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Abstract

Machine learning—based methods are widely applied for the prediction of
noncommunicable diseases (NCDs), such as hypertension, diabetes, and car-
diovascular disease. However, few models have been developed for predicting
hypertension with diabetes, even though these diseases generally co-occur
and can cause devastating harm to patients. This paper proposes a multi-class
classification method that will be able to predict hypertension with diabetes.
The proposed method consists of data preprocessing, model construction and
validation, and model comparison. For data preprocessing, feature engineer-
ing of corresponding data types is conducted. For model construction, several
machine learning methods are applied, including Random Forest (RF), Gra-
dient Boosting (GB), Extra Tree (ET), Decision Tree (DCT), and Support
Vector Machine (SVM). The dataset used in this study consists of 17,077
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records and 28 features, obtained from Phaya Mengrai Hospital, Chiang Rai,
Thailand. The predictive performance of each model with and without feature
engineering is compared in terms of accuracy and average area under the
Receiver Operating Characteristic curve (AUC-ROC). From the comparison
results, SVM with feature engineering outperformed other models based on
accuracy and average AUC-ROC achieving a value of 88.39% and 93.32%,
respectively. For all ensemble learning—based methods, RF performed the
best in terms of both accuracy and average AUC-ROC for both with and
without feature engineering. Overall, all the models performed better when
feature engineering was applied.

Keywords: Hypertension, diabetes, hypertension with diabetes, machine
learning, disease prediction.

1 Introduction

Noncommunicable diseases (NCDs) or chronic diseases constitute a group
of conditions that occur not due to infection but a combination of genetic,
physiological, environmental, and behavioral factors. These conditions result
in lasting health consequences and often require long-term treatment and
care. NCDs are believed to cause approximately 41 million deaths each
year, equivalent to 74% of all deaths globally [1]. They are most frequently
associated with older age groups. However, evidence suggests that over 15
million of all deaths attributed to NCDs occur in people between the ages
of 30 and 69 years [1]. Early detection, screening, and treatment are key
components of the response to NCDs.

Hypertension and diabetes are NCDs that are major public health con-
cerns. Because they share a number of common causes and risk factors, a
person who has one condition is at an increased risk of developing the other.
In addition, these are two of the major risk factors for cardiovascular diseases
(CVDs) [2]. Generally, patients with type 2 diabetes have a greater chance of
having high blood pressure. In the US, it is estimated that 73.6% of individu-
als with diabetes who are aged 18 years or more tend to have hypertension [3].
Further, 50%—80% of patients with hypertension tend to have type 2 dia-
betes [4]. In Hong Kong, 58% of diabetic patients have high blood pressure
and 44% of hypertensive people also have diabetes [2]. The same trend is
observed in Thailand, where the number of patients with both hypertension
and diabetes is increasing [5]. According to the twelfth five-year National
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Health Development Plan (2017-2021), both these diseases are among those
categorized as national priority diseases [6].

Hypertension is a disease that occurs when the heart contracts to pump
blood through the arteries to the entire body. The pressure increases when
the cardiac muscles contract and decreases when they relax. However, if
the muscles are relaxed but the pressure in the blood vessels does not drop
below the specified threshold value of systolic blood pressure (SBP), which
is 140 mm Hg, and that of diastolic blood pressure (DBP), which is 90 mm
Hg. [7], the patient is considered to have hypertension. This disease could
lead to complications in important organs, including the heart, which is forced
to work harder. This cause the cardiac muscles and the myocardium wall
to simultaneously become thicker and weaker, eventually leading to heart
failure [8]. The World Health Organization (WHO) reported that 46% of
adults with hypertension are unaware of their condition [9].

Hypertension patients are typically diagnosed based on their blood pres-
sure values. The primary examination is performed by a medical professional.
If the blood pressure is greater than 140/90 mm Hg [7], they must be
examined again to verify whether they have primary or secondary hyperten-
sion. While primary hypertension occurs naturally, secondary hypertension
is either caused by other diseases or occurs as a side effect due to certain
medications [8]. In addition, the patients are examined for damage to their
internal organs caused by hypertension. Then, the medical professional pro-
vides the appropriate methodology for stabilizing the blood pressure through
lifestyle modifications, such as maintaining an appropriate Body Mass Index
(BMI) and weight, refraining from smoking, and exercising regularly. Finally,
the appropriate treatment is provided according to the requirements of each
individual patient.

Diabetes is a condition in which the body has high blood sugar levels
caused when starch and sugar are consumed but cannot be absorbed by
the body for use. The main reason for this is inadequate production of the
hormone insulin in the pancreas [10]. Thus, the body cannot transmit sugar
in the form of glucose in the bloodstream to other tissue systems to burn and
convert into energy for the body to use. Another reason that this occurs is the
resistance of tissues or organs to insulin. As a result, the amount of sugar in
the body remains in the bloodstream in large quantities. If the patients are
unaware that they are diabetic and do not adjust their behavior accordingly, it
might lead to various complications in the future [11-13]. The WHO reported
that diabetes was the direct cause of 1.5 million deaths in 2019 alone [15].
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Diabetic patients are diagnosed based on their blood sugar levels [10].
In general, the glucose level of people who do not have diabetes ranges
between 70-99 mg/dL before the first meal of the day or breakfast and does
not exceed 140 mg/dL within 2 hours of eating. Depending on their blood
sugar levels, patients can be divided into varying levels of the disease [14].
A blood sugar level above 200 mg/dL is considered diabetic regardless of
whether the person has eaten or fasted before testing. If the blood sugar level
before breakfast falls between 100 mg/dL to 125 mg/dL, it is assessed as
abnormal or at risk. As a result, the patient must be examined and followed
up every year. If the value exceeds 126 mg/dL before breakfast, it is diagnosed
as diabetes. However, if the level is less than 126 mg/dL, the patient is tested
by drawing blood before and 2 hours after drinking a glucose solution.

With advancements in technology related to healthcare applications, med-
ical data has been used for many purposes, such as disease diagnosis [16-23],
symptom tracking [24], lifestyle behavior adjustment [25], and disease pre-
diction [26, 27]. Advanced research methods have been widely developed
for disease prediction. Recently, the subject of hypertension associated with
diabetes has been gaining much interest because the two diseases often co-
occur [28]. Many studies have adopted machine learning algorithms to create
a classification model to predict only diabetes [29-31] and only hypertension
[32-35]. However, models aimed at diagnosing hypertension with diabetes
are rare. Therefore, this study aims to address this gap.

2 Literature Review

In general, machine learning—based methods are effective classifiers for
disease prediction models, especially for hypertension and diabetes. Nasir
et al. [32] predicted blood pressure-related disorders and cardiovascular
diseases based on a blood pressure dataset obtained from Kaggle. This dataset
included personal data as well as clinical data, including blood pressure
abnormalities, gender, BMI, and age. Using four types of machine learn-
ing algorithms, including Random Forest (RF), CatBoost, Support Vector
Machine (SVM), and K-nearest neighbor (KNN), the authors observed that
CatBoost and RF outperformed the other algorithms. AlKaabi et al. [33]
constructed and compared models for identifying patients with a high risk of
hypertension, with RF outperforming other algorithms. The model included
various features associated with personal and behavioral data, such as age,
gender, education level, employment, tobacco use, physical activity, con-
sumption of fruits and vegetables, abdominal obesity, history of diabetes,
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history of high cholesterol, and mother’s history of high blood pressure. Jain
et al. [34] focused on predicting the likelihood of abnormality in blood pres-
sure. Fifteen features representing personal data, clinical data, and behavioral
data were taken into consideration, including kidney disease, adrenal and
thyroid disorder, level of hemoglobin, genetic pedigree coefficient, age, BMI,
sex, pregnancy, smoking, physical activity, input salt content in diet, alcohol
consumption per day, input level of stress, and blood pressure abnormality.
The authors applied various classifiers, such as Naive Bayes, SVM, RF,
Gradient Boosting (GB), and Logistic Regression (LR). GB and RF showed
the best results in comparison with other algorithms.

Similarly, several studies have attempted to predict diabetes as well.
Lama et al. [29] employed RF relatively successfully to identify people with
increased type 2 diabetes or pre-diabetes risk without the known abnormal
glucose regulation. The features included personal and clinical data, such as
BMI, waist-hip ratio, age, systolic and diastolic blood pressure, and diabetes
heredity. Mirzajani and Salimi [30] developed a model to diagnose diabetes
by using several machine learning methods, including Artificial Neural Net-
work (ANN), Basin Network, DCT (C5.0), and SVM. According to their
study, DCT (C5.0) performed the best among the algorithms used. Sonar and
Jayamalini [31] proposed a model to predict diabetic risk levels, with DCT
identified as the best classifier as compared to ANN, Naive Bayes, and SVM.

Recently, a limited number of studies have attempted to predict both
hypertension and diabetes. For instance, Fitriyani et al. [35] proposed a model
for the early prediction of type 2 diabetes and hypertension by using ensem-
ble machine learning—based methods. However, two separate models were
developed for predicting hypertension and diabetes separately. In contrast,
our study proposes a single disease prediction model for both hypertension
and diabetes. More specifically, a multiclass classification model is developed
to predict the diabetes group, hypertension group, and hypertension with
diabetes group. The literature review reveals that several types of machine
learning methods are widely accepted for disease prediction models, espe-
cially ensemble machine learning—based methods. Thus, this study mainly
focuses on constructing the multi-class classification model using several
potential machine learning methods, including RF, GB, ET, SVM, and DCT,
together with their associated feature engineering. This study employs the
data set from Phaya Mengrai Hospital, Chiang Rai, Thailand, which includes
personal data, clinical data, and behavioral data. The comparison of pre-
diction results of each model, with and without feature engineering, was
conducted to evaluate the prediction performance.
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3 Methodology

The methodology used in this study consists of four major processes, includ-
ing data collection, data preprocessing, model construction and validation,
and model comparison, as shown in Figure 1. The details of each process are
discussed in this section.

3.1 Data Collection

This study has received ethical approval from the university. For this study,
historical data for patients aged between 27-102 years from 2016 until 2021
were obtained from a local hospital, Phaya Mengrai Hospital, Chiang Rai,
Thailand. The dataset contained 17,707 samples and all samples represented
a unique patient. Among these, there were 12,210 samples of hypertension
(69%), 4,267 samples of diabetes (24%), and 1,230 samples of both hyperten-
sion and diabetes (7%). For this study, type 2 diabetes was considered. There
were 28 features across three categories of data, namely, personal, clinical,
and behavioral data. The detail and descriptions of the dataset are provided in
Table 1 in the appendix. Personal data included gender, age, and body weight.
The clinical data included blood pressure systolic, blood pressure diastolic,
and fasting blood sugar. Finally, behavioral data included smoking behavior
and drinking behavior. The sample data for some of these features for ten
patients are presented in Table 2.

3.2 Data Preprocessing

Data preprocessing is a crucial procedure used for manipulating data,
inputting missing values, and encoding data for use in machine learning
techniques. In this study, the data preprocessing process consisted of 2 main
steps, data cleaning, and feature engineering, as shown in Figure 2. These
steps are explained in detail in this section.

Data Processing

. Model construction i
Data cleaning and validation Model comparison

l

Feature
engineering

Medical
dataset

Figure 1 Research methodology.
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Table 2 Sample records from the dataset

Body Fasting

Blood  Pressure Pressure  Blood Total
Gender Age Weight Diastolic Systolic ~ Sugar  Cholesterol  Triglyceride
Female 48 52 80 129 147 164 75
Female 65 61 76 140 228 203 101
Male 74 67 61 126 98 175 200
Female 46 53 84 139 121 213 160
Male 73 70 70 140 124 200 314
Female 61 48 71 131 107 240 310
Female 58 59 71 122 130 173 161
Male 70 63 68 126 125 175 204
Female 51 53 60 110 88 280 135
Male 56 66 79 109 116 135 108

3.2.1 Data cleaning

Data cleaning is a procedure that is used to detect outliers in a dataset.
Outliers are data points located far from other data points and can distort
the outcome of the machine learning model. In this study, the interquartile
range technique (IQR) [36] was used. IQR is the result of subtraction between
the third (@)3) and first quartile (Q)1) of a distribution, as shown in Equa-
tion (1). The upper bound value and the lower bound value are obtained from
Equations (2) and (3), respectively. An outlier can be detected if the value of
the data point is higher than the upper bound or less than the lower bound.
Points that have values falling within the upper bound and lower bound are
included in the dataset.

IQR =Q3 - Q1 (1)
Upper bound = Q3 + 1.5 % IQR 2)
Lower bound = Q1 — 1.5 % IQR 3)

3.2.2 Feature engineering

Feature engineering [38] is a procedure for manipulating and transforming
raw data into a usable format for machine learning. The dataset used in
this study had missing values and various data types, such as ordinal data,
nominal data, and continuous data. The methods used for handling missing
values differ depending on the data type. Table 3 shows feature engineering
processes used for different data types.
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Data preprocessing

Data cleaning

Dataset

h 4

Interquartile range
technique

A 4
Feature engineering

Nominal dataset Continuous dataset

Ordinal dataset

Arbitrary value Most-frequent Yeo-johnson
imputation imputation transformation
Ordinal encoding One-hot encoding End-tail imputation

Figure 2 Data processing process.

As shown in Table 3, three different types of data were used in this study
and were manipulated using different feature engineering processes. These
are explained in detail below.

3.2.3 Ordinal data
Ordinal data is a categorical data type with a set of orders representing rela-
tionships in the data. Some examples from this study are smoking status and
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Table 3 Feature engineering for different feature types

Data Type Method Applied Feature
Ordinal — Arbitrary Value Imputation — Smoking behavior
— Ordinal Encoding — Drinking behavior
Nominal — Most-Frequent imputation — Gender
— One-hot encoding — Family History

— Urine Albumin

Continuous — Yeo-Johnson transformation — Age
— End-tail imputation — Body Weight
— Height
— Body Mass Index
— Waist

— Respiratory Rate

— Blood Pressure Systolic

— Blood Pressure Diastolic
— Village

— Sub-district

— District

— Province

— Fasting Blood Sugar

— Total Cholesterol

— Triglyceride

— High-Density Lipoprotein
— Low-Density Lipoprotein
— Creatine

— Glomerular Filtration Rate
— Uric Acid

— Potassium

— Blood Urea Nitrogen

— Blood—Brain Barrier

drinking status. For this data type, arbitrary value imputation [38] was used
for filling those values that were missing from the dataset due to a specific
reason. In this study, the word “missing” was used to indicate such values
that were not missing accidentally. Then, ordinal encoding [38] was applied
to assign a numerical value to a qualitative data type so that it could be used by
a machine learning model. In this study, five levels of smoking behavior were
defined, including never smoking, occasionally smoking, rarely smoking,
frequently smoking, and no information. Each level was represented by the
numbers 1,2,3,4, and 5, respectively.
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3.2.4 Nominal data

A nominal dataset is a categorical data type with no order. There is no rela-
tionship between each variable. In the dataset used for this study, there were
some missing values that could not be replaced with a number. Therefore, the
most frequent imputation [38], which uses the mode value, was used to fill
in missing values instead. Then, one hot encoding [38] was applied to create
new features by using existing features. For instance, the gender feature had
two values, namely, male and female. After encoding, males were assigned a
value of 1 and females were assigned a value of 0.

3.2.5 Continuous data

Continuous data is a quantitative data type and represents a scale of mea-
surement. It can consist of whole numbers, decimals, and fractions. In this
study, the Yeo-Johnson transformation [37, 38] was used for transforming a
continuous feature to obtain variables with a normal distribution, which could
handle both negative and positive values. Then, the end-tail imputation [38]
was used to assign missing values automatically based on constant values
established on the tail end of the distribution of the feature. The Yeo-Johnson
transformation is shown in Equation (4).

A

(H”;)l FAN£0andz >0

log(1 + z) if A\=0andz >0

S Y "

_"L' p—

— ] 2
5 ) if A#2andx <0

—log(1 — z) if A=2and x <0,

where x is the observed feature that can either be O or have a negative value
and A represents the real number used as a parameter to tune the distribution,
with A < 1 transforming right-skewed data toward symmetry, and A > 1
transforming left-skewed data toward symmetry.

3.3 Model Construction and Validation

After preparing the data, models are constructed using different machine
learning methods. In this study, five models were developed; the model
construction flow is shown in Figure 3.

The dataset was split into two parts, namely, the training dataset and the
test dataset. While the training set was used to train the model, the test data
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Model Construction

Dataset

Train dataset Test dataset

Classifier

RF

GB

ET

SVM

Figure 3 Model construction flow.

was treated as previously unseen data that would be used to validate model
performance.

In this study, multi-class prediction was performed. Five classifiers were
used, including RF, GB, ET, SVM, and DCT. The study mainly focused on
classifiers used for ensemble learning, that is, RF, GB, and ET, because they
are widely applied in disease prediction problems. RF generates decision
trees based on randomly selected data samples; after obtaining multiple
outputs from these trees, the best choice is selected. GB builds models
sequentially and each iteration reduces the errors of the previous model.
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ET generates multiple decision trees and votes for the best prediction after
combining the outputs from all the trees. In this study, the constructed models
were also compared with more traditional methods, such as SVM and DCT,
which are still widely applied for disease prediction. SVM creates a plane
or decision boundary, which is used to segregate the classes. A plane that
can maximize the distance between data points of different classes can be
used for accurate classification. Lastly, the DCT is a tree-structured classifier.
The nodes represent the features, the branches represent the decision rules
and each leaf represents a prediction. Sequential tests are conducted to
determine the best attribute for splitting the data and thus arrive at an accurate
decision.

Each model was provided with the same training and testing sets. Three
classes were considered including the hypertension group, diabetes group,
and hypertension with diabetes group. Every constructed model was vali-
dated with five-fold cross validation. The hyperparameters were fine-tuned to
obtain the best model for comparison. The details of hyperparameter tuning
of each model are shown in Table 4 in the appendix. The flow of the process
is shown in Figure 4.

3.4 Model Comparison

In general, the model predictions have four different outcomes: true positive
(TP), true negative (TN), false positive (FP), and false negative (FN). TP and
TN indicate correct predictions. FP refers to data points that are classified as
positive when they are actually negative, and FN refers to points that are clas-
sified as negative when they are actually positive. Various evaluation metrics
were used in this study, including accuracy, receiver operating characteristic
curve (ROC), and the average area under the curve of the ROC (average
AUC-ROC). These metrics are discussed in detail below.

3.4.1 Accuracy
Accuracy is a metric that represents how successfully the model can make
predictions. It is defined as shown in Equation (5).

TP+TN

A - 5
Y = P Y TN+ FP+ FN )

3.4.2 ROC curve
The ROC curve is a graph that shows how well the model can separate the
classes at all possible thresholds. This curve plots two parameters, namely, the
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Dataset

A 4 A 4

Train dataset Test dataset

A 4

Hyper parameter tuning /
Cross Validation

Selected Model |,
Testing

A4
A

Figure 4 Model validation flow.

true positive rate and false positive rate, as shown in Equations (6) and (7).

TP
T it = ——--
rue positive rate TP+ FN (6)
FP
F it = ——---
alse positive rate TN+ FP @)

3.4.3 Area under the ROC

For general binary classification, the AUC represents the ability of a classifier
to distinguish between two classes. Its value ranges from O to 1. In the case
of 100% wrong predictions, the AUC is 0 and in the case of perfectly correct
predictions, the AUC is 1. The One-vs-Rest (OvR) method is used to make
binary classification algorithms suitable for multiclass classification. This is
done by splitting the multiclass dataset into multiple binary classifications.
A binary classifier is then trained on each binary classification problem.
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Table 5 Multi-class classification
Classification Group Positive Class Negative Class

Binary Classification 1 ~ Hypertension (Class 1) — Diabetes (Class 2)
Hypertension with
Diabetes (Class 3)

Binary Classification 2  Diabetes (Class 2)

Hypertension (Class1)
— Hypertension with
Diabetes (Class 3)

Hypertension (Class 1)
Diabetes (Class 2)

Binary Classification 3 ~ Hypertension with
Diabetes (Class 3)

Table 6 Comparison of prediction performance

Accuracy Average AUC-ROC

Without With Without With

Feature Feature Feature Feature
Classifiers Engineering Engineering Engineering Engineering
RF 85.19% 88.07% 90.12% 93.02%
GB 84.99% 87.27% 89.36% 92.26%
ET 80.74% 85.14% 90.03% 92.03%
SVM 85.02% 88.39% 88.17% 93.32%
DCT 83.25% 85.93% 85.43% 89.55%

The predictions are made using the model with the highest confidence. In this
study, three classes were used, including Class 1, which represented Hyper-
tension, Class 2, which represented Diabetes, and Class 3, which represented
Hypertension with Diabetes. These three groups of binary classifications are
shown in Table 5. The average values of the AUC-ROC of the classes were
used to represent prediction performance.

4 Results and Discussion

This section presents the evaluation metrics and comparison of the results,
which are also discussed in detail.

4.1 Prediction Performance

Table 6 shows the prediction performance of each model in terms of accuracy
and average AUC score.
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Table 6 shows that SVM with feature engineering outperformed other
models based on accuracy and average AUC-ROC achieving a value of
88.39% and 93.32%, respectively. Among the ensemble learning methods
with feature engineering, RF obtained the maximum average AUC-ROC
score (93.02%) while ET obtained the minimum average AUC-ROC score
(92.03%). RF obtained the maximum accuracy (88.07%), while ET obtained
the minimum accuracy (85.14%). For all ensemble learning—based methods,
it can be observed that RF performed the best in terms of both accuracy
and average AUC-ROC for both with and without feature engineering. Con-
versely, DCT performed the worst in terms of average AUC-ROC among
those with and without feature engineering. Overall, all the models performed
better when feature engineering was applied.

4.2 Comparison of ROC

Figure 5 shows the ROC of all classifiers for the classification of Binary
Classification 1, Binary Classification 2, and Binary Classification 3, respec-
tively. From the figures, it is evident that all the models performed well
for all groups of binary classifications, with DCT performing the worst.
Specifically, SVM and the ensemble learning methods outperformed DCT for
all groups in the case of binary classifications 1 and 2. However, for binary
classification 3, which represents the hypertension with diabetes group, all
classifiers performed worse than for binary classifications 1 and 2.

Based on these results, it can be concluded that SVM and the ensem-
ble learning methods are reasonably effective models for the multi-class
prediction of hypertension with diabetes. In addition, it can be observed
that the unbalanced dataset affected the prediction accuracy of all models
in the case of binary classification 3. Therefore, a larger number of data
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o
®
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06( ||
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o
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| |
| Decision Tree | Decision Tree Decision Tree
02 J Random Forest i Random Forest | Random Forest
21 sVM 2 svM 41 SVM
Extra Trees | Extra Trees / Extra Trees
0.0 ] Gradient Boosting 0.0 Gradient Boosting 0.0/ Gradient Boosting

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate False Positive Rate False Positive Rate
Binary Classification 1 Binary Classification 2 Binary Classification 3

14
IS
o
s

True Positive Rate
True Positive Rate
True Positive Rate

o
N
o
~

Figure 5 ROC:s for three groups of binary classifications.
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points for the hypertension with diabetes dataset is required for future studies.
Further, future studies should consider modifying the model to handle unbal-
anced data and achieve better prediction performance. In addition, the model
modification is expected to be more general for applying to other NCDs.

5 Conclusion

This paper proposes the multi-class classification method for the prediction of
hypertension with diabetes. The data collected from Phaya Mengrai Hospital,
Chiang Rai, Thailand was used in this study, which consisted of 17,077
records and 28 features. Based on the type of data, feature engineering
was performed to ensure that the data was suitable for use by machine
learning classifiers. The models were constructed and validated with five-
fold validation. The algorithms RF, GB, ET, SVM, and DCT were used for
constructing the models. Then, the prediction performance of each model
with and without feature engineering was compared. Overall, all models
with feature engineering achieved higher accuracy and average AUC-ROC
than those without feature engineering. More specifically, SVM with feature
engineering outperformed other models based on accuracy and average AUC-
ROC achieving a value of 88.39% and 93.32%, respectively. For all ensemble
learning—based methods, RF performed the best in terms of both accuracy and
average AUC-ROC for both with and without feature engineering. In future
studies, the model should be tested with a larger dataset. In addition, modify-
ing the method for dealing with unbalanced data is suggested for improving
prediction performance.

Appendix
Table 1 Features and descriptions
Type Feature Name Abbreviation Description
Personal Data  Gender sex Gender
Age age Age
Body Weight bw Body Weight
Height height Height
Body Mass Index bmi Body Mass Index
Waist waist Waist
Family History fth Family history

(Continued)
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Table 1 Continued

Type Feature Name Abbreviation Description
Village moopart Village
Sub district tmbpart Sub district
District amppart District
Province chwpart Province
Clinical Data Respiratory Rate r Respiratory Rate
Blood Pressure bpd Blood Pressure
Diastolic Diastolic
Blood Pressure bps Blood Pressure
Systolic Systolic
Fasting Blood Sugar FBS Fasting Blood Sugar
Total Cholesterol TC Total Cholesterol
Triglyceride TG Triglyceride
High Density HDL High Density
Lipoprotein Lipoprotien
Low Density LDL Low Density
Lipoprotein Lipoprotein
Creatine CR Creatine
Glomerular Filtration GFR Glomerular
Rate Filtration Rate
Uric Acid Uric a Uric Acid
Potassium k Potassium
Urine Albumin uA Albu Urine Albumin

Blood Urea Nitrogen bun
Blood Brain Barrier bbb
Behavioral Data  Smoking behavior smoking_type_name  Smoking behavior
Drinking behavior drinking_type_name

Blood Urea Nitrogen
Blood Brain Barrier

Drinking behavior

Table 4 Hyperparameters for each model

Hyperparameters

Classifiers With Feature Engineering Without Feature Engineering

RF — bootstrap = false — bootstrap = false

maximum features = log2
minimum sample leaf = 2
minimum sample split = 12
number of estimators = 390
out-of-bags score = false

— maximum depth = 11 — maximum depth = 11

maximum features = log2
minimum sample leaf = 2
minimum sample split = 12
number of estimators = 390
out-of-bags score = false

(Continued)
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Table 4 Continued

Hyperparameters

Classifiers With Feature Engineering

Without Feature Engineering

GB — maximum depth = 14
— maximum features = 4
— minimum samples leaf = 35
— minimum samples split = 43
— number of estimators = 462

ET — bootstrap = true
— maximum depth = 15
— maximum features = ‘sqrt’
— minimum samples leaf = 2
— minimum samples split = 28
— number of estimators = 170
— out-of-bags score = false

SVM — kernel = ‘rbf”
— gamma = 0.1
-c=1

DCT — criterion = ‘entropy’

— maximum depth = 8
— maximum features = 15
— minimum samples split = 25

— maximum depth = 14

— maximum features = 4

— minimum samples leaf = 35
— minimum samples split = 43
— number of estimators = 462

— bootstrap = true

— maximum depth = 15

— maximum features = ‘sqrt’
— minimum samples leaf = 2
— minimum samples split = 28
— number of estimators = 170
— out-of-bags score = false

— kernel = ‘linear’
— gamma = 1
- c=0.1

— criterion = ‘gini’

— maximum depth = 12

— maximum features = 15

— minimum samples split = 42
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