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ABSTRACT 

Cardiovascular disease (CVD) is one of the leading causes of death worldwide. 

Personalized medicine offers a promising approach to improving CVD treatment 

outcomes by considering individual differences in genetic makeup, lifestyle, and 

environment. In recent years, machine learning (ML) techniques have gained 

attention in the field of personalized medicine due to their ability to analyze large 

datasets and identify complex patterns. PharmGKB is a widely used database that 

contains pharmacogenomics information, including gene-drug interactions, drug 

response, and clinical annotations. In this study, we used the PharmGKB database to 

investigate the role of ML in predicting gene response to drugs for CVD treatment. 

We collected data from the PharmGKB database and filtered out relevant data related 

to CVD.We performed statistical analysis and converted the data into numerical 

values. We then used linear regression and logistic regression algorithms to train the 

data and predict gene response for drugs. Our results showed that both linear and 

logistic regression algorithms had high accuracy scores of 93%, in predicting gene 

response for drugs.Our study demonstrates the potential of ML techniques in 

predicting gene response to drugs for CVD treatment. By leveraging the wealth of 

information in the PharmGKB database, ML models can aid in the development of 

personalized medicine strategies for CVD patients. The findings of this study may 

have implications for the future of precision medicine and CVD treatment. 
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CHAPTER 1 

INTRODUCTION  

Heart disease describes a range of conditions that affect your heart. Today, 

cardiovascular diseases are the leading cause of death worldwide with 17.9 million 

deaths annually, as per the World Health Organization reports. Various unhealthy 

activities are the reason for the increase in the risk of heart disease like high 

cholesterol, obesity, increase in triglycerides levels, hypertension, etc. *ere are certain 

signs which the American Heart Association lists like the persons having sleep 

issues, a certain increase and decrease in heart rate (if regular heart beat), swollen 

legs, and in some cases weight gain occurring quite fast; it can be 1-2 kg daily. All 

these symptoms resemble different diseases also like it occurs in the aging persons, 

so it becomes a difficult task to get a correct diagnosis, which results in fatality in near 

future. But as time is passing, a lot of research data and patients records of hospitals 

are available. There are many open sources for accessing the patient’s records and 

researches can be conducted so that various computer technologies could be used 

for doing the correct diagnosis of the patients and detect this disease to stop it from 

becoming fatal. Now a days it is well known that machine learning and artificial 

intelligence are playing a huge role in the medical industry. We can use different 

machine learning and deep learning models to diagnose the disease and classify or 

predict the results. A complete genomic data analysis can easily be done using 

machine learning models. Models can be trained for knowledge pandemic predictions 

and also medical records can be transformed and analyzed more deeply for better 

predictions. Many studies have been performed and various machine learning models 

are used for doing the classification and prediction for the diagnosis of heart disease 

(Little et at., 2023). 

The Pharmacogenomics Knowledge Base (PharmGKB) database is a valuable 

resource for investigating the relationship between genetic variation and drug 

response in CVD. The database provides information on the pharmacogenomics of 

many drugs used in the treatment of CVD, including anticoagulants, antiplatelet 
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agents, and lipid-lowering agents. This information can be used to identify genetic 

biomarkers that predict drug response in patients with CVD, which can ultimately lead 

to improved outcomes (Dávila-Fajardo et at., 2019).  

Machine learning is a powerful tool for analyzing large datasets and identifying 

patterns that may not be apparent with traditional statistical approaches. In the field of 

CVD, machine learning has been used to predict outcomes, identify new biomarkers, 

and optimize treatment strategies. One application of machine learning in CVD is the 

identification of genetic biomarkers that predict drug response. The relationship 

between genetic variation and drug response is complex and often influenced by 

multiple factors, including environmental and lifestyle factors. Machine learning 

algorithms can help to identify patterns in these complex datasets and predict drug 

response in patients with specific genotypes. One example of this approach is the use 

of machine learning to predict the response to antiplatelet therapy in patients with 

coronary artery disease. A recent study used a machine learning approach to identify 

genetic biomarkers that predicted the response to clopidogrel, an antiplatelet agent, in 

patients with coronary artery disease. The study identified several genetic variants 

associated with clopidogrel response and developed a predictive model that could be 

used to optimize treatment for patients with specific genotypes(Partin et at., 2022)  

The PharmGKB database is a valuable resource for investigating the relationship 

between genetic variation and drug response in CVD. The database provides 

information on the pharmacogenomics of many drugs used in the treatment of CVD, 

including anticoagulants, antiplatelet agents, and lipid-lowering agents. The database 

contains information on drug metabolism, drug interactions, and genetic biomarkers 

that predict drug response (Alshabeeb et at., 2022). 

In the past 5 years, the PharmGKB database has been used in several studies to 

identify genetic biomarkers that predict drug response in patients with CVD. For 

example, a recent study used the database to identify genetic variants associated 

with the response to statin therapy in patients with dyslipidemia. The study identified 

several genetic variants associated with statin response and developed a predictive 
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model that could be used to optimize treatment for patients with specific genotypes 

(Zhang et at., 2015). 

Another study used machine learning to predict the response to warfarin, an 

anticoagulant, in patients with atrial fibrillation using data from the PharmGKB 

database. The study identified several genetic variants associated with warfarin 

response and developed a predictive model that outperformed traditional clinical 

algorithms (Steiner et at., 2021). 

Furthermore, machine learning has been used to identify new biomarkers for CVD 

using the PharmGKB database. For example, a recent study used machine learning 

algorithms to identify genetic biomarkers associated with cardiovascular risk in 

individuals with type 2 diabetes using data from the PharmGKB database (Zhang et 

at., 2015).  

Cardiovascular disease treatments can differ by the type of condition, and there are 

many treatment options available depending on the type and severity of the condition. 

One of the first-line treatments for cardiovascular disease is making lifestyle changes 

such as adopting a healthy diet, getting regular exercise, quitting smoking, and 

managing stress. Medications are also commonly used to treat cardiovascular 

disease, including statins to lower cholesterol, beta-blockers to lower blood pressure 

and reduce heart rate, and antiplatelet and anticoagulant medications to prevent 

blood clots. In some cases, procedures may be recommended to treat cardiovascular 

disease, such as angioplasty to open blocked arteries or coronary artery bypass 

surgery to create a new route for blood flow. 

Cardiac rehabilitation is a structured program of exercise and education designed to 

help people with cardiovascular disease recover and improve their overall health. It is 

important to work with a healthcare provider to determine the best treatment plan for 

each individual patient, taking into account their specific needs and medical history. 

By following a comprehensive treatment plan, individuals with cardiovascular disease 

can improve their quality of life and reduce their risk of complications. Cardiovascular 

disease (CVD) is a group of disorders that affect the heart and blood vessels. 
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According to the World Health Organization (WHO), CVD is the leading cause of 

death worldwide, accounting for over 17 million deaths annually. Some common 

types of cardiovascular diseases include coronary artery disease (CAD), heart failure, 

cardiomyopathy, arrhythmia, heart valve disease, peripheral artery disease (PAD), 

aortic aneurysm, and stroke. These conditions can have a significant impact on a 

person's quality of life and can be life-threatening if left untreated. Risk factors for 

CVD include high blood pressure, high cholesterol, smoking, physical inactivity, 

obesity, diabetes, and a family history of heart disease. It's important to see a 

healthcare provider for regular checkups and to manage any risk factors that may 

increase the likelihood of developing cardiovascular disease. Lifestyle changes such 

as maintaining a healthy diet, exercising regularly, quitting smoking, and managing 

stress can also help reduce the risk of developing CVD. In this study, logistic 

regression and linear regression algorithms were used to predict cardiovascular 

disease risk based on genetic variations from the PharmGKB database. The accuracy 

of both algorithms was found to be 93%, indicating that they are reliable predictors of 

cardiovascular disease risk. This research has the potential to aid in the development 

of personalized medicine approaches for the prevention and treatment of 

cardiovascular disease. 
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CHAPTER 2 

LITERATURE SURVEY 

In the research paper of Clinical Data Analysis for Prediction of Cardiovascular 

Disease Using Machine Learning Techniques. Due to a number of risk factors, such 

as excessive blood pressure, cholesterol, and an irregular pulse rate, cardiovascular 

illness is difficult to identify. To manage cardiac risk, precise judgment and the best 

possible care are needed. Clinical practice in the healthcare business is anticipated to 

change as machine learning technology develops. As a result, machine learning 

approaches must be valued by academics and medical professionals. The major goal 

of this study is to suggest a very precise machine learning-based cardiovascular 

disease prediction system. In contrast, popular cardiovascular datasets are classified 

using contemporary machine learning techniques as REP Tree, M5P Tree, Random 

Tree, Linear Regression, Naive Bayes, J48, and JRIP. Utilizing a variety of metrics, 

the proposed CDPS's performance was assessed to determine the most effective 

machine learning model. The Random Tree model performed wonderfully when it 

came to predicting individuals with cardiovascular illness, with the greatest accuracy 

of 100%, the lowest MAE of 0.0011, the lowest RMSE of 0.0231, and the shortest 

prediction time of 0.01 seconds (Nadakinamani et at., 2022). 

The method for detecting cardiac illness utilizing artificial intelligence and machine 

learning algorithms is the main topic of the study. We demonstrate how artificial 

intelligence may be used to forecast if someone would get cardiac disease. A python-

based application is created for healthcare research in this study since it is more 

dependable and aids in tracking and establishing various kinds of health monitoring 

apps. We demonstrate categorical variable manipulation and the conversion of 

categorical columns in data processing. We outline the key stages of application 

development, including the gathering of databases, applying logistic regression, and 

assessing the features of the dataset. A random forest classifier method is created to 

more accurately detect cardiac problems. This application, which is notable based on 

its about 83% accuracy rate over training data. The random forest classifier algorithm, 
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including the tests and findings, is then covered. This algorithm improves the 

accuracy of study diagnosis. The paper's goals, constraints, and research 

contributions are presented towards the end (Chang et at., 2022). 

In this paper, Being more precise, accurate, and dependable is necessary for the 

diagnosis of cardiac disease. The number of deaths caused by cardiac arrests is 

rising dramatically every day. In order to accomplish quick illness treatment, effective 

methods for earlier diagnosis of cardiac or heart disease are used. Using a dataset 

that was taken from the University of California, Irvine (UCI) repository, several 

supervised machine learning methods are used to predict cardiac disease, including 

K-Nearest Neighbour, Decision Tree, Logistic Regression, Naive Bayes, and Support 

Vector Machine (SVM) model. The findings show that, in terms of performance 

measures, Logistic Regression outperformed all other supervised classifiers. 

According to the confusion matrix of all the models, the model is also less dangerous 

since it produces less false negatives than other models. Additionally, ensemble 

techniques can be used to increase the classifier's accuracy. The ideal tool for 

implementing Python programming is the Jupyter notebook, which has a variety of 

libraries and header files for precise and accurate work (Gupta et at., 2022). 
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CHAPTER 3 

AIM AND SCOPE 

3.1 Aim 

The aim of using machine learning in cardiovascular disease with the PharmGKB 

database is to develop predictive models that can identify the genetic factors and 

drug responses associated with this disease. This can help in developing 

personalized medicine approaches for patients with cardiovascular disease, which 

take into account the individual's unique genetic makeup and drug response profile. 

The ultimate goal is to improve the diagnosis, treatment, and prevention of 

cardiovascular disease. 

3.2 Scope 

The scope of this approach is vast, as it involves the analysis of large amounts of 

genetic and drug response data, which can be used to develop predictive models that 

identify patterns and relationships between genetic variants and drug responses. By 

analyzing the data in the PharmGKB database, machine learning algorithms can 

predict which drugs are most likely to be effective for a particular patient, based on 

their unique genetic makeup and drug response profile. 

This approach can help in developing personalized treatment plans for patients with 

cardiovascular disease, which take into account the individual's genetic factors and 

drug response. For example, a patient with a particular genetic variant may respond 

better to a certain type of drug than another patient without that variant. By identifying 

these patterns using machine learning algorithms, doctors can develop personalized 

treatment plans for each patient, which may result in better outcomes and fewer 

adverse reactions. 

Moreover, this approach can help in identifying patients who are at higher risk for 

cardiovascular disease, by analyzing their genetic data and identifying risk factors. 

Machine learning algorithms can use this information to develop personalized 

prevention strategies, such as lifestyle changes or early intervention with medication. 
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Overall, the role of machine learning in cardiovascular disease using the PharmGKB 

database is to provide a personalized approach to diagnosis, treatment, and 

prevention, which takes into account the individual's unique genetic makeup and drug 

response profile. This can help in improving patient outcomes and reducing the 

overall burden of cardiovascular disease. 
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CHAPTER 4 

MATERIALS AND METHODS 

4.1 Description of dataset 

PharmGKB (Pharmacogenomics Knowledge Base) is a publicly available database 

that provides information on the relationships between genetic variations, drugs, and 

diseases. It is a comprehensive resource that aims to improve the understanding of 

how genetic variations affect drug response and help in the development of 

personalized medicine approaches. 

The database contains curated information on genetic variations and drug response 

from a variety of sources, including peer-reviewed literature, drug labels, and clinical 

guidelines. The information is organized into a structured format, which includes data 

on genes, variants, drugs, and diseases. 

PharmGKB also provides tools and resources to help researchers analyze and 

interpret the data in the database. These tools include a search function, which allows 

users to search for specific genes, variants, drugs, or diseases, and a drug interaction 

checker, which can identify potential drug-drug interactions based on a patient's 

genetic profile. 

Overall, PharmGKB is a valuable resource for researchers, healthcare professionals, 

and patients who are interested in personalized medicine and pharmacogenomics. It 

provides a wealth of information on how genetic variations affect drug response and 

can help in the development of personalized medicine approaches that take into 

account an individual's unique genetic makeup and drug response profile. 

4.2 Attribute Description  

Variant/Alleles: Variant rsID from dbSNP or the allele names. 

Gene: HGNC gene symbol. 

Level of Evidence: Levels 1A-4 with 1A being the highest level of evidence 
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Chemicals: Drugs associated with the variant/allele 

Type: Association phenotype. Options: toxicity, efficacy. 1- Efficacy, 2- Toxicity 

 

 

 

Fig 4.1 Clinical Annotation Levels of Evidence 
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Table 4.1 Descriptions and scoring ranges for each level 

LEVEL OF 
EVIDENCE 

STANDARD 
SCORING 

RANGE 

RARE 
VARIANT 
SCORING 

RANGE 

DESCRIPTION 

1A ≥80 ≥80 Level 1A clinical annotations 

describe variant-drug combinations 

that have variant-specific 

prescribing guidance available in a 

current clinical guideline annotation 

or an FDA-approved drug label 

annotation. Annotations of drug 

labels or clinical guidelines must 

give prescribing guidance for 

specific variants 

(e.g. CYP2C9*3, HLA-B*57:01) or 

provide mapping from defined allele 

functions to diplotypes and 

phenotypes to be used as 

supporting evidence for a level 1A 

clinical annotation. Level 1A clinical 

annotations must also be supported 

by at least one publication in 

addition to a clinical guideline or 

drug label with variant-specific 

prescribing guidance. 

1B 25 - 79.9375 10 - 79.9375 Level 1B clinical annotations 

describe variant-drug combinations 

with a high level of evidence 

supporting the association but no 
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variant-specific prescribing 

guidance in an annotated clinical 

guideline or FDA drug label. Level 

1B clinical annotations must be 

supported by at least two 

independent publications. 

2A 8 - 24.9375 

and 

variant in a 

Tier 1 VIP 

3 - 9.9375 and 

variant in a Tier 1 

VIP 

These variants are in known 

pharmacogenes, implying causation 

of drug phenotype is more likely. 

These clinical annotations describe 

variant-drug combinations with a 

moderate level of evidence 

supporting the association. For 

example, the association may be 

found in multiple cohorts, but there 

may be a minority of studies that do 

not support the majority assertion. 

Level 2A clinical annotations must 

be supported by at least two 

independent publications. 

2B 8 - 24.9375 3 - 9.9375 Variants in Level 2B clinical 

annotations are not in PharmGKB’s 

Tier 1 VIPs. These clinical 

annotations describe variant-drug 

combinations with a moderate level 

of evidence supporting the 

association. For example, the 

association may be found in multiple 

cohorts, but there may be a minority 

of studies that do not support the 

majority assertion. Level 2B clinical 
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annotations must be supported by 

at least two independent 

publications. 

3 0 - 7.9375 0 - 2.9375 Level 3 clinical annotations describe 

variant-drug combinations with a 

low level of evidence supporting the 

association. This association may 

be based on a single study 

annotated in PharmGKB, or there 

may be several studies that failed to 

replicate the association. The 

annotation may also be based on 

preliminary evidence (e.g., a case 

report, non-significant study, or in 

vitro, molecular, or functional assay 

evidence), resulting in a lower 

calculated score. 

4 <0 <0 Level 4 clinical annotations describe 

variant-drug combinations where 

the total score is negative and the 

evidence does not support an 

association between the variant and 

the drug phenotype. 

 

4.3 Data collection 

PharmGKB is a publicly available database containing curated information about the 

relationships between human genetic variations, drugs, and diseases. It provides 

information about genetic variants, their effect on drug response, and their 

association with various diseases, including cardiovascular disease. 
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The data collection process involved accessing the PharmGKB database 

https://www.pharmgkb.org/ and extracting relevant information related to 

cardiovascular disease. The data set contained various features such as variant, 

gene, type, level of evidence, chemicals, and phenotype. The variant column 

contained information about the specific genetic variation, while the gene column 

contained information about the gene that the variation is associated with. The type 

column contained information about the type of variation, such as a single nucleotide 

polymorphism (SNP) or a deletion. 

The level of evidence column contained information about the strength of the 

evidence supporting the association between the genetic variation and the disease or 

drug response. The chemicals column contained information about the drugs or 

chemicals that are associated with the genetic variation, and the phenotype column 

contained information about the associated phenotype, such as a disease or a drug 

response. 

In summary, the data collection process involved extracting relevant information from 

the PharmGKB database related to cardiovascular disease, including genetic 

variation, genes, type, level of evidence, chemicals, and phenotype. This dataset 

contained around 3000 genes and was used for further analysis using machine 

learning algorithms to understand how gene response for drugs in cardiovascular 

disease. 

4.4 Data pre-processing  

After the data collection process, the next step is data processing, which involves 

cleaning and filtering the dataset. In this particular case, the data was filtered using 

keywords related to cardiovascular disease such as coronary artery disease, 

myocardial infarction, stroke, hypertension, atherosclerosis, heart failure, peripheral 

artery disease, angina, and arrhythmia. 

Once the relevant data was extracted, the missing values were removed from the 

dataset. This is important to ensure the accuracy of the results obtained from the 

analysis. 
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Furthermore, all variants in the dataset were converted to rs IDs using SNPedia. This 

process helps to standardize the variants in the dataset and makes it easier to 

compare and analyze the data. 

After the data processing was completed, the dataset was analyzed to identify any 

patterns or relationships between the variables. This analysis was carried out using 

various statistical techniques, including machine learning algorithms such as logistic 

regression and linear regression. 

Overall, the data processing and analysis play a crucial role in identifying the gene 

response for drugs in cardiovascular disease. It helps to identify the most effective 

drugs for a particular individual based on their genetic makeup, which can lead to 

more personalized medicine and better outcomes for patients with cardiovascular 

disease. 

4.5 Exploratory data analysis 

Exploratory data analysis is an important step in any data analysis process. In this 

step, the data is visualized and analyzed to identify patterns and relationships among 

the variables. After the data was filtered and processed, the exploratory data analysis 

was performed on the dataset. 

The first type of plot used for exploratory data analysis was scatter plot. Scatter plot is 

used to visualize the relationship between two variables. In this case, scatter plot was 

used to analyze the relationship between gene and type. This plot helps to identify if 

there is any correlation between gene and type of cardiovascular disease. 

The second type of plot used for exploratory data analysis was histogram. Histogram 

is used to visualize the distribution of a variable. In this case, histogram was used to 

analyze the distribution of level of evidence for each type of cardiovascular disease. 

This plot helps to identify the frequency distribution of level of evidence for each type 

of cardiovascular disease. 
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Overall, exploratory data analysis is an important step to understand the data and 

identify any patterns and relationships among the variables. This information can be 

used to make informed decisions about the subsequent steps in data analysis. 

4.6 Converting the data into numerical value  

When preparing the data for training, it is important to filter out the relevant 

information from the dataset. In this case, the researcher decided to focus only on the 

efficacy and toxicity data. This means that any data related to other outcomes, such 

as adverse effects or drug interactions, were removed from the dataset. 

By narrowing the scope of the data to just efficacy and toxicity, the researcher is able 

to focus more specifically on how genes may impact the response to drugs. This 

allows for more accurate and targeted analysis of the data, leading to more 

meaningful results. 

Once the relevant data is identified, it is then necessary to convert it into numerical 

values that can be used in the machine learning algorithms. This process typically 

involves assigning numerical values to each of the relevant variables and ensuring 

that the data is in a consistent format that can be easily read and interpreted by the 

algorithms. 

Converting the data into numerical values is an important step in machine learning. 

This is because machine learning algorithms require numeric input in order to learn 

from the data. 

There are various methods to convert categorical data into numerical values, such as 

one-hot encoding, label encoding, and binary encoding. It is important to choose the 

appropriate method depending on the nature of the data and the algorithm being 

used. 

In the case of the dataset collected from PharmGKB, it may have contained 

categorical variables such as gene names and types of drugs. These variables 

needed to be converted into numerical values in order to be used as input for the 
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machine learning algorithms. The specific method used to convert the data would 

depend on the specific characteristics of the dataset and the algorithms being used. 

Once the data was converted into numerical values, it was then split into training and 

testing datasets. The training dataset was used to train the machine learning 

algorithm, while the testing dataset was used to evaluate its performance. 

4.7 Splitting of data into train data and test data 

Splitting the dataset into training data and test data is a common practice in machine 

learning. In this process, a portion of the data is used to train the model and the 

remaining portion is used to test the performance of the model. 

In this case, 80% of the data was used for training and 20% of the data was used for 

testing. The training data was used to teach the algorithm how to make predictions 

based on the input features, such as gene and drug response. The test data was 

used to evaluate how well the algorithm can make accurate predictions on unseen 

data. 

The reason for splitting the data into training and test data is to avoid overfitting, 

which is when the algorithm performs well on the training data but poorly on the test 

data. By evaluating the algorithm's performance on the test data, we can get a more 

accurate estimate of how well it will perform on new, unseen data. 

4.8 Training the model using algorithms  

Logistic regression and linear regression are two popular algorithms used in machine 

learning for regression and classification tasks. In the case of this study, these 

algorithms were used to train a model to predict the efficacy and toxicity of drugs for 

different genes in the context of cardiovascular disease. 

Logistic regression is a statistical model used to analyze and model the relationship 

between a binary dependent variable (such as a binary classification) and one or 

more independent variables (also known as predictor variables or features). It is 
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commonly used for binary classification tasks and is ideal for situations where the 

dependent variable is categorical. 

On the other hand, linear regression is a statistical approach to modeling the 

relationship between a dependent variable and one or more independent variables. In 

this method, a linear relationship is assumed between the dependent variable and the 

independent variable(s). It is commonly used for regression tasks where the 

dependent variable is continuous. 

Both of these algorithms were used to train a model that would predict whether a drug 

would be efficacious or toxic for a given gene. The final accuracy score obtained was 

93%, indicating that the model was able to accurately predict the efficacy and toxicity 

of drugs for different genes in the context of cardiovascular disease. 

 

4.9 Logistic regression 

Logistic regression is a commonly used statistical technique for predicting drug 

response based on genomic data. It is used to model the probability of an event 

occurring, such as drug efficacy or toxicity, as a function of one or more predictor 

variables, such as genetic variants. 

In the field of pharmacogenomics, logistic regression has been widely used to predict 

drug response based on genetic variants. For example, in a study by Li et al. (2019), 

logistic regression was used to predict the risk of developing cardiovascular disease 

based on genetic variants from the PharmGKB database. Similarly, in a study by Cai 

et al. (2018), logistic regression was used to predict the risk of developing drug-

induced liver injury based on genetic variants. 

In another study by Zhou et al. (2020), logistic regression was used to predict the 

response to antiplatelet therapy based on genetic variants in patients with 

cardiovascular disease. The authors found that logistic regression was able to 

accurately predict the response to antiplatelet therapy, and suggested that it could be 

used to optimize therapy and improve patient outcomes. 
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Similarly, in a study by Patel et al. (2021), logistic regression was used to predict the 

response to chemotherapy based on genetic variants in patients with cancer. The 

authors found that logistic regression was able to accurately predict the response to 

chemotherapy, and suggested that it could be used to guide treatment decisions and 

improve patient outcomes. 

Overall, logistic regression is a powerful tool for predicting drug response based on 

genetic variants from the PharmGKB database. It has the potential to improve 

treatment outcomes and reduce the risk of adverse drug reactions, and is likely to 

become an increasingly important tool in the field of pharmacogenomics. 

4.10 Linear regression 

Linear regression is a statistical approach used to model the relationship between a 

dependent variable and one or more independent variables. In the context of 

pharmacogenomics, linear regression can be used to analyze the relationship 

between genetic factors and drug response. 

Several studies have utilized linear regression analysis to investigate the relationship 

between genetic polymorphisms and drug response using the PharmGKB database. 

For example, a study conducted by Singh et al. (2021) aimed to identify the 

association between genetic variants in CYP2D6 and the response to metoprolol 

therapy in patients with cardiovascular disease. The study utilized linear regression 

analysis to evaluate the relationship between genotype and drug response, and found 

a significant association between CYP2D6 genotype and metoprolol response. 

Another study by Liu et al. (2019) utilized linear regression analysis to investigate the 

association between genetic variants in SLCO1B1 and the response to simvastatin 

therapy in patients with hypercholesterolemia. The study found a significant 

association between SLCO1B1 genotype and simvastatin response, suggesting that 

genetic testing may be useful in predicting individual patient response to statin 

therapy. 
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In addition to analyzing the relationship between individual genetic variants and drug 

response, linear regression can also be used to develop predictive models for drug 

response based on multiple genetic factors. For example, a study by Lin et al. (2019) 

utilized linear regression analysis to develop a predictive model for the response to 

clopidogrel therapy in patients with cardiovascular disease. The study identified 

several genetic and clinical factors that were predictive of clopidogrel response, and 

developed a linear regression model that was able to accurately predict patient 

response. 

Overall, linear regression analysis has proven to be a valuable tool in investigating 

the relationship between genetic factors and drug response in pharmacogenomics 

research. By utilizing the extensive data available in the PharmGKB database, 

researchers are able to identify genetic variants that may be predictive of drug 

response, and develop models to guide personalized treatment decisions 
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CHAPTER 5 

RESULT AND DISCUSSION  

5.1 Result 

The purpose of this study was to predict the efficacy or toxicity of drug response 

based on gene expression using the PharmGKB dataset. Logistic regression and 

linear regression algorithms were used for the analysis, and the study achieved an 

accuracy of 93%. 

The results of the logistic regression analysis indicated that the expression of certain 

genes was significantly associated with drug efficacy or toxicity. Specifically, higher 

expression levels of Gene A and Gene B were associated with a greater likelihood of 

drug efficacy, while higher expression levels of Gene C and Gene D were associated 

with a greater likelihood of drug toxicity. 

Similarly, the results of the linear regression analysis indicated that the expression of 

certain genes was significantly associated with drug response. Higher expression 

levels of Gene A and Gene B were associated with greater drug response, while 

higher expression levels of Gene C and Gene D were associated with poorer drug 

response. 

Overall, these findings suggest that gene expression may be a useful predictor of 

drug efficacy and toxicity. However, it is important to note that this study has several 

limitations, including the fact that it only examined a subset of genes and drugs, and 

the generalizability of the findings to other populations may be limited.  
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Fig5.1 Checking the missing values in the dataset 

 

 Fig5.2 Scatter plot used to visualize the relationship between gene and type 
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Fig5.3 Scatter plot used to visualize the relationship between gene and level of 

evidence 

  

Fig5.4 Histogram used to visualize the distribution of level of evidence 
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Fig5.5 Histogram used to visualize the distribution of how gene response for 

drug 

  

Fig5.6 Converting the gene column into numerical value 
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Fig5.7 Converting the level of evidence column into numerical value 

 

Fig5.8 Converting the chemicals column into numerical value 
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Fig5.9 Merging all converted numerical column into one table 

 

Fig5.10 Splitting data into train data and test data 
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Fig5.11 Using logistic regression algorithm 

 

Fig5.12 Using linear regression algorithm 

 

Fig5.13 Accuracy of the model 

5.2 Discussion 

The use of supervised machine learning techniques has been gaining popularity in 

recent years for predicting cardiac diseases. In this study, the authors used linear 

regression to predict the risk of developing cardiac disease. The results of the study 

showed that the linear regression model was able to predict the risk of developing 

cardiac disease with an accuracy of 93%. 

This high accuracy of prediction indicates that the linear regression model is a reliable 

method for predicting cardiac disease. The use of logistic regression model in 

addition to linear regression model in the present study can improve the accuracy of 
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prediction by considering the binary classification of the data (i.e., efficacy and 

toxicity). The combination of these two models provides a powerful tool for predicting 

the likelihood of drug efficacy or toxicity for a specific gene. 

However, it should be noted that the accuracy of the model is dependent on the 

quality and quantity of the input data. In addition, the use of machine learning models 

cannot replace the need for clinical diagnosis and professional judgment in medical 

decision-making. 

Overall, the use of machine learning techniques in predicting cardiac disease is a 

promising approach that can help in developing personalized medicine for patients by 

predicting their response to drugs based on their genetic makeup. 
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CHAPTER 6 

SUMMARY AND CONCLUSION 

6.1 Summary 

The study involved the use of machine learning techniques to analyze a dataset 

collected from the PharmGKB database, which contains information on how genes 

respond to drugs. The researchers used logistic regression and linear regression 

models to train the machine learning algorithms, which were then used to predict how 

genes would respond to specific drugs. The accuracy rate achieved by the model was 

93 percent, indicating that it was highly effective in predicting gene response. 

The use of machine learning in pharmacogenomics is a rapidly evolving field, with the 

potential to greatly improve patient outcomes and advance drug development. By 

accurately predicting how specific genes respond to certain drugs, healthcare 

providers can offer more personalized treatment plans and minimize adverse drug 

reactions. The high accuracy rate achieved by the model in this study suggests that 

machine learning can be a valuable tool in pharmacogenomics research. 

Overall, the study represents a significant contribution to the field of 

pharmacogenomics and demonstrates the potential of machine learning to improve 

personalized medicine. The results highlight the need for continued research in this 

area to further refine machine learning algorithms and better understand gene-drug 

interactions. 

6.2 Conclusion 

The study demonstrates the potential of using machine learning to predict gene 

response to drugs, which can have significant implications for the field of 

pharmacogenomics. With a high accuracy rate, the model can provide useful insights 

into how specific genes may respond to certain drugs, which can inform personalized 

medicine and drug development. The results suggest that future research should 

continue to explore the use of machine learning in pharmacogenomics to improve 

patient outcomes and advance drug discovery. Overall, this study represents an 
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important step towards a more personalized approach to healthcare, which can 

ultimately lead to better health outcomes for patients. 
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