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ABSTRACT

Introduction: The number of people affected by hypertension is staggering, with an estimated one billion people
living with the disease worldwide. It has been shown that machine learning (ML) models surpass clinical risk; nev-
ertheless, there isn't much research using ML to predict hypertension in Malaysia. Materials and methods: A study
is being conducted using ML analyses to predict hypertension using secondary data from population-based surveys,
such as the National Health & Morbidity Survey (NHMS) 2015. The dependent or target variable was hypertension
status and 24 features. Three standard ML-based classifiers, which are logistic regression (LR), decision tree (DT) and
artificial neural network (ANN), were used to predict hypertension and the associated factors that influence hyperten-
sion were obtained from filter-based feature selection, which are feature weight by information gain, feature weight
by information gain ratio and feature weight by correlation. Results: Out of 11,520 respondents, 4,175 (36.24%)
adults had hypertension. LR is the best model to predict hypertension since LR has the highest accuracy (76.73%)
compared to DT and ANN (73.02%). In terms of odd ratio explanation, a person who does not have diabetes mellitus
is 2.05 odds likely to have hypertension, and a person who does not have hypercholesterol has 1.67 odds of having
hypertension, and with an increase in the age of adults, 6.0% are less likely to have hypertension. Conclusion: From
LR model, the essential features that influence hypertension in adults were diabetes mellitus, hypercholesterolemia
status, age, waist circumference, marital status, occupation, education, and total household income.
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INTRODUCTION

The disorder known as hypertension, or high blood
pressure, is characterized by an excessively high blood
pressure against the arterial walls. Two numbers are
used to represent blood pressure. The first (systolic)
number represents the blood vessel pressure during a
heartbeat or contraction. The second (diastolic) number
indicates the pressure in the arteries during the heart's
resting heartbeat. If a person's diastolic blood pressure
is 90 mmHg or higher on two different occasions, and

their systolic blood pressure is 140 mmHg or higher, they
are diagnosed with hypertension (1). Risk assessment
for hypertension, or high blood pressure, can be quite
complex and depends on a variety of factors. These can
include genetics, lifestyle choices, and environmental
conditions that can contribute to an increase in blood
pressure readings. The World Health Organization
(WHO) reported that high blood pressure is a leading
cause of death worldwide, responsible for one in every
eight deaths (2). It is considered the third leading cause
of death globally. The number of people affected by
hypertension is staggering, with an estimated one billion
people worldwide living with the condition.

Malaysia's Ministry of Health (MOH) conducted the
National Health and Morbidity Survey (NHMS). The
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survey found that the overall prevalence of hypertension,
or high blood pressure, among adults aged 18 and
above was 30.0% (3). The NHMS provides essential
information about the population's health status and
guides health policies and programs in the country.
Hypertension is a burden and affects the health system
in Malaysia, specifically in low-income households (4).
A previous study suggested that web-based educational
tools help spread hypertension-related information to
increase hypertension awareness (5).

However, most studies employ various instruments to
quantify risk variables, have small sample sizes, and
lack community representation. One specific example
of a risk prediction model is the Framingham Risk Score
(FRS), commonly used to predict the risk of coronary
heart disease. FRS has several drawbacks, including
underrepresented ethnic diversity and non-representative
populations (6-8). Many studies were conducted to
develop the FRS and other models on populations that
may not represent the general population. It makes
it difficult to predict risk for different populations or
ethnicities accurately. Besides that, many of the studies
used to develop these models have limited ethnic
diversity, making it difficult to accurately predict risk for
people of different ethnicities.

A recent study found and investigated machine learning
(ML) strategies for detecting hypertension. It was noted
that there was a shortage of research integrating clinical
and sociodemographic data, which might improve
model performance (9). XGboost method is one of the
machine learning methods, and it was used to predict
blood pressure control for hypertension patients.
However, that study did not compare other ML methods
(10). A study in China compared two ML methods,
namely, the back-propagation neural network and
random forest, to predict cardiovascular disease, and
logistic regression was used to identify significant factors
in cardiovascular disease (11). Therefore, this study
aims to use ML approaches to probe features associated
with hypertension diagnosis and compare the model’s
performances to predict hypertension in Malaysia.
There is a strong connection between this research and
Sustainable Development Goal No. 3: Good Health
and Well-being. Hence, this study is important and
necessary to reduce hypertension cases in Malaysia since
it identifies the significant features so that Malaysians
may increase their awareness of hypertension and avoid
taking foods that can contribute to it. This statement is
supported by the previous study findings, in which the
risk dietary pattern with the most significant frequency
of hypertension was found to be "seafood and alcohol"
(12). Studies on predicting hypertension using ML
methods focus on newborns (13) and pregnant women
(14). The rest of the paper is organized as follows: Section
2 explains the material and method. Section 3 presents

the results and the discussion of the experiment. Section
4 constitutes the conclusion.

MATERIALS AND METHODS

This study follows the six steps of Cross Industry Standard
Process for Data Mining (CRISP-DM), including business
understanding, data understanding, data preparation,
modelling, evaluation and deployment. The first step is
business understanding. The pace at which hypertension
is occurring is concerning. Therefore, this research aims
to investigate parameters related to the diagnosis of
hypertension using machine learningtechniquesandthen
compare the models' output to forecast hypertension in
Malaysia. The solution to this objective feature selection
weights are ranked to determine the most relevant
features that influence hypertension. Additionally, three
data mining techniques (Logistic Regression, Decision
Tree, and Artificial Neural Network) are compared based
on their performance to select the best predictive model
for hypertension prediction. The research flowchart is
shown in Figure 1.

Input data from NHMS 2015, MOH
(N=12,000)

Excluded (N=480)
- No hypertcasion status

Data Pre-processing

Analyse balance data N = 11,520

Filter Feature Selection Methods

Information
Gain

Training data (70%) s Testing data (30%%)
(N=8063) Split data (N=3456)

I Logistic

Gain Ratlo Corrclation I

|| Antificial Neural |

| | Decision Tree Network

Measure of performance

I Accuracy || Precision ” Sensitivity H Specificity H ]"‘SEL“:“"“

Figure 1: Research flowchart.

The second step is data understanding. Secondary data
was used as it is easy to access and less time-consuming.
The dataset was obtained from the National Health &
Morbidity Survey (NHMS) 2015, released in June 2016.
The original dataset is obtained from the official site of
the Institute of Public Health under the Ministry of Health
Malaysia. The survey has an exclusion criterion, with the
respondents younger than 18 years old excluded from
the data. This dataset consists of 12000 observations of
25 features. The variables can be categorized into two
groups: continuous and categorical features. Of the 25
features, eight continuous features and 16 categorical
features exist. The target variable, Ty in this research,
would be the Hypertension Status (Hyp_status=Yes, No),
with the remaining 24 features will be the independent
variables, xi. It is also to be noted that the target variable
Hyp_status has 481 missing values. Table I displays the
description of the hypertension data.
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Table I: Data Description

Feature Description

Hypertension status

Hyp_Status 0=No, 1=Yes
Strata

Strata 1=Urban, 2=Rural
State origin
1=Johor, 2=Kelantan, 3=Melaka, 4=Negeri

State Sembilan, 5=Pahang, 6=Penang, 7=Perak,
8=Perlis, 9=Selangor, 10=Terengganu,
11=Sabah, 12=Sarawak, 13=WPKL,
14=Labuan, 15=WP Putrajaya

Sex Gender
1=Male, 2=Female

- Ethnic group

Ethnicity 1=Malay, 2=Chinese, 3=Indian, 4=Other
Occupation

Occupation 1=Government / Semi-Government,

P 2=Private Employee, 3=Self Employee,

4=Unpaid Worker /Homemaker, 5=Retiree
Education

Education 1=No formal education, 2=Primary,

3=Secondary, 4=Tertiary, 5=Unclassified
Marital status

1=Never married, 2=Married, 3=Widow /
Widower /Divorce

Marital_status

Citizen Citizenshi!o .
1=Malaysian, 2=non-Malaysian

Abd_obesity g:g%f:n;n:ﬂ eCS)IOE‘SIty Status

DM _status ([));i)s/tiszf‘\/(\iltus Status

Hyperchol_status g'l’ng/crieierolaemia status

Physical activity status
PA_stat R .
—status T1=Active, 2=Inactive
Smoking status

1=Current tobacco smoker,

2=Current non-smoker

Smoking_status

. Anaemia status
Anemia_Status X .
O=non-anaemia, 1=anaemia
Heavy episodic
drinking status
0=No, 1=Yes

Klang Valley Area

heavyedrinker_status

Area 1=Others, 2=Klang Valley
Age Age

Weight Weight

Height Height

Total _Ind_Income Total individual income

Total HH_Income Total household income

Waist_circumference  Waist circumference

BMI Body Mass Index
Average_Intake FV Average intake per day of fruits and
vegetables

The third step is data preparation. The dataset is
explored in terms of data preparation, and the data
quality is checked, such as missing values, outliers,
and recording errors. The next step would be to run a
descriptive analysis of the features to better understand
the dataset’s shape or distribution. Some of the most
prepared graphical methods are clustered bar charts and
pie charts. The data were split into two partitions: 70%
for training data and 30% for testing data.

Once the data were well prepared, the feature selection
procedures were applied to the dataset to find the best
set of features. The feature weights used are filter features
weight information gain ratio, filter features weight
information gain and filter feature weight correlation.
The fourth step is modelling. In the case of classification
algorithms, the modelling techniques used are Logistic
Regression, Decision Tree, and Artificial Neural Network.
Thus, these three models will be compared to develop
the best prediction model for predicting the features that
influence hypertension in adults in Malaysia.

Logistic Regression

Various features may be used with logistic regression to
help forecast the likelihood of reaching a certain level.
Logistic regression was used to determine the essential
features for categorizing hypertension status. In this
study, strata, state, sex, ethnicity, occupation, education,
marital status, citizen, abdominal obesity status, diabetes
Miletus status, Hypercholesterolaemia status, physical
activity status, smoking status, anaemia status, heavy
drinker episodic drinking status, Klang Valley area, age,
weight, height, total individual income, total household
income, waist circumference, body mass index and
average intake per day of fruits and vegetables will be
the features and hypertension status will acts as target
variable (15-17). The logistic regression equation is
shown in Equation (1) as follows:

n [ l?p ] =B, +BX +B,X, + ... Bx )

In this case, logistic regression will be used to classify the
observation as having hypertension or no hypertension.

Decision Tree

Decision Tree is a classification algorithm that finds a
hierarchical structure explaining the input space areas
corresponding to different outcomes or classifications. A
decision tree model comprises a collection of guidelines
for separating large, heterogeneous populations
according to specific splitting criteria or targets into
smaller, more homogeneous groupings. There are
three standard splitting criteria for decision tree gini
index, gain ratio and information gain. The splitting
characteristic with the lowest entropy value is selected
via the information gain technique, yielding the most
information gain. The Decision Tree's splitting feature
is determined by calculating the information gain for
each characteristic first then choosing the one that
maximizes the information gain (18). Information Gain
(IG) measures the reduction in entropy or impurity by
partitioning the data according to a particular attribute
X and is given by the formula displayed in Equation (2):

D)

IG (D,X) = —_—
veValues(x) DI

ED)-5 ED),
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where, T, is the entropy of the entire dataset, T,
the subset of D for which attribute X has value v, T,
is the number of elements in and values (X) is the
set of all possible values that the attribute X can take.
This equation subtracts the weighted entropies of each
partition (based on an attribute T)) from the original
entropy of the dataset D, thus providing the amount of
entropy reduced due to this partitioning.

Artificial Neural Network

Artificial Neural Network (ANN) are among the
oldest and most intensely studied Machine Learning
approaches. The inspiration for ANN comes from the
biological neural network and mimics the learning
process of animals and humans. ANN is a classification
algorithm that uses a feed-forward neural network trained
by a backpropagation algorithm or a multi-layered
perceptron. This operator's usual sigmoid function is
used as the activation function. This perceptron will
predict the classifications and adjust the weights and
threshold values to improve the predictions. Three or
more linked layers form an artificial neural network. The
first layer is made up of input neurons. Deeper layers
get input from these neurons, and these layers, in turn,
provide the ultimate output layer of the data. The input
layer aims to transmit input data comparably without
changing it. The hidden layer uses the activation
function to compute the linear combination of data
supplied from the input layer. The hidden layer's data
is processed by the output layer, which then outputs the
results of its computations in a format that resembles the
hidden layer's.

The fifth step is evaluation. The models were assessed
using accuracy, specificity, sensitivity, precision, and
area under ROC curve (AUROC). Accuracy is the ratio
of correctly identified subjects in a pool of subjects
(19,20). Sensitivity relates to the ratio of correctly
identified subjects by test against all positive subjects.
Specificity is the ratio of accurately negative identified
subjects by a test against all negative subjects. Precision
is a ratio of correctly positive identified subjects by a test
against all positive subjects by test.

Deployment is the last step in the CRISP-DM. This step
will present and use the knowledge or data models
obtained for new data. The steps will be evaluated and
reviewed to check whether the models have achieved
the business objectives and solved the problem. The
resultis assessed, and recommendations will be provided
if needed, with a model redoing done if necessary.
Monitoring is essential upon deployment.

Ethical approval

This study was approved by the Ministry of Health,
Malaysia in the data use agreement for scientific
publication document effective as of 03 April 2023.

RESULTS

This section discusses the results of descriptive analysis,
the results of ML computations, and the discussion on
the findings of this project. First, the descriptive analysis
was displayed. Several pre-processing techniques have
been used for the dataset (T, =12000) to examine the
raw data. Only adult partlapants with documented
hypertension status (18-114 years old) are included
in the data. Among the 480 patients, those without a
hypertension condition were excluded. After the records
are excluded, the final dataset becomes I, =11,520
records with one target variable and 24 input features.
Records on other variables with missing values have
been replaced using point average since there are about
862 (7.5%) maximum missing values from the total
dataset, as shown in Table II.

Table II: Statistics of Missing Values in Dataset

Feature Name Frequency of missing value (%)

Hyp_Status 0 (0.00)
Strata 459 (3.98)
State 459 (3.98)
Sex 459 (3.98)
Ethnicity 459 (3.98)
Occupation 459 (3.98)
Education 459 (3.98)
Marital _status 459 (3.98)
Citizen 459 (3.98)
Abd_obesity 862 (3.98)

DM _status 1(0.01)

Hyperchol_status 1(0.01)
PA_status 135(1.17)
Smoking_status 10 (0.09)
Anemia_Status 756 (6.56)
heavyedrinker_status 459 (3.98)

Area 0 (0.00)

Age 0 (0.00)
Weight 795 (6.90)
Height 796 (6.91)
Total_Ind_Income 511 (4.44)
Total_HH_Income 459 (3.98)
Waist_circumference 862 (7.48)
BMI 812 (7.05)
Average_Intake FV 25(0.22)

The data also checked for the imbalance dataset.
Imbalanced data is one of the potential problems in the
field of data mining and machine learning. The target
variable distribution, which is hypertension, was also
checked, and it was found that the percentage difference
between yes and no is 28%, which is less than 50%. It
can be concluded that the dataset is balanc. Meanwhile,
Table 11l displays the descriptive statistics for gender
percentage according to hypertension status, diabetes
mellitus status percentage according to hypertension
status and marital status according to hypertension
status.
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Table I11: Descriptive Statistics for demographic factors

Percentage (%)
non-hypertension

Percentage (%)

Feature Name .
hypertension

Hyp_Status
distribution 64.00 36.00
Gender Male-16.00 Male-30.20

Female - 20.30 Female - 33.60
No Diabetes Melitus No Diabetes Melitus -
- 23.20 55.70

DM status Have Diabetes Melitus Have Diabetes Melitus
- 13.10 - 8.10

Never manied-17.70
Married-42.50
Widow /Widower /
Divorce - 3.50

Never mrried- 3.10
. Married - 27.50
Marital status Widow MWidower /

Divorce - 5.70

Next, the filter-based feature selection was applied to the
hypertension dataset as this method is easy to use and has
faster computation than other feature selection methods.
Table IV shows the feature ranking. Age is the essential
factor, followed by waist circumference, diabetes
mellitus status, marital status, BMI, abdominal obesity
status, hypercholesterolemia status, weight, height,
occupation, total individual income, total household
income, education, living area, and citizenship. As
mentioned earlier, three filter feature selection were
applied to the dataset and the features are ranked based
the weight where the higher weight corresponds to the
important features. Then, the total ranks were computed
to identify the important features.

Third, the models’ performance was assessed in this
study. Decision trees are widely employed in various
clinical scenarios because of their simplicity and
prominence in machine learning. Age is the most
significant feature in this research; features are arranged
in branches based on their relative value. According
to the decision tree model, the other essential features
to predict hypertension were total individual income,
BMI, age, height, waist circumference, total household
income and weight. Meanwhile, this operator uses a
feed-forward neural network trained via a multi-layer
perceptron back propagation technique to enhance
computing and develop a model. At the same time, the
accuracy is the same as the decision tree result, which is
73.02%, as shown in Table IV.

Table 1V: Feature ranking and total rank for filter-based

feature selection

Feature Name Rank-based Rank-based Rank-based Total
on Filter on Filter on Filter Rank
feature feature feature
weight weight correlation
information information
gain ratio  gain

Age 1 1 1 3

Waist_ 2 3 2 7

circumference

DM _status 5 4 3 12

Marital_status 8 2 7 17

CONTINUE

Table 1V: Feature ranking and total rank for filter-based

feature selection. (CONT.)
Rank-based Rank-based

Feature Name Rank-based Total

on Filter on Filter on Filter Rank

feature feature feature

weight weight correlation

information information

gain ratio  gain
BMI 6 8 4 18
Abd_obesity 9 6 5 20
Hyperchol_status 10 7 6 23
Weight 7 10 8 25
Height 3 13 9 25
Occupation 13 9 10 32
L"Ctz'n;::d— 4 11 17 32
Loctg'rin 12 12 1 35
Education 11 5 20 36
Area 16 15 12 43
Citizen 14 17 14 45
Smoking_status 17 16 13 46
Strata 18 19 15 52
PA_Status 19 20 16 55
State 20 14 22 56
Average_Intake
iy ge_intaxe_ 15 23 21 59
Sex 22 21 18 61
Ethnicity 21 18 24 63
Anemia_Status 23 22 19 64
::;‘J"Syd””ker— 24 24 24 71

One of the objectives of this study is to identify the
best model for predicting hypertension among adults in
Malaysia. The best model must be selected to provide
the best compromise between sensitivity, specificity,
and accuracy. Table V presents the assessment metrics
of the various models for each of the assessed schemes.
From the point of view of accuracy and sensitivity, the
logistic regression model is better than the decision tree
model, with an accuracy of 76.73% and a sensitivity of
86.47%. In contrast, on the other side, the decision tree
is better for specificity and precision than different MLs,
with 71.49% and 82.02%, respectively.

Table V: Performance of machine learning model

Performance Logistic Decision  Artificial Neural
indicator Regression Tree Network
Accuracy 76.73 73.02 73.02
Specificity 59.58 71.49 67.57
Sensitivity 86.47 73.90 76.12
Precision 79.01 82.02 80.21
DISCUSSION

According to the result, logistic regression is the best ML
model for predicting hypertension in adults in Malaysia.
Based on this expected model shown in Table VI, a
person who does not have diabetes mellitus is 2.05
odds likely to have hypertension. J. Yang et al. (2023)
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supported these findings and used logistic regression
to predict hypertension, and the model made accurate
predictions. Meanwhile, a person who does not have
hypercholesterol has a 1.67 odds of having hypertension,
and with an increase in the age of adults, 6.0% are less
likely to have hypertension. Age is also identified as
an essential risk for predicting hypertension in adults
based on previous studies (21). Another study identified
the same important features in predicting hypertension:
marital status, age, household income, diabetes mellitus
status and education (22).

Table VI: Regression coefficient, odds ratio, and p-value for

logistic regression model

Features Regression Odds ratio  p-value

coefflraent r(eb)

(b)

DM _status.No 0.719 2.05 <0.001
Hyperchol_status.No 0.512 1.67 <0.001
Age -0.059 0.94 <0.001
Waist_circumference -0.019 0.98 <0.001
MarlFaLstatus.Never 0,304 0.74 0.001
married
Occupation.Unpaid 0214 0.81 0.021
worker/homemaker
Education.Primary -0.157 0.85 0.033
Total HH_Income 0.000 1.00 0.050

Meanwhile, Luo et al. (23) revealed that marital status,
age, diabetes mellitus status and education were essential
features when they applied the logistic regression model
to the hypertension dataset. Specifically, for every unit
increase in waist circumference of adults, 2.0% less
likely to have hypertension. This finding is paralleled to
the previous study where the ratio of waist circumference
to the body mass index significantly acts as a predictor
for hypertension (24,25). Adults who never married
are 26.0% less likely to have hypertension. Similarly,
a previous study also found that single-marital status
patients have a lower risk of hypertension (26). In
addition, unpaid workerss/homemakers are 19% less
likely to have hypertension. Inversely, the previous
study contradicts the finding that the employed worker
has a lesser risk towards hypertension compared to
homemakers (27). For adults with Primary education
as their highest qualification, 15.0% less likely to have
hypertension. It is supported by the previous study that
lower education leads to a lower risk of hypertension
(28). The final logistic regression model for predicting
the hypertension in Malaysia is shown as follows:

Logit (Hypertension)

= 0.719DMstatus. No + 0.512Hyperchol_status.No -
0.059Age

- 0.019Waist_circumference - 0.304Marital_status.
Nevermarried

- 0.2140Occupation.Unpaid worker/homemaker

- 0.157Education.Primary +0.00Total_HH_Income +
4.599

CONCLUSION

The optimal model for predicting hypertension using
data from the Malaysian Ministry of Health (MOH) was
created using machine learning. The initial dataset has
24 features. Using filter feature selection, which includes
information gain, information gain ratio, and correlation,
can eliminate unimportant variables and improve
accuracy and classification performance. It reduced to
15 from 24 features. The result showed that the logistic
regression model is the best machine learning for
predicting factors that influence hypertension in adults
in Malaysia and achieved 76.73% accuracy, 86.47%
sensitivity, 79.01% precision and 59.58% specificity.
From this logistic regression model, the essential features
that influence hypertension in adults in Malaysia were
diabetes mellitus, hypercholesterolemia status, age, waist
circumference, marital status, occupation, education,
and total household income. The result of the predictive
models can help healthcare professionals and patients
be aware of their health. The recommendations would
be that the government and private sectors may create
more awareness or campaigns of hypertension, focusing
more on the essential and significant risk factors. It is
also advisable for the next researcher to study the other
factors associated with hypertension more in-depth
and expand the comparison on different ML model
algorithms.
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