartdisease/mentalhealth.htm
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6016051/
https://www.cdc.gov/brfss/about/index.htm
https://www.kaggle.com/datasets/kamilpytlak/personal-key-indicators-of-heart-disease
https://www.analyticsvidhya.com/blog/2022/06/build-a-step-by-step-machine-learning-model-using-r/


“A novel approach for heart disease prediction using strength scores with significant predictors - BMC

Medical Informatics and Decision Making.” BMC Medical Informatics and Decision Making, 21 June

2021, https://doi.org/10.1186/s12911-021-01527-5. Accessed 30 October 2023.

“Cardiovascular diseases prediction by machine learning incorporation with deep learning.” Frontiers,

17 April 2023, https://www.frontiersin.org/articles/10.3389/fmed.2023.1150933/full. Accessed 30

October 2023.

Ding, Eric, and Sai Veeranki. “Accurate Prediction of Coronary Heart Disease for Patients With

Hypertension From Electronic Health Records With Big Data and Machine-Learning Methods: Model

Development and Performance Evaluation.” NCBI, 6 July 2020,

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7381262/. Accessed 30 October 2023.

49

https://doi.org/10.1186/s12911-021-01527-5
https://www.frontiersin.org/articles/10.3389/fmed.2023.1150933/full
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7381262/.


APPENDICES
APPENDIX A: Data obtained from the Personal Key Indicators of

HeartDiseases dataset
This dataset comprises essential indicators related to heart disease risk factors. The following

fields and details are included:

- BMI (Body Mass Index):

- Type: Number

- Definition: Body Mass Index, a measure calculated from a person's weight and

height, used to assess body fatness and potential health risks associated with

weight.

- Smoking:

- Type: Yes/No

- Definition: Indicates whether the individual has smoked at least 100 cigarettes

in their lifetime. Note: 5 packs of cigarettes equate to 100 cigarettes.

- Alcohol Consumption:

- Type: Yes/No

- Definition: Indicates whether the individual is a heavy drinker, with adult men

consuming more than 14 drinks per week and adult women consuming more

than 7 drinks per week.

- Physical Health:

- Type: Number (0-30)

- Definition: The number of days in the past 30 days during which the

individual's physical health was not good.

- Mental Health:

- Type: Number (0-30)

- Definition: The number of days in the past 30 days during which the

individual's mental health was not good.

- Difficulty Walking:

- Type: Yes/No

- Definition: Indicates whether the individual experiences serious difficulty

walking or climbing stairs.

- Sex:

- Type: Male/Female/Other

A - 1



- Definition: Gender identification of the individual.

- Age Category:

- Type: Number

- Definition: Fourteen-level categorization of age.

- Physical Activity:

- Type: Number (0-30)

- Definition: Indicates the number of days during the past 30 days in which the

individual engaged in physical activity or exercise other than their regular job.

- General Health:

- Type: Poor, Fair, Good, Very Good, Excellent

- Definition: Subjective assessment of the individual's general health status.

- Sleep Time:

- Type: Number

- Definition: Hours per day of sleep.

Figure A - 1 - Personal Key Indicators of HeartDiseases dataset
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APPENDIX B: Data obtained from the Questionnaire
The questionnaire utilized to collect data from individuals included the following inquiries

and corresponding responses. These questions aim to gather information related to key

indicators of heart disease risk factors, lifestyle choices, and general health status.

Figure B - 1 - Questionnaire
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Figure B - 2 - Questionnaire
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Figure B - 3 - Questionnaire
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Figure B - 4 - Questionnaire

Figure B - 5 - Responses
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Figure B - 6 - Responses

Figure B - 7 - Responses
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Figure B - 8 - Responses
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Figure B - 9 - Responses
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APPENDIX C: UI of the Web Based System
The system consists of following main UIs

- Registration and Login to the system

- Enter user details

- Fill the questionnaire

- Analyze data and receive the risk factor of CVD - The four functions built in the

machine learning model will be used to get the probabilities of Heart Diseases Risk,

Stroke Risk, Mental Diseases Risk and Heart Diseases/Stroke Risk when having a

Mental Diseases Risk as percentages

Figure C - 1 - UI of the Home Page

Figure C - 2 - UI of the Factors Page
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Figure C - 3 - Login Page

Figure C - 4 - Registration Page
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Figure C - 5 - Data entry screen to enter the user details

Figure C - 6 - Data entry screen to fill the questionnaire
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Figure C - 7 - Risk Analysis screen (Heart Diseases and Stroke Risk Percentages)

Figure C - 8 - Risk Analysis screen (Mental Diseases Risk and CVD Risk Percentages)

Figure C - 9 - Risk Analysis screen (Association of Each Risk Factor in Heart Diseases and Stroke)

Figure C - 10 - Risk Analysis History
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