& frontiers

@ Check for updates

OPEN ACCESS

EDITED BY
Juel Jarani,
Sports University of Tirana, Albania

REVIEWED BY
Shoumei Jia,

Fudan University, China

Carla Mercado,

Centers for Disease Control and Prevention
(CDC), United States

*CORRESPONDENCE
Haifen Zhang
zhanghaifen123@163.com

RECEIVED 16 July 2023
ACCEPTED 28 August 2023
PUBLISHED 13 September 2023

CITATION
Zhang H, Zhang X, Yao X and Wang Q (2023)
Exploring factors related to heart attack
complicated with hypertension using a
Bayesian network model: a study based on the
China Health and Retirement Longitudinal
Study.

Front. Public Health 11:1259718.

doi: 10.3389/fpubh.2023.1259718

COPYRIGHT

© 2023 Zhang, Zhang, Yao and Wang. This is
an open-access article distributed under the
terms of the Creative Commons Attribution
License (CC BY). The use, distribution or
reproduction in other forums is permitted,
provided the original author(s) and the
copyright owner(s) are credited and that the
original publication in this journal is cited, in
accordance with accepted academic practice.
No use, distribution or reproduction is
permitted which does not comply with these
terms.

Frontiers in Public Health

Frontiers in Public Health

TYPE Original Research
PUBLISHED 13 September 2023
pol 10.3389/fpubh.2023.1259718

Exploring factors related to heart
attack complicated with
hypertension using a Bayesian
network model: a study based on
the China Health and Retirement
Longitudinal Study

Haifen Zhang'*, Xiaotong Zhang?, Xiaodong Yao! and Qiang Wang?

Department of General Practice, Shanxi Provincial People's Hospital, The Fifth Clinical Medical College
of Shanxi Medical University, Taiyuan, China, 2Department of Respiratory and Critical Care Medicine,
Shanxi Provincial People’s Hospital, The Fifth Clinical Medical College of Shanxi Medical University,
Taiyuan, China, *Department of Infectious Disease, Shanxi Provincial People’s Hospital, The Fifth Clinical
Medical College of Shanxi Medical University, Taiyuan, China

Objectives: While Bayesian networks (BNs) represents a good approach to
discussing factors related to many diseases, little attention has been poured into
heart attack combined with hypertension (HAH) using BNs. This study aimed to
explore the complex network relationships between HAH and its related factors,
and to achieve the Bayesian reasoning for HAH, thereby, offering a scientific
reference for the prevention and treatment of HAH.

Methods: The data was downloaded from the Online Open Database of CHARLS
2018, a population-based longitudinal survey. In this study, we included 16
variables from data on demographic background, health status and functioning,
and lifestyle. First, Elastic Net was first used to make a feature selection for highly-
related variables for HAH, which were then included into BN model construction.
The structural learning of BNs was achieved using Tabu algorithm and the
parameter learning was conducted using maximum likelihood estimation.

Results: Among 19,752 individuals (9,313 men and 10439 women) aged
64.73+10.32years, Among 19,752 individuals (9,313 men and 10,439 women), there
are 8,370 ones without HAH (42.4%) and 11,382 ones with HAH (57.6%). What's
more, after feature selection using Elastic Net, Physical activity, Residence, Internet
access, Asset, Marital status, Sleep duration, Social activity, Educational levels, Alcohol
consumption, Nap, BADL, IADL, Self report on health, and age were included into BN
model establishment. BNs were constructed with 15 nodes and 25 directed edges.
The results showed that age, sleep duration, physical activity and self-report on health
are directly associated with HAH. Besides, educational levels and IADL could indirectly
connect to HAH through physical activity; IADL and BADL could indirectly connect to
HAH through Self report on health.

Conclusion: BNs could graphically reveal the complex network relationship
between HAH and its related factors. Besides, BNs allows for risk reasoning for
HAH through Bayesian reasoning, which is more consistent with clinical practice
and thus holds some application prospects.
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Bayesian networks, multimorbidity, related factors, model construction, heart attack,
hypertension

01 frontiersin.org


https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fpubh.2023.1259718%EF%BB%BF&domain=pdf&date_stamp=2023-09-13
https://www.frontiersin.org/articles/10.3389/fpubh.2023.1259718/full
https://www.frontiersin.org/articles/10.3389/fpubh.2023.1259718/full
https://www.frontiersin.org/articles/10.3389/fpubh.2023.1259718/full
https://www.frontiersin.org/articles/10.3389/fpubh.2023.1259718/full
https://www.frontiersin.org/articles/10.3389/fpubh.2023.1259718/full
https://www.frontiersin.org/articles/10.3389/fpubh.2023.1259718/full
mailto:zhanghaifen123@163.com
https://doi.org/10.3389/fpubh.2023.1259718
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/public-health#editorial-board
https://www.frontiersin.org/journals/public-health#editorial-board
https://doi.org/10.3389/fpubh.2023.1259718

Zhang et al.

Introduction

Multimorbidity, a condition characterized by the presence of two
or more chronic conditions in an individual, has emerged as a major
challenge for healthcare services globally (1). This is primarily because
multimorbidity is associated with increased healthcare expenditures,
decreased quality of life, and reduced life expectancy. In the context of
China, the prevalence of multimorbidity reached 42% among the
surveyed participants, underscoring its substantial prevalence (2).
Moreover, the prevalence and patterns of multimorbidity display
noteworthy variances influenced by gender and residential regions
within the older Chinese population. The prevalence escalates from
30.2% among individuals aged 5054 years to 57.5% among those aged
80-84years (2). Furthermore, a comparative analysis reveals that
afflicted  with
multimorbidity experience markedly escalated risks of mortality, with

individuals cardiometabolic or respiratory
a similar trend observed for those with gastrointestinal and
hepatorenal multimorbidity. Notably, each additional disease is
associated with a 36% increase in mortality risk (3).

Despite its growing severity, the prevention of multimorbidity
remains a poorly understood area. However, recent research has
suggested that psychosocial and behavioral factors, along with
population-level interventions and structural changes, may offer
effective solutions (4). Addressing risk factors such as smoking, poor
diet, and physical inactivity can help to alleviate the burden
of multimorbidity.

In the previous work (5), scholars have explored various factors
related to multimorbidity, but few have focused on the most common
disease combinations. Among these, the combination of heart attack
and hypertension (HAH) represents a significant burden on healthcare
systems, leading to reduced quality of life and shortened life
expectancy. The multifaceted etiology of heart attack complicated with
hypertension (HAH) underscores the importance of exploring related
factors comprehensively. Previous studies have shown that
hypertension is an important risk factor for cardiovascular disease (6),
not only accelerating the progression of heart disease but also
increasing the susceptibility to develop HAH. Additionally, aging
further amplifies susceptibility to cardiovascular disease and requires
exhaustive exploration of its complex interactions with other risk
factors (7). Besides, lifestyle factors, particularly physical activity and
sleep duration, play a key role in maintaining cardiovascular health
(8). These factors, together with socioeconomic determinants such as
education (9) and functional ability (10), exert a noteworthy influence
on the risk of HAH. Understanding the multifaceted relationships
between these factors is essential for effective risk assessment and
intervention strategies.

Recently, scholars (11-13) employed logistic regression to detect
risk factors for hypertension or heart disease. However, these models
have limitations, including the inability to account for correlations
between variables, make sequential predictions or identify direct and
indirect risk factors. Bayesian networks (BNs), proposed by Pearl
Judea in 1986, provide a better solution for exploring complex
relationships between diseases and their risk factors. BNs consist of a
directed acyclic graph (DAG) that reflects potential relationships
among influencing factors and a conditional probability distribution
table (CPT) that demonstrates correlations between variables.

Compared to traditional models, BNs offer several advantages,
including the ability to infer the probability of unknown nodes and
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flexibly demonstrate the impact of relevant risk factors on
HAH. However, to the best of our knowledge, no study has yet
employed BN for exploring risk factors for HAH. This is a significant
gap in the literature, as HAH is a major cause of morbidity and
mortality worldwide.

Tabu-Search, a global optimization algorithm introduced by
Glover (14), allows for good structure learning for BNs, overcoming
the limitations of traditional logistic regression. Now, BNs has been
applied to explore risk factors for stroke (15), hyperlipidemia (16),
hyperhomocysteinemia (17). To the best of our knowledge, no
scholars have yet sought to employ BNs for related factor exploration
in HAH. If applied, it would be clinically significant.

To this end, this study aims to employ BNs with the Tabu
algorithm to detect risk factors for HAH using data from the China
Health and Retirement Longitudinal Studies (CHARLS) 2018
involving 19,752 participants. We believe the findings of this study will
provide new insights for clinical practice and reduce the prevalence of
HAH. By identifying the most important risk factors for HAH,
healthcare providers can develop targeted interventions to prevent
and manage this condition, improving patient outcomes and reducing
healthcare costs.

Materials and methods
Study participants

The China Health and Retirement Longitudinal Studies
(CHARLS) is an ongoing longitudinal survey that aims to provide a
comprehensive understanding of the social, economic, and health
conditions of middle-aged and older individuals aged 45 or above in
China. The baseline survey was initiated in 2011 and is followed up
every 2years. Covering 150 districts and 450 urban and rural
communities across China, with approximately 10,000 households
and 17,000 participants, the study provides valuable insights into the
collective situation of middle-aged and older people in China (18).

For this study, data was obtained from the fourth published dataset
of CHARLS, which was made available on September 23, 2018.' The
study’s inclusion criteria encompassed individuals aged 45years and
above and the utilization of data sourced from the CHARLS dataset.
Exclusion criteria were applied stringently, targeting severely incomplete
data pertaining to essential variables. Furthermore, the exclusion criteria
extended to participants whose data lacked crucial demographic
information such as age, gender, and household registration. All
respondents provided informed consent, and the Institutional Review
Committee of Peking University approved all CHARLS waves. The
survey was conducted in nine randomly selected provinces using a
multi-stage stratified group random sampling method in the east, center,
and west of China. The questionnaire survey gathered information
related to Family Transfer, Family Information, Work Retirement,
Pension, and Household Income of the population who participated in
the survey in 2018. The selection of independent variables in this study
was guided by a rigorous and well-founded approach. These variables
were chosen based on their known associations with cardiovascular

1 http://charls.pku.edu.cn/

frontiersin.org


https://doi.org/10.3389/fpubh.2023.1259718
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
http://charls.pku.edu.cn/

Zhang et al.

health and multimorbidity, as well as their potential to contribute to the
intricate network underlying HAH. Some variables had missing values,
which were handled using multiple imputation with the RF method
with package “mice” in R software.

Variable definition

General information

Age is categorized as <55years, 55-65years, 65-75years,
and>75years. Marital status is classified as Married, Divorced,
Widowed, or Never Married. Educational background is categorized as
incomplete primary school (< primary school), primary school/junior
high school (< high school), high school/secondary school/junior
college (< college), undergraduate and above (> college). Residence is
classified as Town, Combination zone between urban and rural areas
(boundary), Village, or Special area. Smoking and alcohol consumption
are classified as “No” and “Yes”” Sleep duration is categorized as <5h,
5-6h, 6-7h, 7-8h, and > 8 h. Asset is defined as <3,000 Yuan, <8,000
Yuan, or >8,000 Yuan. Self-reported health comprises very poor, poor,
fair, good, and very good. Internet access is defined as “No” or “Yes”

Activity of daily living assessment

The assessment consists of Basic Activities of Daily Living (BADL)
and Instrumental activities of daily living (IADL). BADL includes six
parameters: dressing, bathing, eating, going to bed, going to the toilet,
and controlling defecation. IADL comprises six parameters: doing
housework, preparing meals, shopping, managing money, and taking
medicine. Any indicator that is unable to be completed is defined as
impaired BADL or IADL (19).

Physical activity

The International Physical Activity Questionnaire (IPAQ) (20)
was used to assess physical activity. Energy expenditure was calculated
using the exercise intensity assigned to the physical activity, weekly
frequency (days/week), and time per day (minutes/day). The sum of
energy expenditure of the three intensity types was the total physical
activity expenditure of a week. Vigorous intensity physical activity was
assigned a value of 8.0, moderate intensity 4.0, and walking 3.3.
Physical activity was categorized into three mutually exclusive groups
based on the calculated physical activity energy expenditure: low
(<600 MET-min/week), moderate (600-3,000 MET-min/week), and
high (>3,000 MET-min/week).

The CHARLS database collected information on doctor-
diagnosed chronic diseases, including 14 types of diseases, by asking
“Have you been diagnosed by a doctor with any of the following
diseases”: hypertension, dyslipidemia, diabetes, cancer, chronic lung
disease, liver disease, heart disease, stroke, kidney disease, stomach or
digestive system disease, emotional or psychiatric problems, memory-
related diseases, arthritis, or rheumatism, and asthma. In this study,
heart attack in combination with hypertension (HAH) was defined as
the response variable.

Elastic Net

Lasso regression is not appropriate for variables with multi-
linearity as it does not take into account the correlations between
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features. Similarly, Ridge regression cannot create a model with a
coefficient of zero, which makes it unsuitable for feature selection.
In 2005, Zoo and Hastie (21) proposed the Elastic Net (EN) penalty
model, which is a combination of Lasso and Ridge regression. The
EN regression estimates can be expressed as a convex combination
of Lasso and Ridge regression, given by the following equation:

B=arg 2||Y Xﬂ||2+/1[a||3|h+( )IBllzj (1)

Here, B is the regression coefficient, and A4 represents the penalty
coeflicient. o is a value that ranges from 0 to 1, and it adjusts the
penalty with . When o =1, the EN model is equivalent to Lasso
regression, and when o =0, it is equivalent to Ridge regression. By
combining the two, EN regression can create a sparse model with ideal
feature selection, compensating for the effects of correlation between
observed variables.

Bayesian networks

BNs (22) is a Directed Acyclic Graph (DAG) proposed by Judea
Pearl in1988. It consists of nodes representing variables and directed
edges connecting them. Nodes represent random variables and direct
edges between nodes represent the interrelationship between nodes
(from the parent node to its child nodes). It uses a conditional
probability distribution table (CPT) to express the strength of the
relationship quantitatively. When this is no parental node, it was
expressed with prior probabilities.

Thus, BNs use the graphical structure and network parameters to
uniquely determine the joint probability distribution on the random
variable which can be listed as:

w) @

P(xl,xz,---,xn)= P(Xl)P(xz\x,)"'P(xn\x.,xz,---,

:H?P(xi\n(xi))

In the Bayesian network, let A(xi) represent the set of
parent nodes of x;, where A(xi) c (xl,...,

A(xi), Xi is

variables in (x1 yeen

Xi_1 ) Given the values of

conditionally other

Xio1)-

independent of the

Statistical analysis

The percentages (%) were used to describe the qualitative data and
the Chi-square tests were used to make comparisons. The EN was
obtained through the use of the “Glmnet” package, while the structure
learning of the BNs was carried out using the tabu function in the
“bnlearn” package in R studio (4.2.0). The maximum likelihood
estimation was used for parameter learning of the BNs. The Netica
software was used to plot the Bayesian reasoning and conditional
tables. p<0.05 was

probability  distribution considered to

be statistically significant.
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Resu ltS TABLE 1 Baseline characteristics of individuals with and without HAH.
. L Variables Non-HAH HAH (N =11,382)
Baseline characteristics of respondents (N =8,370)
Sex

A total of 19,752 participants were included in the study,

. i i ) Male 3,913 (46.8%) 5,400 (47.4%)
consisting of 11,382 patients with HAH, with 5,400 males (47.4%) and
5,982 females (52.6%). The proportions of patients in different age Female 4457 (53.2%) 5982 (52.6%)
groups were 12.7% for those aged <55years, 30.1% for those aged Age (years)
between 55 and 65 years old, 34.5% for those aged between 65 and <55 2025 (24.2%) 1,440 (12.7%)
75years old, and 22.7% for those aged >75years old. The percentages 5565 3,105 (37.1%) 3,428 (30.1%)
of participants engaging in light, moderate, and vigorous physical
activity were 15.5, 30.8, and 53.7%, respectively. The distribution of 65~75 2,293 (27.4%) 3,931 (34.5%)
education levels was 44.9% for < primary school, 42.8% for < middle >75 947 (11.3%) 2,583 (22.7%)
school, 11.4% for < college, and 0.9% for > college. Physical activity

Among the individuals without HAH, 3,913 were male (46.8%) Light 901 (10.8%) 1767 (15.5%)
and 4,457 were female (53.2%). The proportions of participants in

) Moderate 2,256 (27%) 3,508 (30.8%)
different age groups were 24.2% for those aged <55years, 37.1% for
those aged between 55 and 65 years old, 27.4% for those aged between Vigorous 5,213 (62.3%) 6107 (53.7%)
65 and 75years old, and 11.3% for those >75 years old. The percentages Educational levels
of participants engaging in light, moderate, and vigorous physical < Primary school 3,477 (41.5%) 5,111 (44.9%)
activity constituted 10.8, 27 and 62.3%, respectively. The distribution )
< Middle school 3,782 (45.2%) 4,873 (42.8%)
of education levels was 41.5% for < primary school, 45.2% for <
middle school, 12.5% for < college, and 0.8% for > college. Detailed < College 1,045 (12.5%) 1,297 (11.4%)
statistical description on other variables could be available in Table 1. > College 66 (0.8%) 101 (0.9%)
Residence
. Town 1,416 (16.9%) 2,180 (19.2%)
Elastic Net
Combination 591 (7.1%) 837 (7.4%)

In this study, Elastic Net (EN) was used to select the features, and Village 6,333 (75.7%) 8,308 (73%)
the best model performance was achieved by optimizing the key Special area 30 (0.4%) 57 (0.5%)
parameters using tenfold cross-validation (x=0.9). The coeflicients of Marital status
the risk factors that were not closely related to HAH were compressed

i i Married 7,395 (88.4%) 9,494 (83.4%)

to 0 and removed. The analysis found that 14 factors were associated

with HAH and included in the BN model establishment. These factors Divorced 111 (1.3%) 130 (1.1%)

were Physical activity (—0.120), Residence (—0.100), Internet access Widowed 818 (9.8%) 1,686 (14.8%)

(—0.050), Asset (0.004), Marital status (0.005), Sleep duration (0.012), Never married 46 (0.5%) 72 (0.6%)

Social activity (0.030), Educational levels (0.043), Alcohol Slecp duration (h)

consumption (0.063), Nap (0.071), BADL (0.134), IADL (0.163), Self-

report on health (0.187), and age (0.376), as shown in Figure 1. This <5 2,564 (30.6%) 3,796 (33.4%)

approach simplified the structure of the BNs by focusing on the risk 5~6 1880 (22.5%) 2,435 (21.4%)

factors that were closely associated with HAH. 6~7 1,514 (18.1%) 1871 (16.4%)
7~8 1,679 (20.1%) 2,136 (18.8%)

Bayesian networks >8 733 (8.8%) 1,144 (10.1%)
Nap (h)

The 14 variables were included in the construction of BNs, which 0 3,407 (40.7%) 4,174 (36.7%)
consisted of 15 nodes and 25 directed edges. Each node represents a 0~30 1,456 (17.4%) 2030 (17.8%)
variable, and the directed edges represent the probabilistic dependence

>30 3,507 (41.9%) 5,178 (45.5%)
between connected nodes. The number in Figure 2 represents the
prior probability of each node, with the prior probability of HAH Smoking
being 0.576, or P(HAH)=0.576. No 4,972 (59.4%) 6,572 (57.7%)

The BNs revealed that age, sleep duration, and physical activity are Yes 3,398 (40.6%) 4,810 (42.3%)

parental nodes of MMD, indicating a direct association with Al .
cohol consumption
HAH. Additionally, age is the parental node of both IAD and physical
. . . . . No 5,492 (65.6%) 7,621 (67%)
activity, suggesting that age could be directly associated with HAH
through IADL and physical activity. Furthermore, age is a parental Yes 2,878 (34.4%) 3,761 (33%)

node of marital status, Internet access, and educational levels,
implying that age could be a direct factor related to them. Specifically, (Continued)
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TABLE 1 (Continued)

Variables Non-HAH HAH (N =11,382)
(N =8,370)

Social activity

No 3,780 (45.2%) 5,468 (48%)

Yes 4,590 (54.8%) 5,914 (52%)

Internet access

No 7,055 (84.3%) 10,042 (88.2%)
Yes 1,315 (15.7%) 1,340 (11.8%)
BADL

No 7,054 (84.3%) 8,610 (75.6%)
Yes 1,316 (15.7%) 2,772 (24.4%)
IADL

No 6,639 (79.3%) 7,799 (68.5%)
Yes 1731 (20.7%) 3,583 (31.5%)
Self report

Very good 1,269 (15.2%) 1,139 (10%)
Good 1,232 (14.7%) 1,297 (11.4%)
Fair 4,179 (49.9%) 5,419 (47.6%)
Poor 1,325 (15.8%) 2,715 (23.9%)
Very poor 365 (4.4%) 812 (7.1%)
Asset

<3,000 Yuan 3,267 (39%) 4,938 (43.4%)
<8,000 Yuan 1,482 (17.7%) 1968 (17.3%)
>8,000 Yuan 3,621 (43.3%) 4,476 (39.3%)

educational levels and IADL could indirectly connect to HAH through
physical activity, while IADL and BADL could indirectly connect to
HAH through self-report on health.

10.3389/fpubh.2023.1259718

Bayesian reasonings

BN can predict the likelihood of disease occurrence by analyzing
the influence of various factors on HAH through computing
conditional probabilities P(y]xi).

If one’s age is >75 years, the probability increases from the prior
probability to 0.719, that is, P (HAH|age > 75 years) =0.719, as shown
in Figure 3. And if the person is subject to light physical activity, the
probability rises to 0.764, that is, P (HAH|age > 75 years, light physical
activity) =0.764, as shown in Figure 4. Besides, If the person’ sleep
duration is among 6 to 7h, the probability rises to 0.789, that is, P
(HAH|age>75years, light physical activity, sleep duration with
6-7h)=0.789, as shown in Figure 5. Additionally, If the person’s self
report on health is very good, the probability to develop HAH
amounts to 0.917, that is, P (HAH[age > 75 years, light physical activity,
sleep duration with 6-7h, very good self report) =0. 917, as shown in
Figure 6.

Discussion

When investigating risk factors for HAH, previous studies
often relied on logistic regression, which uses probabilities to
indicate the strength of the association. However, it cannot
provide a comprehensive overview of the overall association
between risk factors (15), nor can it detect direct or indirect risk
factors. In contrast, BNs offer several advantages over logistic
regression in establishing risk factor models (23). Firstly, BNs do
not require any prior assumptions. Secondly, the model can
integrate multiple variables and analyze their relative importance
(24). As a result, BNs have gained popularity among clinical
researchers in recent years. Research has demonstrated that BNs,
as risk assessment tools for large clinical datasets, can
quantitatively identify key indicators for predicting specific
histopathological diagnoses and prognoses and identifying risk
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Marital status Age (years) Sieep faration (O
Married 855 <55 175 ‘ HAH 5 ;; ;i:
Divorced 1.2 §5~65 33.1 | Yes §7.6 67 17'2
Widowed 12.7 65~75 315 No 42.4 7-8 19'3
Never married 0.6 : >75 17.9 = S
- 8 9.5
\ 4
Social activity Physical activity Nap (min)
< Light 135 0 384
i E_L Moderate  29.2 0-30 176
'“ Vigorous  5§7.3 > 30 44.0
\ 4
Educational levels Selfreport
Internet access < primary school 435 IADL very good 12.2
Yes 1341 < <middle school 438 i > Yes 269 > f:“r'd x':
No 866 < college 11.9 l l No 731 oo 205
A > college 0.8 e auan 6.0
A
A4 '
Residence Asset
Town 18.2 Alcohol consumption BADL
<3000 Yuan 41.5
Combination 7.2 Yes 33.6 Yes 20.7
z <8000 Yuan 17.5
Village 74.1 > 8000 Yuan 41.0 No 66.4 No 79.3
Special area 0.5 -
FIGURE 2
Bayesian networks for HAH and prior probability.
Marital status Shecp.daration {b)
Married 622 HAH L, :; ;i:
Divorced 0.99 Yes 719 i ;i~7 17'1
Widowed 36.2 No 28.1 7-8 19:3
Never married 0.65 A >8 0.51
\4
Social activity Physical activity Nap (min)
= < Light 254 0 38.4
Al H ] Moderate  36.6 0-30 177
DL X Vigorous  38.0 >30 440
A
A4
Educational levels Seltreport
Internet access < primary school 59.2 IADL verygood  9.86
Yes 3.5 < <middle school 325 P ves 49.7 > f:i:" ::":
No 96.9 < college 6.79 No 50.3 St ) S. 6
A = college 1.47 yerypoor) 863
A
\ 4
Residence Ascet v
Town 15.5 Alcohol consumpti... BADL
g <3000 Yuan 50.3
Combination ~ 6.38 e B Yes  28.8 i Yes  30.7 |
Village 77.7 S vl No 712 No 693
Special area 0.43 -
FIGURE 3
Bayesian networks for HAH for those aged > 75 years.

factors for diseases, which can support medical decision-making
(25). It is important to note that the complexity of the network
increases as more variables are included in BNs construction;
therefore, BNs should be constructed based on both Elastic Net.
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In this study, we employed BNs with Tabu-search algorithm to
explore factors associated with HAH. The findings of this study
shed light on the factors associated with heart attack complicated
with hypertension (HAH) from a clinical standpoint. The results
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FIGURE 5
Bayesian networks for HAH for those aged > 75 years with light physical activity and with a sleep duration of 6 to 7 hours.

revealed that several key factors directly influence the  cardiovascular disease (26). Older adults are more vulnerable to lifestyle
occurrence of HAH. and environmental changes, which may contribute to the onset of

Firstly, age emerged as a key determinant directly related to HAH,  hypertension and subsequently increase the risk of developing HAH. In
confirming the progressive vulnerability of the older adult to  addition, age affects various body systems that directly influence HAH,
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health.

Bayesian networks for HAH for those aged > 75 years with light physical activity, with a sleep duration of 6 to 7 hours and with very poor self report on

including vascular function and metabolic regulation (27, 28). This
finding highlights not only the need for age-specific monitoring, but
also the need for tailored interventions for this high-risk group.

The impact of lifestyle choices, particularly sleep duration and
physical activity, on cardiovascular health is widely recognized. Sleep
duration was found to have a direct association with HAH (29). Lack of
sleep or poor quality sleep disrupts hormonal balance and increases the
risk of high blood pressure and heart disease (30). Sleep deprivation
triggers overactivity of the sympathetic nervous system, leading to
increased blood pressure and cardiovascular stress (31). Besides, sleep
deprivation can lead to weight gain, further increasing the risk of
cardiovascular disease (32). Optimal sleep duration and quality of sleep
play a crucial role in maintaining cardiovascular health and reducing
the risk of hypertension. Healthcare providers can use this information
to emphasize the significance of healthy sleep habits and address sleep-
related issues in patients with HAH. Furthermore, the level of physical
activity was identified as another direct factor related to HAH (33).
Regular physical activity has well-established cardiovascular benefits.
Adequate physical activity helps lower blood pressure, improves blood
circulation, and enhances the endurance of the heart muscle, all of
which help reduce the risk of hypertension (34, 35). Conversely, lack of
physical activity can lead to decreased vascular function and myocardial
weakness (36, 37), which can increase the risk of HAH. These findings
are consistent with previous studies and highlight the importance of
these modifiable factors in shaping cardiovascular outcomes. By
weaving these results into existing discourse, we can enhance the
applicability of our findings in informing personalized interventions.

Additionally, self-report on health demonstrated a direct association
with HAH. Those who perceive themselves to be in poor health may
be experiencing underlying physiological problems that can increase the

Frontiers in Public Health

risk of developing hypertensive disorders. Also, psychological distress
and poor mental health activate the body’s stress response mechanisms,
which may lead to increased blood pressure and cardiovascular strain
(38). This relationship emphasizes the importance of considering
psychological factors when assessing cardiovascular risk. Addressing a
patient’s mental health and well-being can help manage the risk of HAH
by reducing stress-induced physiological responses (39). This finding
highlights the significance of individuals’ perception of their own health
status in relation to HAH.

Moreover, educational levels (9) and instrumental activities of
daily living (IADL) were found to have indirect connections to HAH
through physical activity. Education and IADL can enable individuals
to make informed choices about their lifestyles (10, 40), including
participation in activities that contribute to cardiovascular health. In
addition, individuals with higher education may have greater access
to resources and information related to physical activity. Education
level indirectly affects the risk of HAH by influencing the likelihood
that an individual will engage in regular physical activity. Clinicians
can consider educational levels as an additional factor when assessing
an individual’s cardiovascular risk profile.

Lastly, IADL and BADL were found to have indirect connections
to HAH through self-report on health. IADL and BADL cover an
individual’s ability to perform everyday tasks that reflect their overall
physical health. This, in turn, affects how they perceive their health.
Impaired functional capacity can lead to reduced quality of life and
increased stress, both of which contribute to an increased risk of
cardiovascular disease, including hypertension (41, 42). This implies
that individuals’ functional abilities and their perception of health
status interact to influence the risk of HAH. Healthcare professionals
should assess both functional abilities and self-reported health status
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in patients with HAH to provide comprehensive care and
interventions. Overall, these indirect relationships highlight the
multifaceted nature of cardiovascular risk factors. They emphasize the
importance of considering not only physiological factors, but also
mental health, socioeconomic determinants and functional capacity
when assessing HAH risk. This holistic assessment allows healthcare
professionals to develop tailored interventions that address the
underlying mechanisms contributing to HAH risk and ultimately
improve patient prognosis.

This study has several limitations that should be taken into
consideration when interpreting the findings. Firstly, as a cross-
sectional study, it cannot establish a causal relationship between HAH
and its risk factors, but only a correlation. Secondly, the data was
collected through self-report questionnaires, which may have resulted
in an underestimation of the prevalence of HAH, particularly among
older people and those with lower socioeconomic and educational
backgrounds. Additionally, there may be other variables that were not
included in this study. To further enrich our understanding, future
studies should consider incorporating environmental variables and
exploring the interactions between mental health and HAH. By
expanding our study to these dimensions, we can gain a more
comprehensive understanding of the multifaceted nature of
HAH. Lastly, we did not perform a hierarchical regression model or
mediation analysis, which is also an area for future research.

In conclusion, our study demonstrates that BNs, combined with
Tabu-search algorithms, is a promising method for identifying risk
factors for HAH. This approach could provide valuable insights for
clinical practice and medical research. We recommend regular
monitoring of chronic diseases to lower the occurrence of HAH and
prevent its related diseases.

Data availability statement

The raw data supporting the conclusions of this article will
be made available by the authors, without undue reservation.

References

1. Navickas R, Petric VK, Feigl AB, Seychell M. Multimorbidity: what do we know?
What should we do? ] Comorb. (2016) 6:4-11. doi: 10.15256/j0¢.2016.6.72

2. Yao SS, Cao GY, Han L, Chen ZS, Huang ZT, Gong P, et al. Prevalence and patterns
of multimorbidity in a nationally representative sample of older Chinese: results from
the China Health and Retirement Longitudinal Study. J Gerontol A Biol Sci Med Sci.
(2020) 75:1974-80. doi: 10.1093/gerona/glz185

3.Fan J, Sun Z, Yu C, Guo Y, Pei P, Yang L, et al. Multimorbidity patterns and
association with mortality in 0.5 million Chinese adults. Chin Med J. (2022) 135:648-57.
doi: 10.1097/CM9.0000000000001985

4. Skou ST, Mair FS, Fortin M, Guthrie B, Nunes BP, Miranda JJ, et al. Multimorbidity.
Nat Rev Dis Primers. (2022) 8:48. doi: 10.1038/s41572-022-00376-4

5. Song W, Gong H, Wang Q, Zhang L, Qiu L, Hu X, et al. Using Bayesian networks
with max-Min Hill-climbing algorithm to detect factors related to multimorbidity. Front
Cardiovasc Med. (2022) 9:984883. doi: 10.3389/fcvm.2022.984883

6. Kokubo Y, Matsumoto C. Hypertension is a risk factor for several types of heart
disease: review of prospective studies. Adv Exp Med Biol. (2017) 956:419-26. doi:
10.1007/5584_2016_99

7. Ntiyani N, Letamo G, Keetile M. Prevalence of and factors associated with
hypertension, diabetes, stroke and heart attack multimorbidity in Botswana: evidence
from STEPS 2014 survey. PLoS One. (2022) 17:€0265722. doi: 10.1371/journal.
pone.0265722

8. He L, Biddle SJH, Lee JT, Duolikun N, Zhang L, Wang Z, et al. The prevalence of
multimorbidity and its association with physical activity and sleep duration in middle

Frontiers in Public Health

10.3389/fpubh.2023.1259718

Author contributions

HZ drafted the manuscript and responsible for the conception
and design of the research. XZ and XY helped polish the manuscript.
QW gave precious advice on the statistical methods. All authors
contributed to the article and approved the submitted version.

Funding

The author(s) declare that no financial support was received for
the research, authorship, and/or publication of this article. This paper
was supported by the Shanxi Provincial Science and Technology
Department Project.

Acknowledgments

We appreciate Peking University offering this data. We also show
our gratitude to all the authors preparing this paper.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

aged and elderly adults: a longitudinal analysis from China. Int ] Behav Nutr Phys Act.
(2021) 18:77. doi: 10.1186/512966-021-01150-7

9. Brunstrom M, Ng N, Dahlstrom J, Lindholm LH, Norberg M, Nystrém L, et al.
Association of education and feedback on hypertension management with
risk for stroke and cardiovascular disease. Blood Press. (2022) 31:31-9. doi:
10.1080/08037051.2022.2041393

10. Piao X, Managi S. The international role of education in sustainable lifestyles and
economic development. Sci Rep. (2023) 13:8733. doi: 10.1038/s41598-023-35173-w

11.Ondimu DO, Kikuvi GM, Otieno WN. Risk factors for hypertension among
young adults (18-35) years attending in Tenwek Mission hospital, Bomet County,
Kenya in 2018. Pan Afr Med J. (2019) 33:210. doi: 10.11604/pam;.2019.33.210.18407

12.Oguntade AS, Ajayi IO. Risk factors of heart failure among patients
with hypertension attending a tertiary hospital in Ibadan, Nigeria: the RISK-HHF
case-control study. PLoS One. (2021) 16:€0245734. doi: 10.1371/journal.
pone.0245734

13.Zhu Z, Li FR, Jia Y, Li Y, Guo D, Chen J, et al. Association of Lifestyle with
Incidence of heart failure according to metabolic and genetic risk status: a population-
based prospective study. Circ Heart Fail. (2022) 15:¢009592. doi: 10.1161/
CIRCHEARTFAILURE.122.009592

14. Glover E. Tabu search - part I. INFORMS ] Comput. (1990) 2:4-32.

15. Song W, Qiu L, Qing J, Zhi W, Zha Z, Hu X, et al. Using Bayesian network model
with MMHC algorithm to detect risk factors for stroke. Math Biosci Eng. (2022)
19:13660-74. doi: 10.3934/mbe.2022637

frontiersin.org


https://doi.org/10.3389/fpubh.2023.1259718
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.15256/joc.2016.6.72
https://doi.org/10.1093/gerona/glz185
https://doi.org/10.1097/CM9.0000000000001985
https://doi.org/10.1038/s41572-022-00376-4
https://doi.org/10.3389/fcvm.2022.984883
https://doi.org/10.1007/5584_2016_99
https://doi.org/10.1371/journal.pone.0265722
https://doi.org/10.1371/journal.pone.0265722
https://doi.org/10.1186/s12966-021-01150-7
https://doi.org/10.1080/08037051.2022.2041393
https://doi.org/10.1038/s41598-023-35173-w
https://doi.org/10.11604/pamj.2019.33.210.18407
https://doi.org/10.1371/journal.pone.0245734
https://doi.org/10.1371/journal.pone.0245734
https://doi.org/10.1161/CIRCHEARTFAILURE.122.009592
https://doi.org/10.1161/CIRCHEARTFAILURE.122.009592
https://doi.org/10.3934/mbe.2022637

Zhang et al.

16. Pan J, Ren Z, Li W, Wei Z, Rao H, Ren H, et al. Prevalence of hyperlipidemia in
Shanxi Province, China and application of Bayesian networks to analyse its related
factors. Sci Rep. (2018) 8:3750. doi: 10.1038/s41598-018-22167-2

17. Song W, Qin Z, Hu X, Han H, Li A, Zhou X, et al. Using Bayesian networks with tabu-
search algorithm to explore risk factors for hyperhomocysteinemia. Sci Rep. (2023) 13:1610.
doi: 10.1038/s41598-023-28123-2

18. Zhou L, Ma X, Wang W. Relationship between cognitive performance and depressive
symptoms in Chinese older adults: the China Health and Retirement Longitudinal Study
(CHARLS). ] Affect Disord. (2021) 281:454-8. doi: 10.1016/j.jad.2020.12.059

19. Pergola BL, Moonie S, Pharr J, Bungum T, Anderson JL. Sleep duration associated
with cardiovascular conditions among adult Nevadans. Sleep Med. (2017) 34:209-16.
doi: 10.1016/j.sleep.2017.03.006

20. Sember V, Meh K, Sori¢ M, Starc G, Rocha P, Jurak G. Validity and reliability of
international physical activity questionnaires for adults across EU countries: systematic review
and meta analysis. Int ] Environ Res Public Health. (2020) 17:7161. doi: 10.3390/ijerph17197161

21. Zou H, Hastie T. Regularization and variable selection via the elastic net. ] R Stat
Soc Series B Stat Methodol. (2005) 67:301-20. doi: 10.1111/j.1467-9868.2005.00503.x

22. Deparis S, Pascale A, Tommasi P, Kotoulas S. An analytical method for multimorbidity
management using Bayesian networks. Stud Health Technol Inform. (2018) 247:820-4.

23. Quan D, Ren ], Ren H, Linghu L, Wang X, Li M, et al. Exploring influencing factors
of chronic obstructive pulmonary disease based on elastic net and Bayesian network. Sci
Rep. (2022) 12:7563. doi: 10.1038/s41598-022-11125-8

24. Wang X, Pan ], Ren Z, Zhai M, Zhang Z, Ren H, et al. Application of a novel hybrid
algorithm of Bayesian network in the study of hyperlipidemia related factors: a cross-
sectional study. BMC Public Health. (2021) 21:1375. doi: 10.1186/s12889-021-11412-5

25.Pan J, Rao H, Zhang X, Li W, Wei Z, Zhang Z, et al. Application of a tabu search-
based Bayesian network in identifying factors related to hypertension. Medicine. (2019)
98:€16058. doi: 10.1097/MD.0000000000016058

26. Okui T. Age-period-cohort analysis of cardiovascular disease mortality in Japan,
1995-2018. J Prev Med Public Health. (2020) 53:198-204. doi: 10.3961/jpmph.20.037

27.Ishani A, Cushman WC, Leatherman SM, Lew RA, Woods P, Glassman PA, et al.
Chlorthalidone vs. hydrochlorothiazide for hypertension-cardiovascular events. N Engl
] Med. (2022) 387:2401-10. doi: 10.1056/NEJMo0a2212270

28. Moturi S, Ghosh-Choudhary SK, Finkel T. Cardiovascular disease and the biology
of aging. ] Mol Cell Cardiol. (2022) 167:109-17. doi: 10.1016/j.yjmcc.2022.04.005

29. Yeghiazarians Y, Jneid H, Tietjens JR, Redline S, Brown DL, El-Sherif N, et al.
Obstructive sleep Apnea and cardiovascular disease: a scientific statement from the American
Heart Association. Circulation. (2021) 144:e56-67. doi: 10.1161/CIR.0000000000000988

Frontiers in Public Health

10

10.3389/fpubh.2023.1259718

30. Makarem N, Shechter A, Carnethon MR, Mullington JM, Hall MH, Abdalla M.
Sleep duration and blood pressure: recent advances and future directions. Curr
Hypertens Rep. (2019) 21:33. doi: 10.1007/s11906-019-0938-7

31.Seravalle G, Mancia G, Grassi G. Sympathetic nervous system, sleep, and
hypertension. Curr Hypertens Rep. (2018) 20:74. doi: 10.1007/s11906-018-0874-y

32. Papatriantafyllou E, Efthymiou D, Zoumbaneas E, Popescu CA, Vassilopoulou E.
Sleep deprivation: effects on weight loss and weight loss maintenance. Nutrients. (2022)
14:1549. doi: 10.3390/nu14081549

33. Hanssen H, Boardman H, Deiseroth A, Moholdt T, Simonenko M, Krinkel N, et al.
Personalized exercise prescription in the prevention and treatment of arterial
hypertension: a consensus document from the European Association of Preventive
Cardiology (EAPC) and the ESC Council on hypertension. Eur J Prev Cardiol. (2022)
29:205-15. doi: 10.1093/eurjpc/zwaal4l

34. Lavie CJ, Ozemek C, Carbone S, Katzmarzyk PT, Blair SN. Sedentary behavior,
exercise, and cardiovascular health. Circ Res. (2019) 124:799-815. doi: 10.1161/
CIRCRESAHA.118.312669

35. Williams CA, Wadey C, Pieles G, Stuart G, Taylor RS, Long L. Physical activity
interventions for people with congenital heart disease. Cochrane Database Syst Rev.
(2020) 10:Cd013400. doi: 10.1002/14651858.CD013400.pub2

36. Katayifc1 N, Bognak Giiglit M, Sen E. A comparison of the effects of inspiratory muscle
strength and endurance training on exercise capacity, respiratory muscle strength and
endurance, and quality of life in pacemaker patients with heart failure: a randomized study.
Heart Lung. (2022) 55:49-58. doi: 10.1016/j.hrtlng.2022.04.006

37.LiG, LiJ, Gao F Exercise and cardiovascular protection. Adv Exp Med Biol. (2020)
1228:205-16. doi: 10.1007/978-981-15-1792-1_14

38.Nagai M, Kato M, Dote K. Psychological distress-pathophysiology of newly
developed hypertension after the great East Japan earthquake. Hypertens Res. (2022)
45:1664-6. doi: 10.1038/s41440-022-00989-y

39. Eghbali M, Akbari M, Seify K, Fakhrolmobasheri M, Heidarpour M, Roohafza H,
et al. Evaluation of psychological distress, self-care, and medication adherence in
association with hypertension control. Int ] Hypertens. (2022) 2022:7802792. doi:
10.1155/2022/7802792

40. Dodd S, Widnall E, Russell AE, Curtin EL, Simmonds R, Limmer M, et al. School-
based peer education interventions to improve health: a global systematic review of
effectiveness. BMC Public Health. (2022) 22:2247. doi: 10.1186/s12889-022-14688-3

41. Syed-Abdul MM. Benefits of resistance training in older adults. Curr Aging Sci.
(2021) 14:5-9. doi: 10.2174/1874609813999201110192221

42. Nakanishi N, Takatorige T, Suzuki K. Daily life activity and risk of developing
cardiovascular risk factors. Diabetes Care. (2005) 28:1500-2. doi: 10.2337/diacare.28.6.1500

frontiersin.org


https://doi.org/10.3389/fpubh.2023.1259718
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.1038/s41598-018-22167-2
https://doi.org/10.1038/s41598-023-28123-z
https://doi.org/10.1016/j.jad.2020.12.059
https://doi.org/10.1016/j.sleep.2017.03.006
https://doi.org/10.3390/ijerph17197161
https://doi.org/10.1111/j.1467-9868.2005.00503.x
https://doi.org/10.1038/s41598-022-11125-8
https://doi.org/10.1186/s12889-021-11412-5
https://doi.org/10.1097/MD.0000000000016058
https://doi.org/10.3961/jpmph.20.037
https://doi.org/10.1056/NEJMoa2212270
https://doi.org/10.1016/j.yjmcc.2022.04.005
https://doi.org/10.1161/CIR.0000000000000988
https://doi.org/10.1007/s11906-019-0938-7
https://doi.org/10.1007/s11906-018-0874-y
https://doi.org/10.3390/nu14081549
https://doi.org/10.1093/eurjpc/zwaa141
https://doi.org/10.1161/CIRCRESAHA.118.312669
https://doi.org/10.1161/CIRCRESAHA.118.312669
https://doi.org/10.1002/14651858.CD013400.pub2
https://doi.org/10.1016/j.hrtlng.2022.04.006
https://doi.org/10.1007/978-981-15-1792-1_14
https://doi.org/10.1038/s41440-022-00989-y
https://doi.org/10.1155/2022/7802792
https://doi.org/10.1186/s12889-022-14688-3
https://doi.org/10.2174/1874609813999201110192221
https://doi.org/10.2337/diacare.28.6.1500

	Exploring factors related to heart attack complicated with hypertension using a Bayesian network model: a study based on the China Health and Retirement Longitudinal Study
	Introduction
	Materials and methods
	Study participants
	Variable definition
	General information
	Activity of daily living assessment
	Physical activity
	Elastic Net
	Bayesian networks
	Statistical analysis

	Results
	Baseline characteristics of respondents
	Elastic Net
	Bayesian networks
	Bayesian reasonings

	Discussion
	Data availability statement
	Author contributions

	 References

