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Abstract

Background Cardiovascular diseases (CVD) are the predominant cause of early death worldwide. Identification of
people with a high risk of being affected by CVD is consequential in CVD prevention. This study adopts Machine
Learning (ML) and statistical techniques to develop classification models for predicting the future occurrence of CVD
events in a large sample of Iranians.

Methods We used multiple prediction models and ML techniques with different abilities to analyze the large dataset
of 5432 healthy people at the beginning of entrance into the Isfahan Cohort Study (ICS) (1990-2017). Bayesian addi-
tive regression trees enhanced with “missingness incorporated in attributes” (BARTm) was run on the dataset with 515
variables (336 variables without and the remaining with up to 90% missing values). In the other used classification
algorithms, variables with more than 10% missing values were excluded, and MissForest imputes the missing values
of the remaining 49 variables. We used Recursive Feature Elimination (RFE) to select the most contributing variables.
Random oversampling technique, recommended cut-point by precision-recall curve, and relevant evaluation metrics
were used for handling unbalancing in the binary response variable.

Results This study revealed that age, systolic blood pressure, fasting blood sugar, two-hour postprandial glucose, dia-
betes mellitus, history of heart disease, history of high blood pressure, and history of diabetes are the most contribut-
ing factors for predicting CVD incidence in the future. The main differences between the results of classification algo-
rithms are due to the trade-off between sensitivity and specificity. Quadratic Discriminant Analysis (QDA) algorithm
presents the highest accuracy (75.50 4+ 0.08) but the minimum sensitivity (49.84 +0.25); In contrast, decision trees
provide the lowest accuracy (51.95 4 0.69) but the top sensitivity (82.52 £ 1.22). BARTmM.90% resulted in 69.48 +0.28
accuracy and 54.00+ 1.66 sensitivity without any preprocessing step.

Conclusions This study confirmed that building a prediction model for CVD in each region is valuable for screening
and primary prevention strategies in that specific region. Also, results showed that using conventional statistical mod-
els alongside ML algorithms makes it possible to take advantage of both techniques. Generally, QDA can accurately
predict the future occurrence of CVD events with a fast (inference speed) and stable (confidence values) procedure.
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The combined ML and statistical algorithm of BARTm provide a flexible approach without any need for technical
knowledge about assumptions and preprocessing steps of the prediction procedure.

Keywords Cardiovascular, Machine learning, Statistical models, Cohort study, Eastern Mediterranean region, Feature

selection, Missing values

Introduction

Cardiovascular disease (CVD) is a leading cause of global
death since 1980 [1]. World Health Organization (WHO)
reports noted that each year 17.9 million people die from
CVD, accounting for approximately 32% of worldwide
deaths, and 75% of them occur in low and middle-income
countries [2]. Coronary artery disease, cerebrovascu-
lar disease, peripheral arterial disease, rheumatic heart
disease, congenital heart disease, deep vein thrombosis,
pulmonary embolism, acute myocardial infarction, and
stroke are common types of CVD [2].

Some CVD risk factors such as age, gender, ethnicity,
and family history are non-modifiable; However, leading
modifiable risk factors include high blood pressure, dia-
betes, dyslipidemia, obesity, low or lack of physical activ-
ity, unhealthy diet, stress, and smoking [3-7]. Currently,
policymakers in the area of CVD prevention and con-
trol guidelines recommended the use of CVD risk pre-
diction models in order to determine and highlight the
high-risk people that early interventions could lead to a
reduction in CVD incidence. Accordingly, risk prediction
models using traditional statistical methods as well as
machine learning approaches have been commonly used
in this subject area. Prediction models based on machine
learning algorithms are robust against common limita-
tions such as non-linearity, multicollinearity, interaction,
and particularly complexities available in large datasets
in traditional statistical models [8—10]. Therefore, it is
expected that prediction models based on machine learn-
ing algorithms will show higher predictive performance
compared to traditional statistical methods [11-16],
although there are controversies about the superiority of
these models compared to each other [17, 18].

The CVD events rates vary across the different regions
of the globe, so investigating the risk factors in each
region can help to find the main specific causes of CVD
in that region. The results of such regional specific stud-
ies help the policymakers to adopt the proper CVD pre-
vention and control programs [19]. Despite the high CVD
prevalence and incidence in developing countries, stud-
ies on establishing risk prediction models in these coun-
tries are scarce. The majority of CVD prediction models
using ML techniques have been conducted in developed
countries [13, 20-24]. Less adoption of ML techniques in
developing countries can be for three reasons: (I) availa-
bility of comprehensive and accurate datasets in the CVD

field [25, 26]; (II) financial difficulties leading to only a
few research centers in these countries being able to pur-
chase high specification computers to run ML techniques
on large datasets [27]; (III) lack of expertise in the ML
field [28].

This study adopts the most popular ML algorithms
used in CVD prediction studies, including k-Nearest
Neighbors (kNN), Support Vector Machine (SVM), Deci-
sion Trees (DT), Random Forest (RF), Artificial Neural
Network (ANN), and Gradient Boosting Machine (GBM)
to develop suitable and efficient prediction models for
predicting the future occurrence of CVD events based on
the comprehensive set of risk factors in the framework
of the long-term Isfahan Cohort Study (ICS), a popula-
tion-based cohort in the eastern Mediterranean region,
Iran. This study also aimed to identify the most efficient
predictors of future CVD incidence in participants who
were healthy at the entrance to the ICS in order to find
a high-risk group for early CVD events. This study also
attempted to compare the predictive abilities of the
machine learning modeling approach with traditional
statistical methods.

Materials and methods

Study design and participants

This study is a secondary analysis of the ICS dataset;
An ongoing longitudinal population-based prospective
cohort study [29]. This cohort started in 2001 in three
central cities of Iran (Isfahan, Najafabad, and Arak).
According to Iran’s census in 2016, Isfahan is the third
most populated city with a population of 2 243 249,
Najafabad and Arak had 319,205 and 591,756 popu-
lations, respectively. In ICS, 6323 participants were
recruited based on multistage random sampling from
January 2 through September 28, 2001. The inclusion
criteria were: being Iranian, aged 35 or older, mentally
competent, and not pregnant. The exclusion criteria
were: having any CVD events at baseline. In this study,
among the 6323 participants, 5432 participants which
had at least one follow-up were entered. The ICS study
was performed by Isfahan Cardiovascular Research
Center (ICRC), a WHO-collaborating center (https://
apps.who.int/whocc/Search.aspx). All participants were
interviewed by trained health professionals and data
were recorded into proper questionnaires and checklists.
Every five years, all participants had follow-up visits for
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full medical examination and blood sampling for further
evaluations. Also, twice a year all participants were evalu-
ated by phone calls for tracking the occurrence of certain
predefined events. Detailed information about ICS has
been provided in the previously published report [29].

All available data on study participants in 2001 was
considered as potential risk factors for the occurrence
of any CVD events until 2017 as the response variable.
The current secondary study protocol was reviewed and
approved by the ethics committee of Isfahan university
of medical sciences (approval number. IR.MULMED.
REC.1400.493).

Risk factors

A comprehensive dataset containing more than 1000
variables, basic and clinical characteristics of study par-
ticipants, collected through data collection by ICS, was
considered as a source of potential predictors of CVD
events. It includes the following categories: Sociode-
mographic characteristics, including age, gender, and
education level (classified as 0-5 years, 6-12 vyears,
and>12 years). Cardio-metabolic factors include Body
Mass Index (BMI), Systolic Blood Pressure (SBP), Dias-
tolic Blood Pressure (DBP), High-Density Lipoprotein
(HDL), Low-Density Lipoprotein (LDL), and triglycer-
ide. Lifestyle factors, including smoking, physical activ-
ity, dietary habits and intake. History of diabetes was
defined according to participants’ self-reports, and they
were diagnosed with diabetes mellitus when Fasting
Blood Sugar (FBS) > 126 mg/dL or by using anti-diabetic
agents [30]. Generally, the dataset contains more than
1000 variables. By excluding the variables with more than
90% of missing values, 515 variables remained; Among
them, 336 variables were complete without any missing
data, 49 variables had less than 10% missing values, and
the remaining 130 variables had more than 10% missing
values.

Study outcome

The response variable in the current study was consid-
ered as any diagnosis of CVD events until 2017, which
includes: fatal and non-fatal myocardial infarction, fatal
and non-fatal stroke, sudden cardiac death, and unstable
angina. The decision about CVD events diagnosis was
confirmed by a special panel including four expert cardi-
ologists and an expert neurologist [29]. Among all 5432
participants, CVD events occurred for 819 participants
(15.08%) in the follow-up period; Hence, the response
variable is imbalanced relevant techniques and evalua-
tion metrics should be used during modeling.
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Figure 1 presents the flow of the data analysis process
that was carried out in this study. This has been described
in detail in the following sections.

Classification algorithms implementation
Several ML algorithms have been utilized for CVD inci-
dence prediction but there is no unique model with the
highest predictive ability in all situations [15]. A meta-
analysis on 344 studies showed that the SVM and GBM
have the highest predictive ability [31]. A review article in
2022 indicated that RF and ANN have the best predictive
performance [32]. So, in this study, the various super-
vised classical statistical and machine learning classifi-
cation models were used by considering their predictive
power and popularity, including Logistic Regression (LR),
Linear Discriminant Analysis (LDA), Quadratic Discri-
minant Analysis (QDA), SVM, kNN, DT, RF, Bayesian
Adaptive Regression Trees (BART), missing incorporated
to attributes-within BART (BARTm), ANN and GBM.
All models run according to the same procedure except
BARTm. The BARTm model has a combined statistical
and ML algorithm that makes it capable of accurately
classifying data even with 90% of missing values, without
any imputation [33]. So, the BARTm model was imple-
mented on the dataset with two missing value scenarios:
(I) all variables with up to 90% of missing values were
considered (515 variables); (II) only those variables with
up to 10% missing values were considered (385 variables).
These two model verifications of the BARTm model were
denoted by BARTm.90% and BARTm.10%, respectively.
The grid search cross-validation techniques were
applied to tune the hyper-parameters of ML algorithms
that determine the optimal values to achieve higher accu-
racy. The tuned parameters of each algorithm and their
optimal values are presented in Table 1.

Dataset preprocessing

Dataset preprocessing in the ML algorithms leads to bet-
ter model prediction performance. Because of BARTm
model’s efficiency, it was implemented on a dataset with-
out any preprocessing steps. The following preprocessing
steps have been conducted for implementing the other
models, which cannot manage the missing values.

In the first step, the variables with more than 10% miss-
ing values were excluded, so 385 variables remained.
MissForest procedure was used to impute the miss-
ing values of the remaining 49 variables with up to 10%
missing values. However, the MissForest procedure as a
nonparametric RF-based imputation of missing value
is time-consuming but at the same time, it outperforms
compared to other imputation approaches and pro-
vides more accurate imputation [34]. In the next step,
each continuous variable was standardized by centering
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Fig. 1 The flow of the data analysis process

Table 1 Hyper-parameters of applied ML algorithms in this

study
Algorithm Parameters Optimal Value
BARTm, BART Number of trees 50
Prior probability (k) 2
kNN Number of neighbors 27
SVM Gamma parameter 0.125
Cost of constraint violation 1
DT Complexity parameter 0.01
RF Number of candidate variables at each 2
split
ANN Number of the units in the hidden 2
layer
Decay weight parameter 0.1
GBM Number of iterations 150

with its minimum and scaling with its range; Also, from
categorical variables having more than two categories,
dummy variables were created.

Before conducting the model training process, in order
to make optimal applicability of all used models and
compare their prediction ability with each other, it is
necessary to reduce the number of predictors. Recursive

Feature Elimination (RFE) method was used to select
the most informative variables or dimension reduction
for prediction. Although it has an intensive computa-
tional burden, it is one of the more effective dimensional
reduction procedures. It considers a wide range of pat-
terns and correlations in the dataset and then chooses the
most contributing variables for prediction [35]. There-
fore, after applying RFF, each used classification model
will be applied to fewer informative predictors. This fea-
ture selection step is one of the main benefits of ML that
makes the conventional statistics models applicable to
large datasets [36].

For obtaining more reliable results during the train
and test models specification, each model was run
under a repeated 10-fold cross-validation algorithm.
The incidence rate of CVD events in this study sample
was 15.08%, so the two response levels are imbalanced.
Therefore, for each training dataset in each repeat and
fold, the random oversampling technique was performed.

Statistical analysis and models evaluation metrics

After each 10-fold cross-validation, for converting the
predicted risk probability to binary classes based on all
used classification algorithms, two options including
predefined default cut-points in each algorithm and the
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optimal cut-point recommended by Precision-Recall
Curve (PRC) that maximizes the F-score were adopted.

The following metrics were considered to evaluate
and compare the predictive power of applied models:
accuracy, balanced accuracy, sensitivity, specificity, Area
Under the Receiver Operating Characteristic Curve
(AUROC), Area Under the Precision-Recall Curve
(AUPRC), and normalized Matthews Correlation Coef-
ficient (nMCC).

We reported continuous data as mean = Standard
Deviation (SD) and categorical data as numbers (per-
centages). Independent t-test and chi-square test were
used to compare continuous and categorical risk factors
between participants who experienced CVD events with
other ones, respectively.

All analyses were conducted in R statistical software
version 4.1.1 [37] by using the following packages: bart-
Machine [38] for BARTm and BART models, MASS [39]
for LDA and QDA models, caret [40] for kNN model and
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also RFE procedure, €1071 [41] for SVM model, rpart
[42] for DT model, randomForest [43] for RF model, nnet
[39] for ANN model, gbm [44] for GBM model, missFor-
est [45] for imputing missing values, pROC [46] for ROC
analysis and PRROC [47] for precision-recall analysis.

Results

Overall, the mean age of participants at baseline was
50.49 +11.49 years, and 2697(51.00%) were female. Dur-
ing the 16-year follow-up, 819 (15.08%) experienced
occurrences of any CVD events. Table 2 presents the
basic characteristics of the 5432 included participants of
ICS in this study in two groups of participants with and
without experiencing CVD events.

The RFE procedure recommends only 8 variables as
an optimal subset for this study. Descriptive statistics of
these 8 variables across CVD events categories are pre-
sented in Table 3.

Table 2 Basic characteristics of ICS study in the CVD and non-CVD groups

Variable CcVvD Non-CVD p-value*
(n=819) (n=4613)
Sociodemographic Factors
Age 56.59+11.62 49.25+11.06 <0.001
Gender <0.001
Female 407 (15.09%) 2290 (84.91%)
Male 486 (18.75%) 2106 (81.25%)
Education 0.003
0-5 year 675 (18.02%) 3071 (81.98%)
6-12 year 170 (14.01%) 1043 (85.99%)
> 13 year 48 (14.55%) 282 (85.45%)
Cardiometabolic Factors
BMI <0.001
Normal/Underweight 267 (13.59%) 1697 (86.41%)
Overweight 399 (18.80%) 1723 (81.20%)
Obese 219 (18.54%) 962 (81.46%)
Waist Circumference (cm) 97.734+12.35 94.194+12.84 <0.001
Systolic Blood Pressure (mmHg) 131.864+23.57 119414+19.64 <0.001
Diastolic Blood Pressure (mmHg) 82.57£1249 7748+£11.07 <0.001
High-Density Lipoprotein (mg/dL) 46.94+1053 46.90+£1032 0.920
Low-Density Lipoprotein (mg/dL) 137.54+£46.37 127.12+£42.55 <0.001
Triglyceride (mm/dL) 21647+£115.18 185.82+£99.24 <0.001
Total Cholesterol (mg/dL) 227.77 £56.20 2111645082 <0.001
Lifestyle Factors
Ever Smoking 0.102
Yes 163 (18.78%) 705 (81.22%)
No 728 (16.49%) 3687 (83.51%)
Global Dietary Score 0984027 1031024 <0.001
Total Daily Physical Activity 799.804+556.32 895.65+543.69 <0.001

" Resulted from independent samples t-test or chi-squared test
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Table 3 Most contributing risk factors for CVD prediction
Variable CVvD Non-CVD p-value*
(n=819) (n=4613)
Age 56.59+£11.62 49.254+11.06 <0.001
Systolic Blood Pressure (mmHg) 131.86+23.58 11941+£19.64 <0.001
Fasting Blood Sugar (mg/dL) 99.48 +46.89 86.26128.07 <0.001
Two-hour Postprandial Glucose (mg/dL) 119.52+£64.63 104.67 £4343 <0.001
History of Heart Disease <0.001
Yes 148 (41.69%) 207 (58.31%)
No 745 (15.10%) 4189 (84.90%)
History of High Blood Pressure <0.001
Yes 247 (35.90%) 441 (64.10%)
No 646 (14.04%) 3955 (85.96%)
History of Diabetes <0.001
Yes 146 (39.14%) 227 (60.86%)
No 747 (15.20%) 4169 (84.80%)
Diabetes Mellitus <0.001
Yes 160 (36.61%) 277 (63.39%)
No 733 (15.11%) 4119 (84.89%)

" Resulted from independent samples t-test or chi-squared test

The evaluation metrics of different classification mod-
els under the default cut-point, and the optimum cut-
point recommended by the precision-recall curve are
presented in Table 4.

Figure 2 presents the mean accuracies (as percentage)
along with SD as error bars of used prediction models.

Figure 3 shows true-positive, false-negative, true-nega-
tive, and false-positive values obtained from applying 12
different prediction models and two scenarios considered
for cut-points. Sensitivity (proportion of correctly pre-
dicted CVD among participants who catch CVD) and
specificity (proportion of non-CVD predicted partici-
pants among the participants who do not get CVD) are
displayed in red and blue bars, respectively.

According to the default cut-point, QDA presents
the highest prediction accuracy (75.50%), and DT pro-
vides the lowest accuracy (51.95%). Followed by QDA,
BARTm.10% and BARTmM.90% showed the highest accu-
racy with values of 70.03% and 69.48%, respectively.
On the other hand, DT showed the highest sensitivity
(82.52%); While QDA, BARTmM.10%, and BARTmM.90%
showed the lowest sensitivity with values of 49.84, 51.43,
and 54.00%, respectively, which is in the opposite flow of
accuracy.

LR and ANN models by default cut-point pro-
duce the highest AUROC (73.37 and 73.35%, respec-
tively) and the highest balanced accuracy (67.00 and
66.98%, respectively). The DT model based on default
cut-point produces the lowest AUROC (64.74%), and

BARTmM.10% by default cut-point provides the lowest
balanced accuracy (62.38%). According to MCC, ANN,
LR, and LDA based on precision-recall curve cut-point
resulted in the highest, almost the same, values of
63.13, 63.11, and 63.03%, respectively.

Generally, across the majority of accuracy, sensitivity,
and specificity, QDA showed the best predictive perfor-
mance. While across the majority of AUROC, balanced
accuracy, and MCC, LR and ANN showed the best per-
formance. Overall, DT had the weakest performance.

Using the precision-recall curve recommended cut-
point instead of the default cut-point led to obtaining
higher sensitivity and lower accuracy in all used models
except for BARTm, QDA, and RF algorithms. For the
GBM model, changing the default cut-point led to a
26.12% increase in sensitivity and a 15.57% decrease in
accuracy. Another difference between the default cut-
point and precision-recall curve cut-point is related
to the SDs of metrics; In all models, the default cut-
point produces smaller SD for accuracy, sensitivity, and
specificity. According to the bias-variance trade-off,
the higher accuracy and lower SD derived from chang-
ing the cut-point leads to the conclusion that using the
recommended cut-point of the precision-recall curve
causes more overfitting.

The RFE procedure revealed that diabetes and the
history of diabetes have different effects on the occur-
rence of CVD events. Figure 4 shows the flow of history
of diabetes, diabetes, and CVD events. Positive history
of diabetes covers 17 (144 3) percent of CVD events,
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Table 4 Evaluation metrics percentage of different models under default and precision-recall curve cut-points
Model Cut-Point Accuracy nMCC Balanced Accuracy Sensitivity Specificity AUROC/AUPRC
BARTmM 90% Default 69.48 +0.28 60.0940.81 63.124+0.78 54.00£1.66 72.23£033 68.88 +0.40
PRC 69.34+£4.83 6041+0.79 63.60£0.83 5537+£821 71.83£713 27.71£0.69
BARTmM 10% Default 70.03+£0.57 59.63£0.92 62.38+0.81 5143£144 73.33£0.59 67.97£0.77
PRC 67.68£3.75 59.98+£0.73 63.26+0.71 56.93£6.05 69.58 +5.46 27.18+0.81
LR Default 64.75£0.23 62.35+0.17 67.00£0.18 7023£042 63.78+£0.30 73.37+0.07
PRC 7498 £1.02 63.11+0.18 66.08 £0.29 53.32+£2.09 7883+£1.56 3444+£0.14
LDA Default 65.064+0.23 62.19£0.18 66.74£0.19 69.144+043 64.33£0.30 73.28£0.07
PRC 7450£1.20 63.03£0.14 66.11+0.34 54.10£249 7813£1.85 3428+£0.12
QDA Default 75.50£0.08 6245+0.16 64.954+0.13 49.844+0.25 80.06 £0.09 72.10£0.06
PRC 74.55+£1.37 62.57£0.07 65454034 52424279 7847£2.10 29.62£0.11
kNN Default 63.834+0.33 59.87£0.36 63.524+0.38 63.07+0.72 63.964+0.39 67944037
PRC 64.65+1.09 5993+£033 63.53+0.39 61.92£205 65.144+1.62 27.01£041
SVM Default 62.04+0.24 62.02+0.17 66.7140.20 73.39+£044 60.0340.31 66.62 £ 143
PRC 62.75+242 60.0141.11 63.80+1.13 65.31£3.67 62.30+3.34 10.90£0.32
DT Default 51.95£0.69 60.524+0.23 64.52+0.33 82.52+£1.22 46.524+0.98 64.74£0.58
PRC 53.86+£2.38 60.394+0.22 64.45+0.36 79.60£3.96 49304350 20.76 £0.67
RF Default 65.28£0.27 60.82+0.36 64.74£0.39 63.974+0.82 65514033 69.44£0.23
PRC 62.134+1.73 61614024 66.12£0.39 71.83£3.16 60414259 2539+£0.36
BART Default 61.834+049 60.65 045 64.77£0.51 68.9941.07 60.56£0.62 70.10£041
PRC 7245£435 61.30£0.52 64.224+0.85 5244+£8.02 76.00£6.54 30.69£0.61
ANN Default 62.854+0.21 62.24£0.16 66.98+0.17 7290+£0.37 61.064+0.27 73.35+£0.08
PRC 72.51£1.25 63.13£0.18 66.84+0.33 5870251 7497 £191 3391+£032
GBM Default 61.9940.28 61.67+0.25 66.22 +0.30 72.26+£0.68 60.174+0.37 72.26+£0.16
PRC 77.56£2.62 62.80+0.34 64.64+0.59 46.14+5.09 83.14+3.98 33.65+£0.36

and adding diabetes status to the history of diabetes
causes 4% more coverage of CVD events.

Discussion

In this study, we used popular ML algorithms alongside
conventional statistics models to predict the occurrence
of CVD events at an early stage from a cohort study from
the eastern Mediterranean region. The results revealed
that only eight baseline variables were able to predict
future CVD events accurately. So, by taking advantage
of these techniques, primary prevention of CVD can be
simple and cost-effective. Generally, the QDA algorithm
produces accurate and stable predictions even with the
default classification cut-point. By adopting the preci-
sion-recall curve’s recommended cut-point, GBM, LR,
LDA, and ANN algorithms produce considerably higher
prediction power.

ML techniques have become a practical tool in CVD
prediction [19]. Dinh et al. used the National Health and
Nutrition Examination Survey (NHANES) dataset to
predict CVD; age, systolic blood pressure, self-reported
weight, chest pain occurrence, and diastolic blood pres-
sure were selected as the most contributing predic-
tors. They achieved 83.9% AUROC with their developed

ensemble model [48]. Mandair et al. used harmonized
Electronic Health Record (EHR) data to predict myocar-
dial infarction; While the AUC of deep neural network
(83.5%) was quite similar to logistic regression (82.9%),
they suggest that deep neural network algorithm may not
offer substantial benefit compared to traditional logistic
regression model using established risk factors [49].
Despite the presence of well-known prediction algo-
rithms such as the Framingham heart study and Euro-
pean Systematic Coronary Risk Evaluation (SCORE)
[50, 51], it is beneficial to investigate the risk factors in
each region separately. Due to the main differences in
intrinsic discrepancy, social environment, lifestyle, and
genetic predisposition can cause different contributing
factors and behavior. In this study, the most contributing
variables for CVD prediction were identified as age, SBP,
FBS, two-hour postprandial glucose, diabetes mellitus,
history of heart disease, history of high blood pressure,
and history of diabetes. These variables were confirmed
by validated CVD risk prediction tools such as the joint
guideline of American College of Cardiology (ACC) and
American Heart Association (AHA) [52], the Framing-
ham heart study, and SCORE [50, 51]. The common risk
factors in the ACC/AHA guideline are gender, age, total
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Accuracies of Prediction Algorithms
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Fig. 2 Accuracies of different models with corresponding SD

cholesterol, HDL, smoking status, SBP, and diabetes [52].
Framingham heart study and SCORE refer to age, serum
levels of lipids, especially HDL, smoking, diabetes melli-
tus, and blood pressure as risk factors for cerebrovascular
disease, peripheral artery disease, heart failure, and coro-
nary heart disease [50].

Age is considered the most contributing risk factor for
CVD [52]. Hypertension, especially high SBP, was patho-
logically related to CVD and its risk factors like dyslipi-
demia and insulin resistance [53]. Studies have already
shown that primary CVD event is a risk factor for the
recurrence of CVD [54]. In this study, previous heart
disease, as a part of medical examination check-up data,
was selected as a contributing variable for CVD predic-
tion. In this study, smoking was not selected as a progno-
sis variable. However, smoking status is known as a CVD
risk factor [3, 5-7], especially in peripheral artery disease
[55]. In this region, the prevalence of females who smoke
is very low (2.2%), and approximately half of this study
population contains females (51.0%); While in Europe
and other developed countries, females smoke nearly as
much as men [56]. Therefore, maybe the low prevalence

a5

&

!

ﬂ
0&

by Default
Cut-Point

by Precision-Recall Curve
Cut-Point

of females who smoke in this region is the reason for not
seeing smoking status as a contributing variable for CVD
prediction. HDL is famous as “good cholesterol’;, so low
levels of HDL are known as a CVD risk factor [15, 57].
However, some studies failed to prove the prevention
effect of controlling the levels of HDL on CVD events
[58, 59]. So HDL is not necessarily causally associated
with CVD, but normal HDL will not guarantee free CVD
events [60]. In this context, HDL could be an indirect or
surrogate variable that does not participate directly in
causing CVD events [8, 61]. It should also be noted that
the feature selection was done without including any
knowledge about the clinical aspect of any variable; This
can also be the reason for not selecting other CVD’s well-
known risk factors by the RFE procedure.

The flow of Fig. 4 indicates that adding diabetes status
to the history of diabetes causes 4% more coverage of
CVD events. This 4% percent may be negligible, but the
low prevalence of total CVD events makes it valuable.
Since these two variables contain complementing infor-
mation about events, the RFE procedure selects them
correctly.
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True-Positive, True-Negative, False-Positive and False-Negative
Counts of Prediction Algorithms
5432

4000 A
3000 4
2000 A

X I X I Y X X I X B Y X

[l N [l © bl O Ll © [=3 ©© <t W)

~ B ~ B © B (-8 N~ =B N~ © N7)
819 1

X x

3 3

Q

v
&

Count

N2 H=2 B B2 X X X X X 2
<t W] = N~ (=3 ™ o < oN o N o [+2] ©
0 [l D n [Te] ~ ) (-l O [Te) o ~ 0 n <
$* & F S & &S
QD N v ) X e )
<& <&
& &
Q Q B True-Positive
by False-Negative by
Default B True-Negative Precision-Recall Curve
Cut-Point 9 Cut-Point

False-Positive
Fig. 3 True-positive, false-negative, true-negative, and false-positive values of different prediction algorithms

CVD
. Diabetes Event
History
of 304 (82%) YeS4>| 123 (40%) [14% of CVD] |
Diabetes Y&
373 (7%)
No,

vés 69 (18%) Yes—>| 23 (33%) [3% of CVD] |
No 133 (3%) Yes—>| 37 (28%) [4% of CVD] |

5289 (100%)

Yes
4916 (93%)
No,

4783 (97%) Yes—>| 710 (15%) [79% of CVD] |

Fig. 4 Flow of history of diabetes, diabetes, and occurrence of CVD events status

The BARTm’s combined algorithm makes it an effective ~ researchers without any need for technical knowledge
and efficient algorithm. BARTm can accurately predict of assumptions and preprocessing procedures of predic-
CVD incidence without any preprocessing, imputation, tion models on large and even incomplete datasets [33,
and feature selection steps. Also, it is applicable to all 62, 63].
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None of the evaluation metrics, on their own, are
enough to characterize the model performance. In this
study, because of imbalanced CVD events, the model
with higher accuracy has a higher specificity and vice
versa. If a model predicts a non-CVD situation for all
samples, specificity will be 100%, and accuracy will be
84.92%, but sensitivity will be 0%; Although it is also nec-
essary to correctly predict CVD events. So, in this study,
having an acceptable sensitivity (at least 50%) and higher
prediction accuracy was the criterion for selecting the
best prediction model. Another approach is to consider
balanced accuracy and MCC metrics that are more suit-
able for rare event situations and will consider both sen-
sitivity and specificity [64].

ML techniques can reduce the variables of large data-
sets so that conventional statistical models can be
applied. Unlike the complicated ML procedure, which
is famous for black-box, simple models like LR and DT
have their benefits. LR presents an odds ratio measure
for any predictor, which is very helpful for interpretation.
The DT model also provides a simple diagram to classify
the samples by their specifications.

Strengths and limitations

This study performed various prediction models using
different packages on a large primary care cohort study
with a 16-years follow-up period from a developing coun-
try. Compared to developed countries, the number of
CVD research with a high-quality dataset in developing
countries is still low due to funding limitations [27]. So
even with the expected result as a clinical aspect, it can
be novel and applicable in this region. Furthermore, the
adoption of prediction approaches in each geographical
region is more individualized, which can result in better
risk assessment. In this study, 385 variables were entered,
and only 8 of them were selected as the most contribut-
ing variables for prediction without involving any preju-
dice about risk factors. So, their well-known relation to
the response variable will validate the feature selection
procedure. Using a single laboratory and team for gather-
ing the data in all follow-up periods is another strength of
this study.

Loss to follow-up is a limitation of the study that
belongs to the nature of cohort studies. Another limita-
tion is the absence of HbA1c, three enzyme alleles ABO4,
ABOP, and ABO®; Certainly, including such variables
could improve the prediction accuracy. Additionally,
the high level of missing values in the dataset can cause
biases; Although the BARTm algorithm can address this
issue, the complete dataset can lead to a more accurate
result. More hyper-parameters in ML algorithms could
be considered, but the models already achieved appropri-
ate performance, so hyper-parameters had been covered
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in the grid search process. Generally, these limitations
are unlikely to change our conclusion about the advan-
tages of both ML and statistical models in CVD predic-
tion. Because of the study inclusion criteria, there are two
cautions which should be considered: (I) results derived
from individuals with no CVD; (II) young individuals
(age < 35), careful attention is needed.

Conclusion

While CVD can be prevented by controlling some behav-
ioral habits like a sedentary lifestyle, unhealthy diet, and
smoking, the effective prediction models in each region
can be beneficial to guide policymakers for screening
programs and primary prevention of CVD. In this study,
age, SBP, FBS, two-hour postprandial glucose, diabetes
mellitus, history of heart disease, history of high blood
pressure, and history of diabetes were the most contrib-
uting factors for predicting CVD events. Also, it is pos-
sible to accurately predict the occurrence of CVD events
only with eight variables 16 years earlier.

Using the precision-recall curve recommended cut-
point instead of the default cut-point increased sensitivity
and decreased accuracy for all classification algorithms
except for BARTm, QDA, and RE. Generally, based on
accuracy, sensitivity, and specificity, QDA showed the
best predictive performance. While based on AUROC,
balanced accuracy, and MCC, LR and ANN showed the
best performance. Overall, DT had the weakest perfor-
mance. Researchers can use BARTm without the need for
any technical knowledge of assumptions and preprocess-
ing steps of prediction models on large and even incom-
plete datasets.

Abbreviations

ACC American college of cardiology

AHA American heart association

AUPRC Area under the precision-recall curve

AUROC Area under the receiver operating characteristic curve

ANN Artificial neural network

BART Bayesian adaptive regression trees

BMI Body mass index

CvD Cardiovascular disease

DT Decision trees

DBP Diastolic blood pressure

FBS Fasting blood sugar

GBM Gradient boosting machine

HDL High-density lipoprotein

ICRC Isfahan cardiovascular research center

ICS Isfahan cohort study

kNN K-nearest neighbors

LDA Linear discriminant analysis

LR Logistic regression

LDL Low-density lipoprotein

ML Machine learning

BARTmM Missing incorporated in attributes within Bayesian additive regres-
sion trees

nMCC Normalized Matthews correlation coefficient

PRC Precision-recall curve

QDA Quadratic discriminant analysis



Mehrabani-Zeinabad et al. BMC Medical Informatics and Decision Making

RF Random forest

RFE Recursive feature elimination

SD Standard deviation

SVM Support vector machine

SCORE Systematic coronary risk evaluation
SBP Systolic blood pressure

WHO World health organization

Acknowledgements

This cohort study was conducted at the Isfahan cardiovascular research
institute, a WHO Collaborating center affiliated with the Isfahan university of
medical sciences in Iran, we are thankful to its personnel. Moreover, we owe
a debt of gratitude to Mr. Foad Souzani for his technical assistance in sharing
the ICS dataset on a high-specification system.

Authors’ contributions

Conceptualization: AF, KM.Data Curation: MT, MS, HR, KM.Formal Analysis:
KM.Investigation: AF, KM.Methodology: KM, AF.Software: KM.Supervision: MS,
AFValidation: KM, MS.Visualization: AF, MS, HR Writing — Original Draft Prepara-
tion: KM, AF, MS.Writing — Review & Editing: KM, AF, HR, MS, MT. All authors
read and approved the final manuscript.

Funding
No funding to declare.

Availability of data and materials

The ICS datasets cannot be shared publicly due to ethical reasons, but are
available from the Isfahan cardiovascular research institute for researchers on
reasonable request. A representative deidentified of it is available from the
figshare database (https://doi.org/10.6084/m?9.figshare.5480224).

Declarations

Ethics approval and consent to participate

The study protocol was reviewed and approved by the ethics committee

of Isfahan university of medical sciences (approval number. IRMULMED.
REC.1400.493). Informed consent was obtained from all participants and from
legal guardian by Isfahan cardiovascular research institute at the baseline and
blinding of the personal information in the data was performed. All methods
were carried out by relevant guidelines and regulations.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

! Cardiovascular Research Center, Cardiovascular Research Institute, Isfahan
University of Medical Sciences, Isfahan, Iran. “Biostatistics and Epidemiology
Department, School of Health, Isfahan University of Medical Sciences, Isfahan,
Iran. 3Cardiac Rehabilitation Research Center, Cardiovascular Research Insti-
tute, Isfahan University of Medical Sciences, Isfahan, Iran. “Wolfson Institute
of Population Health, Barts and The London School of Medicine and Den-
tistry, Queen Mary University of London, London, UK. °School of Popula-

tion and Public Health, Faculty of Medicine, University of British Columbia,
Vancouver, Canada.

Received: 19 September 2022 Accepted: 4 April 2023
Published online: 19 April 2023

References

1. Naghavi M, Abajobir AA, Abbafati C, Abbas KM, Abd-Allah F, Abera SF,
et al. Global, regional, and national age-sex specific mortality for 264
causes of death, 1980-2016: a systematic analysis for the Global Burden
of Disease Study 2016. The Lancet. 2017;390(10100):1151-210.

(2023) 23:72

20.

21

Page 11 of 12

World Health Organization. Cardiovascular Disease. Available from:
https.//www.who.int/en/news-room/fact-sheets/detail/cardiovascular-
diseases-(cvds).

Lin JS, Evans CV, Johnson E, Redmond N, Coppola EL, Smith N. Nontra-
ditional risk factors in cardiovascular disease risk assessment: updated
evidence report and systematic review for the US Preventive Services
Task Force. JAMA. 2018;320(3):281-97.

Turk-Adawi K, Sarrafzadegan N, Fadhil |, Taubert K, Sadeghi M, Wenger
NK; et al. Cardiovascular disease in the Eastern Mediterranean region:
epidemiology and risk factor burden. Nat Rev Cardiol. 2018;15(2):106-19.
Wall HK, Ritchey MD, Gillespie C, Omura JD, Jamal A, George MG. Vital
signs: prevalence of key cardiovascular disease risk factors for mil-

lion hearts 2022—United States, 2011-2016. Morb Mortal Wkly Rep.
2018;67(35):983.

Kaptoge S, Pennells L, De Bacquer D, Cooney MT, Kavousi M, Stevens

G, et al. World Health Organization cardiovascular disease risk charts:
revised models to estimate risk in 21 global regions. Lancet Glob Health.
2019;7(10):21332-45.

Rippe JM. Lifestyle strategies for risk factor reduction, preven-

tion, and treatment of cardiovascular disease. Am J Lifestyle Med.
2019;13(2):204-12.

Shameer KK, Johnson KW, Glicksberg BS, Dudley JT, Sengupta PP.
Machine learning in cardiovascular medicine: are we there yet? Heart.
2018;104(14):1156-64.

Qian X, LiY, Zhang X, Guo H, He J, Wang X, et al. A cardiovascular disease
prediction model based on routine physical examination indicators
using machine learning methods: a cohort study. Front Cardiovasc Med.
2022;9:854287.

Goldstein BA, Navar AM, Carter RE. Moving beyond regression techniques
in cardiovascular risk prediction: applying machine learning to address
analytic challenges. Eur Heart J. 2017;38(23):1805-14.

. Halim MHA, Yusoff YS, Yusuf MM. Predicting sudden deaths following

myocardial infarction in Malaysia using machine learning classifiers. Int J
EngTechnol. 2018;7(415):4-6.

Piros P, Ferenci T, Fleiner R, Andréka P, Fujita H, Féz¢ L, et al. Comparing
machine learning and regression models for mortality prediction based
on the Hungarian myocardial infarction registry. Knowl-Based Syst.
2019,179:1-7.

Razavi AC, Monlezun DJ, Sapin A, Sarris L, Schlag E, Dyer A, et al. Etiologi-
cal role of diet in 30-day readmissions for heart failure: implications for
reducing heart failure-associated costs via culinary medicine. Am J
Lifestyle Med. 2020;14(4):351-60.

. Wallert J, Tomasoni M, Madison G, Held C. Predicting two-year survival

versus non-survival after first myocardial infarction using machine learn-
ing and Swedish national register data. BMC Med Inform Decis Mak.
2017;17(1):1=11.

Weng SF, Reps J, Kai J, Garibaldi JM, Qureshi N. Can machine-learning
improve cardiovascular risk prediction using routine clinical data? PLoS
ONE. 2017;12(4):e0174944.

Zhang S, Hu Z, Ye L, Zheng Y. Application of logistic regression and
decision tree analysis in prediction of acute myocardial infarction events.
Zhejiang Da Xue Xue Bao Yi Xue Ban. 2019;48(6):594-602.

Nusinovici S, Tham YC, Yan MYC, Ting DSW, Li J, Sabanayagam C, et al.
Logistic regression was as good as machine learning for predicting major
chronic diseases. J Clin Epidemiol. 2020;122:56-69.

Christodoulou E, Ma J, Collins GS, Steyerberg EW, Verbakel JY, Van Calster
B. A systematic review shows no performance benefit of machine
learning over logistic regression for clinical prediction models. J Clin
Epidemiol. 2019;110:12-22.

Lenivtceva |, Panfilov D, Kopanitsa G, Kozlov B. Aortic risks prediction
models after cardiac surgeries using integrated data. Journal of Personal-
ized Medicine. 2022;12(4):637.

Liu N, Sakamoto JT, Cao J, Koh ZX, Ho AFW, Lin Z, et al. Ensemble-based
risk scoring with extreme learning machine for prediction of adverse
cardiac events. Cogn Comput. 2017,9(4):545-54.

Alaa A, Schaar M. AutoPrognosis: Automated Clinical Prognostic Mod-
eling via Bayesian Optimization with Structured Kernel Learning. In: Jen-
nifer D, Andreas K, editors. Proceedings of the 35th International Confer-
ence on Machine Learning; Proceedings of Machine Learning Research:
PMLR; 2018. p. 139-48.


https://doi.org/10.6084/m9.figshare.5480224
https://www.who.int/en/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
https://www.who.int/en/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)

Mehrabani-Zeinabad et al. BMC Medical Informatics and Decision Making

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34

35.

36.

37.

38.

39.

40.

41.

42.

43.

Alaa AM, Bolton T, Di Angelantonio E, Rudd JHF, van der Schaar M.
Cardiovascular disease risk prediction using automated machine learn-
ing: a prospective study of 423,604 UK Biobank participants. PLoS ONE.
2019;14(5):e0213653.

Rawshani A, Rawshani A, Sattar N, Franzén S, McGuire DK, Eliasson B,

et al. Relative prognostic importance and optimal levels of risk factors
for mortality and cardiovascular outcomes in type 1 diabetes mellitus.
Circulation. 2019;139(16):1900-12.

Jargalsaikhan B, Saglain M, Abbas SSW, Jae MH, Kang IU, Ali S, et al. edi-
tors. The Early Prediction Acute Myocardial Infarction in Real-Time Data
Using an Ensemble Machine Learning Model. Advances in Intelligent
Information Hiding and Multimedia Signal Processing. 2020:259-64.
Pitisuttithum P, Chan WK, Goh GBB, Fan JG, Song MJ, Charatcharoenwit-
thaya P, et al. Gamma-glutamyl transferase and cardiovascular risk in
nonalcoholic fatty liver disease: the gut and obesity Asia initiative. World J
Gastroenterol. 2020;26(19):2416.

Lin H,Tang X, Shen P, Zhang D, Wu J, Zhang J, et al. Using big data to
improve cardiovascular care and outcomes in China: a protocol for the
CHinese Electronic health Records Research in Yinzhou (CHERRY) Study.
BMJ Open. 2018;8(2):e019698.

Faizal ASM, Thevarajah TM, Khor SM, Chang SW. A review of risk
prediction models in cardiovascular disease: conventional approach

vs. artificial intelligent approach. Comput Methods Programs Biomed.
2021,207:106190.

Number of artificial intelligence (Al) experts/talents worldwide by coun-
try in 2018. Available from: https://www.statista.com/statistics/941479/
ai-experts-by-country/.

Sarrafzadegan N, Talaei M, Sadeghi M, Kelishadi R, Oveisgharan S,
Mohammadifard N, et al. The Isfahan cohort study: rationale, methods
and main findings. J Hum Hypertens. 2011;25(9):545-53.

Association AD. Standards of medical care in diabetes—2022 abridged
for primary care providers. Clinical diabetes. 2022;40(1):10-38.
Krittanawong C, Virk HUH, Bangalore S, Wang Z, Johnson KW, Pinotti R,
et al. Machine learning prediction in cardiovascular diseases: a meta-
analysis. Sci Rep. 2020;10(1):1-11.

Allan' S, Olaiya R, Burhan R. Reviewing the use and quality of machine
learning in developing clinical prediction models for cardiovascular
disease. Postgrad Med J. 2022;98(1161):551-8.

Mehrabani-Zeinabad K, Doostfatemeh M, Ayatollahi SMT. An Efficient and
Effective Model to Handle Missing Data in Classification. Biomed Res Int.
2020;2020:8810143.

Stekhoven DJ, Buhlmann P. MissForest—non-parametric missing value
imputation for mixed-type data. Bioinformatics. 2012;28(1):112-8.

Darst BF, Malecki KC, Engelman CD. Using recursive feature elimination
in random forest to account for correlated variables in high dimensional
data. BMC Genet. 2018;19(1):1-6.

Rios R, Miller RJ, Hu LH, Otaki Y, Singh A, Diniz M, et al. Determin-

ing a minimum set of variables for machine learning cardiovascular
event prediction: results from REFINE SPECT registry. Cardiovasc Res.
2022;118(9):2152-64.

R Core Team. R: A language and environment for statistical computing.
Vienna, Austria: R Foundation for Statistical Computing; 2021. https://
www.R-project.org/.

Kapelner A, Bleich J. bartMachine: Machine Learning with Bayesian Addi-
tive Regression Trees. J Stat Softw. 2016;70(4):1-40. https://doi.org/10.
18637/jss.v070.104.

Venables WN, Ripley BD. Modern Applied Statistics with S. 4th ed. New
York: Springer; 2002. ISBN 0-387-95457-0.

Max Kuhn. caret: Classification and Regression Training. R package version
6.0-90. 2021. https://CRAN.R-project.org/package=caret.

Meyer D, Dimitriadou E, Hornik K, Weingessel A, Leisch F. e1071: Misc
Functions of the Department of Statistics, Probability Theory Group (For-
merly: E1071), TU Wien. R package version 1.7-9. 2021. https://CRAN.R-
project.org/package=e1071.

Therneau T, Atkinson B. rpart: Recursive Partitioning and Regression Trees.
R package version 4.1-15. 2019. https://CRAN.R-project.org/package=
rpart.

Liaw A, Wiener M. Classification and Regression by randomForest. R News.
2002;2(3):18-22.

(2023) 23:72 Page 12 of 12

44. Greenwell B, Boehmke B, Cunningham J, Developers G. _gbm: General-
ized Boosted Regression Models_. R package version 2.1.8. 2020. https://
CRAN R-project.org/package=gbm.

45. Stekhoven DJ. missForest: Nonparametric Missing Value Imputation using
Random Forest. R package version. 2013;1:4.

46. Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez JC, Muller M.
pROC: an open-source package for R and S+ to analyze and compare
ROC curves. BMC Bioinformatics. 2011;12:77. https://doi.org/10.1186/
1471-2105-12-77. http://www.biomedcentral.com/1471-2105/12/77/.

47. Grau Jan, Grosse Ivo, Keilwagen Jens. PRROC: computing and visualizing
precision-recall and receiver operating characteristic curves in R. Bioinfor-
matics. 2015;31(15):2595-7 R package version 1.3.1.

48. Dinh A, Miertschin S, Young A, Mohanty SD. A data-driven approach to
predicting diabetes and cardiovascular disease with machine learning.
BMC Med Inform Decis Mak. 2019;19(1):211.

49. Mandair D, Tiwari P, Simon S, Colborn KL, Rosenberg MA. Prediction
of incident myocardial infarction using machine learning applied to
harmonized electronic health record data. BMC Med Inform Decis Mak.
2020;20(1):252.

50. Andersson C, Johnson AD, Benjamin EJ, Levy D, Vasan RS. 70-year legacy
of the Framingham heart study. Nat Rev Cardiol. 2019;16(11):687-98.

51. Conroy RM, Pyorélé K, Fitzgerald Ae, Sans S, Menotti A, De Backer G, et al.
Estimation of ten-year risk of fatal cardiovascular disease in Europe: the
SCORE project. Eur Heart J. 2003;24(11):987-1003.

52. Arnett DK, Blumenthal RS, Albert MA, Buroker AB, Goldberger ZD,

Hahn EJ, et al. 2019 ACC/AHA guideline on the primary prevention of
cardiovascular disease: a report of the American College of Cardiology/
American Heart Association Task Force on Clinical Practice Guidelines.
Circulation. 2019;140(11):e596-646.

53. DeFronzo RA, Ferrannini E. Insulin resistance: a multifaceted syndrome
responsible for NIDDM, obesity, hypertension, dyslipidemia, and athero-
sclerotic cardiovascular disease. Diabetes Care. 1991;14(3):173-94.

54. Bansilal S, Castellano JM, Fuster V. Global burden of CVD: focus on sec-
ondary prevention of cardiovascular disease. Int J Cardiol. 2015;201:51-7.

55. Sitar-tdut A, Zdrenghea D, Pop D, Sitar-taut D. Using machine learning
algorithms in cardiovascular disease risk evaluation. Age. 2009;1(4):4.

56. Wilkins E, Wilson L, Wickramasinghe K, Bhatnagar P, Leal J, Luengo-Fer-
nandez R, et al. European cardiovascular disease statistics 2017. 2017.

57. Wang C, ZhaoY, Jin B, Gan X, Liang B, Xiang Y, et al. Development and
validation of a predictive model for coronary artery disease using
machine learning. Front Cardiovasc Med. 2021,8:43.

58. Piepoli FM. 2016 European Guidelines on cardiovascular disease preven-
tion in clinical practice. Int J Behav Med. 2017;24(3):321-419.

59. Mach F, Baigent C, Catapano AL, Koskinas KC, Casula M, Badimon L,
et al. 2019 ESC/EAS guidelines for the management of dyslipidae-
mias: lipid modification to reduce cardiovascular risk. Atherosclerosis.
2019;290:140-205.

60. Navab M, Reddy ST, Van Lenten BJ, Fogelman AM. HDL and cardiovascular
disease: atherogenic and atheroprotective mechanisms. Nat Rev Cardiol.
2011,8(4):222-32.

61. Stewart J, Manmathan G, Wilkinson P. Primary prevention of cardiovas-
cular disease: A review of contemporary guidance and literature. JRSM
Cardiovasc Dis. 2017,6:2048004016687211.

62. Lapp L, Roper M, Kavanagh K, Schraag S, editors. Predicting the Onset
of Delirium on Hourly Basis in an Intensive Care Unit Following Cardiac
Surgery. 2022 IEEE 35th International Symposium on Computer-Based
Medical Systems (CBMS); 2022:234-39.

63. Kapelner A, Bleich J. Prediction with missing data via Bayesian additive
regression trees. Canadian Journal of Statistics. 2015;43(2):224-39.

64. Chicco D, Jurman G. The advantages of the Matthews correlation coeffi-
cient (MCC) over F1 score and accuracy in binary classification evaluation.
BMC Genomics. 2020;21(1):1-13.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


https://www.statista.com/statistics/941479/ai-experts-by-country/
https://www.statista.com/statistics/941479/ai-experts-by-country/
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.18637/jss.v070.i04
https://doi.org/10.18637/jss.v070.i04
https://CRAN.R-project.org/package=caret
https://CRAN.R-project.org/package=e1071
https://CRAN.R-project.org/package=e1071
https://CRAN.R-project.org/package=rpart
https://CRAN.R-project.org/package=rpart
https://CRAN.R-project.org/package=gbm
https://CRAN.R-project.org/package=gbm
https://doi.org/10.1186/1471-2105-12-77
https://doi.org/10.1186/1471-2105-12-77
http://www.biomedcentral.com/1471-2105/12/77/

	Cardiovascular disease incidence prediction by machine learning and statistical techniques: a 16-year cohort study from eastern Mediterranean region
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Materials and methods
	Study design and participants
	Risk factors
	Study outcome
	Classification algorithms implementation
	Dataset preprocessing
	Statistical analysis and models evaluation metrics

	Results
	Discussion
	Strengths and limitations
	Conclusion
	Acknowledgements
	References


