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Abstract
Background: Cardiovascular disease (CVD) risk among individuals with different BMI levels might depend on their metabolic
health. The extent to which metabolic health status and BMI affect CVD risk, either directly or through a mediator, in the Chinese
population remains unclear.
Objective: In this study, the Bayesian network (BN) perspective is adopted to characterize the multivariable probabilistic
connections between CVD risk and metabolic health and obesity status and identify potential factors that influence these
relationships among Chinese adults.
Methods: The study population comprised 6276 Chinese adults aged 30 to 74 years who participated in the China Health and
Nutrition Survey 2009. BMI was used to categorize participants as normal weight, overweight, or obese, and metabolic health
was defined by the Adult Treatment Panel-3 criteria. Participants were categorized into 6 phenotypes according to their metabolic
health and BMI categorization. The 10-year risk of CVD was determined using the Framingham Risk Score. BN modeling was
used to identify the network structure of the variables and compute the conditional probability of CVD risk for the different
metabolic obesity phenotypes with the given structure.
Results: Of 6276 participants, 64.67% (n=4059), 20.37% (n=1279), and 14.95% (n=938) had a low, moderate, and high 10-year
CVD risk. An averaged BN with a stable network structure was constructed by learning 300 bootstrapped networks from the
data. Using BN reasoning, the conditional probability of high CVD risk increased as age progressed. The conditional probability
of high CVD risk was 0.43% (95% CI 0.2%-0.87%) for the 30 to 40 years age group, 2.25% (95% CI 1.75%-2.88%) for the 40
to 50 years age group, 16.13% (95% CI 14.86%-17.5%) for the 50 to 60 years age group, and 52.02% (95% CI 47.62%-56.38%)
for those aged ≥70 years. When metabolic health and BMI categories were instantiated to their different statuses, the conditional
probability of high CVD risk increased from 7.01% (95% CI 6.27%-7.83%) for participants who were metabolically healthy
normal weight to 10.47% (95% CI 7.63%-14.18%) for their metabolically healthy obese (MHO) counterparts and up to 21.74%
and 34.48% among participants who were metabolically unhealthy normal weight and metabolically unhealthy obese (MUO),
respectively. Sex was a significant modifier of the conditional probability distribution of metabolic obesity phenotypes and high
CVD risk, with a conditional probability of high CVD risk of only 2.02% and 22.7% among MHO and MUO women, respectively,
compared with 21.92% and 48.21% for their male MHO and MUO counterparts, respectively.
Conclusions: BN modeling was applied to investigate the relationship between CVD risk and metabolic health and obesity
phenotypes in Chinese adults. The results suggest that both metabolic health and obesity status are important for CVD prevention;
closer attention should be paid to BMI and metabolic status changes over time.
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Introduction
Background
Cardiovascular disease (CVD) is becoming a leading cause of
mortality, disability, and rising health care costs worldwide
[1,2]. The worldwide prevalence of CVD doubled from 271
million in 1990 to 523 million in 2019 [1], and recent
epidemiological studies indicate that CVD accounts for >40%
of deaths in the general Chinese population [3]. Despite
significant efforts directed toward CVD prevention and control
at the individual level and public health level, there has still
been a clear increase in deaths because of CVD in China over
the past 2 decades, from 2.51 million in 1990 to 3.97 million
in 2016, as well as a doubled prevalence from 1990 to 2016
[2,3].
Obesity is recognized as the primary cause of many chronic
diseases. It is also an established risk factor for CVDs, including
coronary disease [4], myocardial infarction [5], and ischemic
heart disease [6]. Previous cohort studies have reported a causal
relationship between obesity and increased risk of CVD
mortality [7]. Along with obesity, metabolic syndrome (MetS),
which is a cluster of interrelated metabolic abnormalities,
including increased blood pressure (BP), hyperglycemia, central
adiposity, insulin resistance, and dyslipidemia, is another
well-established determinant of CVD and mortality [8].
However, there is heterogeneity in body fat distribution and
metabolic factors among individuals with obesity, and it has
been reported that a subgroup of people with obesity possesses
a favorable cardiometabolic profile; these individuals are
referred to as people who are metabolically healthy (MH) obese.
They may not be at increased risk of several health outcomes,
including CVD [9], and may even confer a protective effect on
all-cause mortality if accompanied by a healthy metabolism
[10]. Together, the findings of these studies highlight the need
to take metabolic health and obesity status into account in
CVD-related studies.
In general, any condition or disease that affects the heart, its
vessels, and the blood circulatory system [11] or is associated
with conditions such as chronic heart failure (HF), congenital
heart disease, rhythm disorders, and subclinical atherosclerosis
[12] can be related to CVD. In addition to the main risk factors,
recently published studies have highlighted the important role
of other factors such as infection, inflammatory conditions, and
chronic diseases in CVD development [13]. CVD is a
multicausal disease and presents a clear heterogeneity in terms
of prevalence and mortality among various subgroups that differ
in their demographic characteristics; therefore, sex, age,
smoking, high cholesterol, hypertension, and diabetes should
be taken into account in CVD studies [14], together with
metabolic health and BMI levels. Modeling multiple correlated
factors when assessing CVD risk can be computationally
challenging and requires new statistical approaches. Standard
regression modeling requires independence among covariates
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and cannot disentangle the interrelationships or interactions that
form complex networks of relationships. Bayesian networks
(BNs) are powerful probabilistic graphical models that enable
the description of conditional dependencies and reasoning
among a set of variables, permitting a comprehensive
investigation of interrelationships among multiple correlated
variables and identification of potential causality [15]. The
generated BN model can be used for dynamic qualitative and
quantitative reasoning, where the probability of all variables
changes by updating the state of one variable, revealing
inferences between the depicted variables [16]. Recently, BNs
have been extensively used in health science and epidemiology,
particularly in CVD research in areas such as diagnosis, risk
assessment, and disease prediction [17-19]. To our knowledge,
few studies have examined the interrelationships between
metabolic health status, BMI, and CVD risk in conjunction with
demographic factors, biomarkers, and chronic health outcomes
in the Chinese population.

Objective
This study aims to fill this gap in knowledge by introducing BN
modeling and evaluating the multivariable probabilistic
connections among metabolic health, obesity, and CVD risk in
a population-level study of Chinese adults. In addition, this
study aims to identify factors that directly and indirectly
influence these relationships.

Methods
Study Population
The participants in this study were recruited from the China
Health and Nutrition Survey (CHNS), which is an ongoing
longitudinal survey designed to examine the effects of health
and nutrition at the population level. A detailed description of
the CHNS, such as the multistage sampling design and data
collection methods, has been provided elsewhere [20], and this
study uses a cohort that has been previously described [21].
Briefly, the participants included in this study were obtained
from the 2009 CHNS wave (N=11,929). The participants
voluntarily participated in health interviews and examinations,
answered the general sociodemographic questions, and
completed an in-depth health questionnaire. Data were collected
via household interviews.

Ethics Approval and Consent to Participate
The CHNS study was approved by the institutional review
committees of the University of North Carolina at Chapel Hill,
the National Institute of Nutrition and Food Safety, Chinese
Centers for Disease Control and Prevention, the China–Japan
Friendship Hospital, and the Ministry of Health (R01-HD30880,
DK056350, and R01-HD38700). All participants provided
written informed consent. All methods were performed in
accordance with the relevant guidelines and regulations.
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Data Collection and Measurements

Assessment of 10-Year Risk of CVD

Face-to-face interviews were conducted by well-trained
personnel using self-administered and standardized
questionnaires. The interviews were used to collect information
on participants’ demographic characteristics (age, sex, marital
status, and education level), behavioral factors (smoking status,
drinking status, and physical activity), medication use, and
self-reported family history.

The Framingham Risk Score (FRS) was used to estimate the
10-year probability of a CVD event (coronary heart disease,
cerebrovascular event, peripheral artery disease, or HF). The
FRS was developed by D’Agostino et al [27] using a
sex-specific multivariable risk factor algorithm and has been
validated in American, Canadian, European, and Asian
populations [28-31], as well as in Chinese participants [32]. It
is used in primary care to assess overall cardiovascular risk
among participants who are asymptomatic at baseline and are
aged 30 to 74 years, providing clinicians with quantitative
information to aid in the targeted lowering of risk factors [33].
As per the conditions of the FRS algorithm, participants s aged
<30 years or >74 years, as well as those with incomplete data
with respect to the anthropometric measures and blood sampling,
were excluded. As a result, a total of 6276 individuals (2895,
46.13%) men and (3381, 53.87%) women were enrolled in this
study.

All participants underwent a physical examination performed
by well-trained examiners, following standardized procedures.
Body weight and height were measured to the nearest 0.1 kg
and 0.1 cm, respectively, with the participants wearing light
clothing and no shoes. Waist circumference was measured to
the nearest 0.1 cm at the midpoint between the bottom of the
rib cage and the top of the iliac crest following exhalation. BMI
was calculated as weight (kg) divided by the square of height
(meters). Systolic BP (SBP) and diastolic BP (DBP) were
measured using a standardized mercury sphygmomanometer
on the participant’s right arm. BP measurements were performed
in triplicate after 10 minutes of seated rest, and the mean of the
3 measurements was used in the analyses.
The participants were required to fast overnight before blood
collection. Fasting blood samples were obtained the following
morning using a standardized process and were then analyzed
in a national central clinical laboratory in Beijing. Plasma and
serum samples were frozen and stored at −86 °C for later
laboratory analyses. Serum levels of fasting plasma glucose
(FPG), total cholesterol (TC), low-density lipoprotein
cholesterol, high-density lipoprotein cholesterol (HDL-C),
triglyceride (TG), uric acid (UA), and other routine blood
biochemical indices were measured using a biochemical
autoanalyzer. Details of all laboratory analyses and
measurements can be found elsewhere [20]. Homeostasis model
assessment of insulin resistance (HOMA-IR) was calculated
using the following formula:
HOMA-IR=fasting insulin (microinternational units
per milliliter)×FPG (millimoles per liter)/22.5 (1)
Fasting serum was used to derive the serum creatinine
concentration (mg/dL). The estimated glomerular filtration rate
(eGFR) was calculated using the Chronic Kidney Disease
Epidemiology equations combined with the serum creatinine
equation. The robust performance of serum creatinine–based
equations has been validated in the Chinese population [22].
In this study, according to the criteria recommended by the US
Joint National Committee and Chinese guidelines [23,24],
hypertension was defined as an SBP ≥140 mm Hg, a DBP ≥90
mm Hg, and/or the self-reported use of antihypertensive
medication. Diabetes was defined as FPG ≥7.0 mmol/L or
treatment for diabetes. On the basis of the National Cholesterol
Education Project guidelines [25], dyslipidemia was defined as
low-density lipoprotein cholesterol ≥4.14 mmol/L, HDL-C
≤1.036 mmol/L, and TGs ≥2.26 mmol/L. Hyperuricemia was
defined as serum UA ≥420 µmol/L in men and ≥360 µmol/L in
women [26].
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The raw FRS score was calculated for each participant based
on the individual’s sex, age, TC, smoking status, HDL-C, SBP
(treatment for hypertension and SBP value), and diabetes status,
together with their associated proper β coefficient value from
the proportional hazard regression [27]. The 10-year risk factor
was then derived as a percentage by gender. In addition, the
10-year CVD risk was categorized as low (FRS <10%),
moderate (10%-19%), or high (≥20%) according to previous
recommendations [13,28].

Definitions of Obesity, Metabolic Health, and
Metabolic Obesity Phenotypes
Overweight and obesity were defined as BMI≥24 kg/m² and
≥28 kg/m², respectively, using the criteria for Chinese adults
[34,35]. Each participant was then categorized into one of three
BMI groups: normal weight (BMI 18.5-23.9 kg/m²), overweight
(BMI 24.0-27.9 kg/m²), and obese (BMI ≥28.0 kg/m²).
The metabolic health status of each participant was defined
based on the Adult Treatment Panel-3 definition of MetS [36].
Participants who met ≥2 of the following four criteria were
considered metabolically unhealthy (MU): (1) hypertension
(SBP/DBP ≥130/85 mm Hg or use of antihypertensive drugs),
(2) hypertriglyceridemia (TG ≥1.7 mmol/L or use of
lipid-lowering drugs), (3) hyperglycemia (FPG ≥5.6 mmol/L
or use of medications for diabetes), and (4) reduced HDL-C
(HDL-C <1.04 mmol/L for men and <1.3 mmol/L for women).
The waist circumference criterion was not used because of
collinearity with BMI.
The above definition was used together with the BMI categories
to classify the study participants into one of six following
metabolic obesity phenotypes: participants who are MH
participants with normal weight, participants who are MH and
overweight, participants who are MH and obese (MH normal
weight [MHNW], MH overweight [MHOW], and MH obese
[MHO], respectively), participants who are MU with normal
weight, participants who are MU and overweight, and
participants who are MU and obese (MU normal weight
[MUNW], MU overweight [MUOW], and MU obese [MUO],
respectively).
JMIR Med Inform 2022 | vol. 10 | iss. 3 | e33026 | p. 3
(page number not for citation purposes)

JMIR MEDICAL INFORMATICS

BN Modeling
A BN is a probabilistic graphical model that represents a set of
random variables X = {Xi,...,Xn} as nodes and their conditional
dependencies as edges through a directed acyclic graph (DAG)
[16]. A BN can be fully specified by a pair (G, P), in which
G=(V, A) is a DAG comprising nodes (denoted by V) and
directed edges (denoted by A) and P is a joint probability
distribution. Specifically, if there is an edge from node Xi to
node Xj, Xi is then termed the parent and Xj, the child, and the
direction of the edge indicates a statistical dependence between
the corresponding variables. The joint distribution P can be
written as the product of the local conditional probability of
each node Xi, given its parent variables in graph G, as follows:

Pa(Xi) are the parents of Xi in the BN, and P(X) reflects the
properties of the BN.
The BN models were built and reviewed through an iterative
2-stage process, including a stepwise manual construction
process and a data-driven approach [37,38]. First, a manual
construction approach was used to explore different network
structures by including various sets of potential risk factors or
variables consecutively. The selection of the variable nodes was
based on prior expert knowledge and a systematic review of the
literature, which has been shown to improve BN structure
learning processes and to avoid excessive complexity of the
network structure by the inclusion of too many nodes [39].
During this first stage, prior knowledge can be included in the
model as blacklist and whitelist arcs. Specifically, the directions
between certain variables were restricted by using a layering
approach [40]. For instance, the variables metabolic health status
and BMI were allowed to be directed to FRS categories, and
this setting ensured that information was embedded in the
direction of causality for the effect of different obesity
phenotypes (whitelist), and the FRS categories were not
permitted to influence age (blacklist), as we were interested in
understanding the age-related pathways that explain 10-year
CVD risk as an outcome.
Second, a data-driven approach using different structure learning
algorithms was adopted to further improve the BN. On the basis
of prespecified simulations and comparison among score-based,
constraint-based, and hybrid structure learning approaches, the
tabu-search algorithm [41] was used for graphical structure
learning along with the Bayesian information criterion score
[42] to achieve high quality of the network structure. The
stabilities of the arcs in the network were examined from 300
bootstrapped networks, and the arc strengths (between 0 and 1)
were estimated by averaging the probability of the arcs
presenting in these bootstrap-resampled network structures
[21,43]. The final BN model was obtained by using the structure
and directions of arcs from the averaged network and was then
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further used to query the conditional probability distributions
(Bayesian reasoning) with a specific value or evidence provided.

Statistical Analyses
Continuous variables were presented as medians or means with
SD according to its assumption of normality from the
Kolmogorov–Smirnov test, and categorical variables were
presented as numerical variables with the corresponding
proportions as functions of metabolic health status and BMI.
Comparison of the different obesity phenotypes was performed
using 1-way analysis of variance or the Kruskal-Wallis test for
continuous variables, where appropriate, or the chi-square test
for categorical variables. P values for trend were computed
using Pearson for continuous variables and the Mantel–Haenszel
chi-square test for categorical variables. All statistical analyses
were performed using R (version 3.2.2; R Foundation for
Statistical Computing) software [44], and P<.05 was considered
statistically significant. The bnlearn package in the R software
environment was used for BN modeling analysis [43], including
network structure learning, parameter estimation, network arc
stabilities, conditional probability queries in the finalized
network, and visualization. The data and code for full analysis
can be obtained by reasonable request from the corresponding
author.

Results
Characteristics of the Sample
The characteristics of the sample, stratified by BMI and
metabolic health status, are shown in Table 1. Among the 3881
participants without MetS, 2548 (65.65%) had a normal BMI,
and 198 (5.1%) had MHO. Among 2395 participants with MU
profiles, 955 (39.87%), 981 (40.96%), and 459 (19.16%) were
classified into the MUNW, MUOW, and MUO groups,
respectively. Within the same BMI levels, the MU groups more
commonly exhibited greater waist and hip circumference
measurements, along with elevated BP, TC, TG, and UA, and
lower levels of HDL-C than the MH groups. In particular,
glucose biomarkers, including FPG, HOMA-IR, and
Hemoglobin A1c, were higher in the participants who were MU
than in their healthy counterparts (Table 1). The distributions
of age groups, sex, smoking, and alcohol drinking status also
differed among the 6 groups (P<.001, P=.002, P<.001, and
P=.01, respectively). Participants who were MHO were more
often women and were more commonly nonsmokers and
nondrinkers compared with their obese counterparts with MetS
(MUO), whereas a more unfavorable risk profile was seen in
the MUO group than in the MHO group. Among the 955
participants in the MUNW group, 419 (43.9%) had hypertension,
112 (11.7%) had diabetes, and 545 (57.1%) had dyslipidemia.
Among the 459 participants in the MUO group, the prevalence
of the abovementioned cardiometabolic disorders was 279
(60.8%), 74 (16.1%), and 338 (73.6%), respectively.
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Table 1. Characteristics of study sample based on combinations of BMI and metabolic health defined by Adult Treatment Panel-3 criteria (N=6276).
MHNWa
(n=2548)

MHOWb
(n=1135)

MHOc
(n=198)

MUNWd
(n=955)

MUOWe
(n=981)

MUOf
(n=459)

P valueg

P value for

Age (years), mean (SD)

49.53 (11.21)

50.43 (10.66)

49.68
(10.88)

54.66 (10.77)

53.15 (10.30)

52.36
(10.68)

<.001

<.001

Sex (male), n (%)

1188 (46.6)

507 (44.7)

71 (35.9)

432 (45.2)

496 (50.6)

201 (43.8)

.002

.59

Smoker, n (%)

859 (33.7)

314 (27.7)

37 (18.7)

315 (33)

341 (34.8)

125 (27.2)

<.001

.49

Alcohol drinker, n (%)

882 (34.6)

398 (35.1)

59 (29.8)

290 (30.4)

368 (37.5)

144 (31.4)

.01

.52

Weight (kg), mean (SD)

55.72 (6.83)

66.66 (7.14)

76.08 (9.27)

56.99 (7.18)

67.73 (7.82)

78.42 (9.45)

<.001

<.001

Height (cm), mean (SD)

160.86 (8.12)

161.25 (8.04)

160.10
(8.92)

160.70 (8.50)

161.83 (8.57)

161.00
(8.61)

.01

.12

BMI (kg/m2), mean (SD)

21.48 (1.44)

25.58 (1.10)

29.59 (1.51)

22.00 (1.40)

25.79 (1.12)

30.18 (1.92)

<.001

<.001

Waist circumference (cm), 77.76 (7.12)
mean (SD)

87.30 (6.82)

95.40 (8.25)

80.70 (7.43)

89.06 (6.72)

98.27 (7.50)

<.001

<.001

Hip circumference (cm),
mean (SD)

91.16 (5.47)

98.27 (5.75)

105.01
(6.14)

92.16 (6.24)

98.59 (5.39)

106.07
(6.15)

<.001

<.001

HDL-Ci (mmol/L), mean
(SD)

1.58 (0.49)

1.46 (0.34)

1.47 (0.34)

1.31 (0.39)

1.20 (0.33)

1.18 (0.60)

<.001

<.001

LDL-Cj (mmol/L), mean
(SD)

2.93 (0.91)

3.16 (0.84)

3.27 (0.88)

3.01 (1.07)

3.10 (1.05)

3.13 (1.23)

<.001

<.001

DBPk (mm Hg), mean
(SD)

76.98 (9.78)

80.54 (10.45)

83.17 (9.92)

84.06 (11.11)

86.21 (10.44)

89.75
(12.11)

<.001

<.001

SBPl (mm Hg), mean (SD) 118.08 (15.30) 123.11 (16.81) 127.00
(14.80)

130.66 (18.46) 133.19 (18.00) 137.72
(20.37)

<.001

<.001

FPGm (mmol/L), mean
(SD)

Characteristics

trendh

4.94 (0.66)

5.04 (0.79)

5.13 (0.94)

5.91 (1.54)

5.92 (1.71)

6.11 (1.67)

<.001

<.001

TCn (mmol/L), mean (SD) 4.71 (0.91)

4.90 (0.91)

5.00 (0.92)

5.04 (1.08)

5.21 (1.04)

5.22 (1.07)

<.001

<.001

TGo (mmol/L), mean (SD) 1.09 (0.65)

1.27 (0.70)

1.25 (0.51)

2.33 (1.55)

2.82 (2.10)

2.96 (2.15)

<.001

<.001

Urea (mmol/L), mean (SD) 5.43 (1.63)

5.45 (1.45)

5.33 (1.19)

5.54 (1.45)

5.65 (1.48)

5.59 (1.47)

.001

<.001

Uric acid (µmol/L), mean
(SD)

276.75 (82.64) 291.26 (84.42) 292.03
(75.75)

325.58
(106.51)

358.75
(131.02)

362.59
(115.99)

<.001

<.001

HOMA-IRp, mean (SD)

2.38 (3.15)

2.93 (4.40)

3.43 (2.74)

4.89 (11.37)

5.23 (7.93)

6.26 (6.58)

<.001

<.001

hsCRPq, mean (SD)

1.81 (5.24)

2.21 (5.25)

2.77 (4.40)

2.82 (10.08)

2.94 (5.66)

3.68 (5.22)

<.001

<.001

HbA1Cr, mean (SD)

5.41 (0.53)

5.54 (0.53)

5.66 (0.69)

5.67 (0.94)

5.83 (0.94)

6.05 (1.02)

<.001

<.001

30-39

609 (23.9)

225 (19.8)

43 (21.7)

102 (10.7)

119 (12.1)

63 (14)

<.001

<.001

40-49

738 (29)

349 (30.7)

63 (31.8)

220 (23)

252 (25.7)

139 (30.2)

<.001

<.001

50-59

700 (27.5)

322 (28.4)

52 (26.3)

311 (32.6)

346 (35.3)

149 (32.5)

<.001

<.001

60-69

390 (15.3)

194 (17.1)

33 (16.7)

246 (25.8)

212 (21.6)

78 (17)

<.001

<.001

≥70

111 (4.4)

45 (4)

7 (3.5)

76 (8)

52 (5)

30 (7)

<.001

<.001

Hypertension, n (%)

379 (14.9)

251 (22.1)

70 (35.4)

419 (43.9)

511 (52.1)

279 (60.8)

<.001

<.001

Diabetes, n (%)

21 (0.8)

10 (0.9)

3 (1.5)

112 (11.7)

110 (11.2)

74 (16)

<.001

<.001

Dyslipidemia, n (%)

372 (14.6)

234 (20.6)

46 (23.2)

545 (57.1)

696 (71)

338 (73.6)

<.001

<.001

Hyperuricemia, n (%)

170 (6.7)

119 (10.5)

18 (9.1)

187 (19.6)

302 (30.8)

156 (34)

<.001

<.001

Age groups, n (%)

a

MHNW: metabolically healthy normal weight.

b

MHOW: metabolically healthy overweight.
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MHO: metabolically healthy obese.

d

MUNW: metabolically unhealthy normal weight.

e

MUOW: metabolically unhealthy overweight.

f

MUO: metabolically unhealthy obese.

g

The P value for overall comparison of the different obesity phenotypes.

h

The P value for trend was computed from the Pearson test for continuous variables and the Mantel-Haenszel chi-square test for categorical variables.

i

HDL-C: high-density lipoprotein cholesterol.

j

LDL-C: low-density lipoprotein cholesterol.

k

DBP: diastolic blood pressure.

l

SBP: systolic blood pressure.

m

FPG: fasting plasma glucose.

n

TC: total cholesterol.

o

TG: triglyceride.

p

HOMA-IR: homeostatic model assessment of insulin resistance.

q

hsCRP: high-sensitivity C-reactive protein.

r

HbA1c: hemoglobin A1c.

Distribution of FRS According to Obesity Phenotypes
The distribution of FRS according to metabolic health status
and BMI is shown in Table 2. In general, the FRS increased
with weight in both participants who were MH and participants
who were MU. The average FRS among participants who were
obese and with favorable metabolic profiles (MHO) was 7.54%
(SD 7.91%), whereas the risk score doubled (14.16%, SD
13.01%) among participants who were MUNW and further
increased to 15.98% (SD 14.42%) among participants who were
MUO (Table 2).
With regard to FRS categories, among those with a MU profile,
the proportion of participants with a high 10-year CVD risk

ranged from 24% (229/955) in the MUNW group to 27.5%
(125/459) in the MUO group. In addition, approximately half
of all participants who were MU had a low 10-year CVD risk,
with proportions of 50.2% (497/955), 46.1% (452/981), and
45.8% (210/459) among the MUNW, MUOW, and MUO
groups, respectively. In contrast, among participants who were
MH, a considerably higher proportion had a low 10-year CVD
risk, and lower proportions had a high CVD risk regardless of
BMI levels: 79.3% (157/198) of participants who were MHO
had a low risk, whereas a high risk was only observed among
5.1% (10/198) of participants who were MHO. A similar pattern
was noted in the MHNW and MHOW groups.

Table 2. Levels of and distribution of the Framingham Risk Score (FRS) among each obesity phenotype.
Distribution

MHNWa (n=2548)

FRS distribution, mean (SD) 7.43 (8.39)

MHOWb (n=1135)

MHOc (n=198)

MUNWd (n=955) MUOWe (n=981) MUOf (n=459)

8.54 (9.42)

7.54 (7.91)

14.16 (13.01)

15.63 (14.08)

15.98 (14.42)

FRS categories, n (%)

a

Low

1930 (75.75)

831 (73.22)

157 (79.3)

479 (50.2)

452 (46.1)

210 (45.8)

Moderate

412 (16.17)

196 (17.27)

31 (15.7)

247 (25.9)

270 (27.5)

123 (26.8)

High

206 (8.08)

108 (9.52)

10 (5.1)

229 (24)

259 (26.4)

126 (27.5)

MHNW: metabolically healthy normal weight.

b

MHOW: metabolically healthy overweight.

c

MHO: metabolically healthy obese.

d

MUNW: metabolically unhealthy normal weight.

e

MUOW: metabolically unhealthy overweight.

f

MUO: metabolically unhealthy obese.

BN Development
BN modeling was used to estimate the 10-year CVD risk among
various obesity phenotypes. By using a whitelist and blacklist
from prior expert knowledge, an averaged BN was constructed
by learning 300 bootstrapped networks from the data and further
retaining the arcs with an appearing frequency of at least 50%,
as shown in Figure 1A. This BN model describes the
interrelationships between demographic factors, behavioral
factors, CVD risk factors, obesity phenotypes, and FRS
https://medinform.jmir.org/2022/3/e33026
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categories, as well as the relationship between risk factors and
demographic covariates. All the directions of the arcs seem to
be well-established, and this could be attributed to the layering
approach (whitelist and blacklist), which implements certain
restrictions on the arc directions.
Then, a further examination was performed using the arc
strength criteria to simplify the complexity of the BN, with little
loss of information in the process. The final BN was obtained
with an arc strength threshold >0.85 (ie, arcs appear with a
JMIR Med Inform 2022 | vol. 10 | iss. 3 | e33026 | p. 6
(page number not for citation purposes)

JMIR MEDICAL INFORMATICS
frequency of at least 0.85 among the 300 bootstrapped
networks), as depicted in Figure 1B (the direct comparison of
arcs between the averaged BN and simplified BN is shown in
Multimedia Appendix 1). All probability distributions are
represented in the nodes, and the probabilistic dependencies are
indicated by direct edges connecting the nodes. The connections
between 10-year CVD risk, its risk factors, and obesity
phenotypes were established by a complex network structure
and assumed to be dependent, in which direct connections
among metabolic health status, BMI level, age, smoking status,
and CVD risk were identified (Figure 1B), together with an

Tian et al
indirect link between sex and 10-year CVD risk through
smoking status. In addition, metabolic health status and sex
were directly connected with 7 and 5 covariates, respectively,
indicating that they had the most children nodes, implying a
sex-specific relationship. The interrelationships between various
CVD risk factors are also presented in Figure 1B. For instance,
eGFR was related to sex and age; hypertension and
hyperuricemia were both associated with metabolic health status
and sex; and TC was influenced by eGFR, dyslipidemia, and
metabolic health status.

Figure 1. The directed acyclic graph (DAG) underlying the Bayesian network learned from 10-year cardiovascular disease (CVD) risk, the covariates,
metabolic health, and obesity status. (A) Averaged DAG with strength of arcs >0.5; (B) simplified DAG derived from the averaged DAG after retaining
arcs with a strength >0.85. eGFR: estimated glomerular filtration rate; hsCRP: high-sensitivity C-reactive protein; LDL-C: low-density lipoprotein
cholesterol; TC: total cholesterol.

BN Reasoning
BN reasoning was performed to estimate the conditional
probabilities of the 10-year CVD risk, given various evidence
from the well-built BN model. Since age had a significant
modifying effect on the probability distribution of CVD, the
variation in the conditional probabilities was estimated through
the different age groups (Figure 2). The conditional probability
of high CVD risk increased as age progressed, with a greater
rise from 30 to 40 years (0.43%, 95% CI 0.2-0.87) to 40 to 50
years (2.25%, 95% CI 1.75-2.88) and then to 50 to 60 years
(16.13%, 95% CI 14.86-17.5). Furthermore, more than half of
the participants aged ≥70 years had a high CVD risk (52.02%,
95% CI 47.62-56.38). A similar pattern was also observed for
moderate CVD risk among the different age groups, with a
steady increase in the conditional probability observed with
increasing age. In contrast, the probability of low CVD risk
decreased from 98% (95% CI 97.24 to 98.55) for the 30 to 40
years age group to 58.05% (95% CI 56.27 to 59.81) for the 50
to 60 years age group to only 14.92% (95% CI 12.04 to 18.34)
for those aged ≥70 years.
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The probability distributions of CVD risk were updated when
providing evidence of BMI level and metabolic health status
from the BN model (Figure 3). Among the participants with
favorable metabolic health profiles, the conditional probability
of having moderate or high CVD risk ranged from 15.3% and
7.01%, respectively, for the participants with normal weight
(ie, MHNW) to 18.6% and 10.47%, respectively, for their obese
counterparts (ie, MHO). In contrast, within the same BMI levels,
the probabilities were 25.28% and 21.74%, respectively, for
participants who were normal weight with a MU status (ie,
MUNW) and further increased to 24.45% and 34.48%,
respectively, among participants who were MUO. In addition,
the conditional probabilities of low CVD risk exhibited a
substantial decline from 77.69% to 52.98% when the metabolic
health status of participants who were normal weight (ie,
MHNW) became unfavorable (MUNW).
Subgroup analyses were conducted by providing further
evidence of a sex factor in the BN model; these analyses are
summarized in Figure 4. In men, the conditional probabilities
of high CVD risk were nearly doubled among participants who
were MH, regardless of BMI level, with probabilities ranging
JMIR Med Inform 2022 | vol. 10 | iss. 3 | e33026 | p. 7
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from 12.28% to 21.92% for men who were MHNW and MHO,
respectively. This indicates that men who were MH had twice
the chance of high CVD risk when compared with their general
population counterparts within the same obesity phenotype.
Similarly, the men who were MU also had an increased CVD
risk, where male participants who were MUO were nearly 2-fold
more likely to have a high CVD risk than their MHO
counterparts, with a conditional probability up to 48.21% (95%
CI 42.92 to 53.55), whereas these probabilities were raised by
a factor of ≥2.5 among men who were MUNW and MUOW
when compared with their MH counterparts within the same
BMI levels (MUNW vs MHNW: 32.18% vs 12.28%; MUOW
vs MHOW: 43.17% vs 15.4%).

Tian et al
In contrast, female participants with favorable metabolic health
profiles had substantially lower conditional probability estimates
of moderate and high CVD risk, irrespective of their BMI level,
with probabilities of only 10.61% and 2.02% in women who
were MHO. Similarly, only approximately one-fifth of the
women who were MUO (22.7%, 95% CI 18.83-27.11) and
one-tenth of the women who were MU and nonobese (13% for
women who were MUNW and 11.91% for women who were
MUOW) had a high risk of developing CVD, whereas women
who were MH (irrespective of obesity) were more than half as
likely to have a low CVD risk, with corresponding conditional
probabilities of 64.74% (95% CI 61.43 to 67.92), 58.84% (95%
CI 55.5 to 62.11), and 54.08% (95% CI 49.13-58-95) for women
who were MUNW, MUOW, and MUO, respectively.

Figure 2. Conditional probabilities (in percentage) and 95% CIs of low, moderate, and high 10-year cardiovascular disease (CVD) risk in different age
groups in Chinese adults.
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Figure 3. Conditional probabilities (in percentage) and 95% CIs of low, moderate, and high 10-year cardiovascular disease (CVD) risk in different
obesity phenotypes. MHNW: metabolically healthy normal weight; MHO: metabolically healthy obese; MHOW: metabolically healthy overweight;
MUNW: metabolically unhealthy normal weight; MUO: metabolically unhealthy obese; MUOW: metabolically unhealthy overweight.

Figure 4. Conditional probabilities (in percentage) and 95% CIs of low, moderate, and high 10-year cardiovascular disease (CVD) risk in different
obesity phenotypes by sex. MHNW: metabolically healthy normal weight; MHO: metabolically healthy obese; MHOW: metabolically healthy overweight;
MUNW: metabolically unhealthy normal weight; MUO: metabolically unhealthy obese; MUOW: metabolically unhealthy overweight.

Discussion
Principal Findings
To the best of our knowledge, this is the first large-scale study
that has applied the BN modeling approach to investigate the
probabilistic relationship between different metabolic and
obesity phenotypes and the 10-year CVD risk in Chinese adults.
Individuals who were MHO had an increased probability
(10.47%) of high CVD risk, and this probability doubled among
participants who were MUNW and tripled for participants who
https://medinform.jmir.org/2022/3/e33026
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were MUO. Furthermore, an important gap in conditional
probabilities was found between the two sexes within each
obesity phenotype, suggesting a prominent modifying effect of
sex on this relationship. The proposed DAG structure in the
network represents a relevant step in understanding the complex
interrelationships between the variables investigated and
provides a self-descriptive and contextualized picture of these
complex interrelationships in the Chinese population.
Compared with previous studies, this work offers a more
comprehensive picture that simultaneously describes the
JMIR Med Inform 2022 | vol. 10 | iss. 3 | e33026 | p. 9
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complex interrelationships between metabolic healthy or
unhealthy phenotypes and 10-year CVD risk across BMI
categories, as well as the relationships among CVD-related risk
factors. Although several prospective cohort studies have
focused on exploring the specific associations between CVD
risk and metabolic health status and BMI categories [14,45-47],
or the dynamic risk in the transition from one phenotype to
another [48-50], this work aimed to provide a general framework
to understand the multiple association processes that can emerge
from the complex interrelationships between these factors. In
fact, compared with standard studies, the greatest advantage
and strength of this BN methodological approach is the graphical
clarification and visualization of the most probable pathways
in these relationships from a multi-dependent perspective,
without affecting the interpretability of the network. Another
advantage of BN modeling is that owing to the Markov blanket
theory, complex models can be divided into a collection of
simpler models that are mathematically tractable and
computationally simpler. For instance, according to our BN
reasoning model (Figure 1B), when a participant who was MH
and normal weight became obese, the probability of developing
a high 10-year CVD level increased from 7.01% to 10.47%,
and this probability was tripled if the participant remained
normal weight but had any ≥2 components of MetS.
Furthermore, the probability increases up to 34.48% when the
participant has both a MU status and is obese (ie, MUO; Figure
2). Moreover, remarkable heterogeneity in the associations
between obesity phenotypes and CVD risk in relation to
participant sex was observed. The conditional probability of
having a high CVD risk was 2.02% and 22.7% among women
who were MHO and MUO, respectively, whereas it rose to as
high as 21.92% and 48.21% among men with the corresponding
obesity phenotypes. Therefore, BN modeling enabled us to
achieve an integrated view of CVD risk among the various
obesity phenotypes in the context of other risk factors. It also
allows for systematic reasoning in the diagnostic process with
easy interpretability.

Comparison With Prior Work
Many studies have investigated the associations between obesity
phenotypes and CVD outcomes, including myocardial infarction
[51], HF [45,52], coronary heart disease [45,53], atrial
fibrillation [54], and cerebrovascular disease [45]. This study
confirms an elevated risk of CVD in people classified as MHOW
or MHO when compared with their counterparts who are of
normal weight and are MH. This is in line with previous studies
in Asian [50,55], European [46], and American populations
[56]. In the Danish prospective Inter99 study, Hansen et al [47]
found that men who were MHO had a 3-fold increased risk of
incident CVD compared with their MHNW counterparts, and
a similar and significant augmentation of CVD risk was also
observed in men who were MU, with a 2.2-fold increased risk
in men who were MUNW and an approximately 3-fold increase
in men who were MUOW and MUO, respectively, during the
10-year follow-up. In contrast, the increased risk among women
who were MH was not significant, irrespective of BMI level,
when compared with their MHNW counterparts. In fact, an
inverted U-shaped relationship was observed between women
who were MU and CVD risk across the BMI levels, and a
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significant 2.3-fold increased risk was only observed among
women who were MUOW compared with women who were
MHNW [47]. The Nurses’ Health Study, which included 90,257
American women aged 30 to 55 years without CVD or cancer
history [56], indicated that women with either higher BMI levels
or MU status were at a significantly increased risk compared
with their MHNW counterparts after a follow-up of 30 years.
In addition, women who were MH had a substantially lower
risk of CVD than women with pre-existing metabolic conditions
across all BMI groups. Consistently, the Whitehall 2 study also
found that, compared with the MHNW phenotype, the risk of
incident CVD was significantly elevated in the 5 other
phenotypes during a median follow-up of 17.4 years, with
adjusted hazard ratios (HRs) of 1.95 for MHO and 2.44 for
MUO. Similarly, the participants who were MU had a higher
risk than their MH counterparts, irrespective of BMI levels, by
a factor of 2 for the nonobese BMI level and 1.2 for the obese
BMI level [46]. Similarly, the findings from several Chinese
prospective cohort studies, with either short- or long-term
follow-ups [48,57,58], are consistent with those obtained in
Western populations. The largest prospective cohort study, the
China Kadoorie Biobank study, which comprised 458,246
Chinese participants without any history of CVD or cancer,
found that after 10 years of follow-up, individuals who were
baseline MHO had an 8% higher risk of developing CVD
compared with their MHNW counterparts, and the risk for
individuals who were MU was significantly higher across all
BMI categories by a factor of 1.6 [48]. Of note, a very recent
meta-analysis of 23 prospective cohort studies and 4,492,723
participants confirmed an elevated risk of CVD in individuals
classified as MHOW or MHO when compared with their
MHNW counterparts by a factor of 1.34 and 1.5, respectively.
This increased risk remained statistically significant among
individuals who were MHOW or MHO when defining metabolic
health status with a strict definition (ie, having no metabolic
risk factors) [14]. This indicates the potential nonexistence of
the MHOW or MHO concept. Another important observation,
as described in the meta-analyses by Kramer et al [59], Fan et
al [60], Eckel et al [61], Zheng et al [62], Ortega et al [63], and
others, is that the high risk of CVD associated with MHO
appears to be sustained over a long-term follow-up (≥15 years).
Several mechanisms could explain the potential association
between MHO and the risk of CVD. Individuals who were MHO
or MHOW may have higher odds of subclinical CVD and
diabetes, which increases their likelihood of developing CVD
in the future [64].
Smoking status and age have well-known causal effects on
long-term CVD risk [65-67]. The current results suggest that
smoking status and age are directly associated with 10-year
CVD risk and seem to mediate the effect of sex and other
variables included in our BN model. To the best of our
knowledge, few studies have focused on sex-specific differences
in the relationship between obesity phenotypes and CVD risk,
although sex is a very important factor [68,69]. In this, men
who were obese had an elevated probability of high 10-year
CVD risk when compared with their female peers, irrespective
of metabolic health status. Although there are some
discrepancies in the way that obesity and metabolic health status
have been defined, the current findings of sex-specific
JMIR Med Inform 2022 | vol. 10 | iss. 3 | e33026 | p. 10
(page number not for citation purposes)

JMIR MEDICAL INFORMATICS
differences are consistent with other large prospective studies
in Chinese, European, and US samples [47,48,70]. For instance,
Danish men who were MHO and MUO had a 3.1- and 2.7-fold
increased CVD risk compared with their MHNW counterparts,
whereas this increased risk was only by a factor of 1.8 in women
within the same comparison of phenotypes [47]. Similarly, the
China Kadoorie Biobank study found that men had a 1.09 times
higher risk of CVD subtypes when compared with women within
the MHO phenotype and a 1.3 times higher increased risk within
the MUO phenotype [48]. This finding was also supported by
a recent pooled analysis of prospective cohort studies, which
revealed that men who were MHO had a 1.26 times increased
risk compared with women who were MHO (HR: 2.15 vs 1.71)
[14].
The present results are also in agreement with those of previous
cohort studies that described the progression of CVD risk with
aging. The China Kadoorie Biobank study demonstrated a clear
age-specific pattern in CVD risk, irrespective of obesity
phenotypes [48]. A steady rise in CVD risk was noted from age
30 to 49 years to 50 to 59 years, and this risk was substantially
increased for individuals aged ≥60 years within each obesity
phenotype. Individuals who were MUO aged 70 to 79 years
had the highest risk of developing CVD events among all obesity
phenotypes, with a 13.86-fold higher risk when taking
individuals with MHNW at age 30 to 49 years as the reference
group. Similarly, this risk was higher among participants who
were MHNW aged ≥70 years compared with their counterparts
aged 30 to 49 years. The current BN model applied to a
population-based Chinese cohort showed a concave-shaped
progression in the conditional probabilities for high CVD risk
through the different age intervals together with a stronger
increasing rate in the conditional probability after the age of 50
years (Figure 2). Clearly, the use of such BN modeling with
respect to prior knowledge could provide quantitative
descriptions of direct links between CVD and its related risk
factors by intuitive reasoning. More importantly, such modeling
is suited to exploring indirect links through mediators and testing
novel hypotheses by simulation.
The CVD risk in individuals who are MU with normal weight
remains underinvestigated. A large pan-European prospective
study of 8 European countries found that after a median
follow-up of 12.2 years [53], the presence of metabolic
abnormalities was associated with an increased risk of CHD at
all levels of adiposity; more precisely, the MUNW phenotype
had twice the risk of CHD compared with their MH counterparts.
This finding is supported by recent data from the Women’s
Health Initiative Study [70] and a Korean prospective study
[54]. Interestingly, several studies have demonstrated that the
CVD risk in individuals who are MU is markedly higher than
that of their MH counterparts across all BMI categories [53].
Similarly, when using the MHO group as a reference, the MU
nonobese group was found to be at increased risk of atrial
fibrillation, although this difference was not statistically
significant [54]. The current results are in agreement with
previous studies and contribute to the evidence indicating that
individuals who are MUNW are at considerably higher CVD
risk compared with their peers who are MHO, regardless of sex,
and it seems reasonable to suggest that individuals who are
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overweight or obese without metabolic abnormalities are at
intermediate CVD risk, at a level between individuals who are
healthy normal weight and individuals who are MU [53].
Another potential explanation for these findings may be related
to the transient status of MHO during long-term follow-up.
Indeed, several recent studies have considered and identified
CVD risk according to the concurrent transition of metabolic
health and weight status during different follow-up periods
[49,50,56]. In one study, the recovery of MH status among
individuals who were baseline MUNO was significantly
associated with a decreased risk of CVD outcomes, whereas
the transition from an MH status to an unhealthy status among
the individuals who were baseline MUNO was related to adverse
CVD outcomes [50]. These findings were also confirmed by
Bae et al [49] using a nationally representative cohort study of
205,394 middle-aged Korean men and women who were
followed up for 6 years. Interestingly, among the initial
participants who were MHO, those who became MUNO had a
1.41-fold higher CVD risk compared with those who remained
MHO. Together, this evidence strongly suggests a greater role
of MetS than obesity in CVD risk, with longer exposure to a
MU status leading to a much higher vascular risk [48].
Moreover, another nationwide population-based cohort study
revealed that transition to the MUNO phenotype was associated
with an 80% higher HR for HF among individuals who were
MHO at baseline during a short-term follow-up (3.7 years).
Conversely, individuals who transitioned from MHO to MH
nonobese had a lower HR for HF than those who remained in
the MHO category [52]. This could imply that restoration from
an obese state to a nonobese state while maintaining metabolic
health may have a protective effect against incident HF.
However, as emphasized by Gao et al [48] in the largest Asian
cohort study to date on the transitions between various obesity
phenotypes over a longer follow-up, long-term maintenance of
metabolic health is difficult for individuals of any BMI level,
including individuals who are overweight and normal weight;
therefore, more attention should be paid to maintaining
metabolic health regardless of body weight. In addition, there
should be a clinical focus on the treatment of metabolic disorders
for CVD risk prevention. Similarly, efforts should be made to
prevent the conversion of MHO to MUO and the development
of MetS and subsequent CVD caused by obesity [71,72].

Limitations
There are several limitations to this study and the newly
identified networks that should be noted. First, despite the
longitudinal design of the CHNS survey, this study analyzed
observational and cross-sectional data; the directions between
nodes or variables only represent probability dependencies, not
causal relationships. Further cohort studies combined with
various aspects of professional knowledge are warranted to
establish and clarify causality [73]. In addition, the sample only
comprised Chinese participants; thus, the generalizability of
these results to a wider population should be undertaken with
caution. In addition, physical activity and fitness were lacking
in the proposed BN modeling, although these 2 factors may be
more important than weight in assessing CVD risk, as
emphasized by Lavie et al [74]. In fact, the information on
physical activity and fitness was not exhaustively provided from
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the CHNS data; thus, they were not included in this study for
minimizing the potential bias but will be well-considered in
further studies.
Nevertheless, the notable strengths and contributions of this
study should be mentioned. For example, the population-based
design, large sample size, and rigorous data collection quality
guarantee reasonable statistical power and robust probabilistic
relationships. Second, the BN modeling approach offers
compelling application prospects in general medicine. BN is
not only useful for handling a large number of variables with
or without prior knowledge of the interactions or
interdependencies between them [38] but also provides an
appealing visual presentation and quantitative reasoning that
can be used to explore the interrelationships among these factors
and test novel hypotheses.
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Conclusions
The BN modeling approach was applied to investigate the
relationships between different CVD risk factors and metabolic
health and obesity status using Chinese population-based survey
data. Network modeling is useful for integrating expert
knowledge and observational data, allowing easy identification
of probabilistic dependencies and conditional independencies
between variables through graphical representation. This study
provides evidence that increased CVD risk progresses depending
on the varying magnitude of metabolic abnormalities and BMI.
Furthermore, several potential modifying factors were identified,
including sex, that may affect previous probabilistic
interrelationships. Owing to the multifactorial nature of CVD,
these empirical findings using the BN approach are of special
interest, both from a theoretical and practical point of view, and
may help in refining appropriate target populations and relevant
risk factors for managing future CVD risk.
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The directed acyclic (DAG) graph underlying the Bayesian network learned from 10-year cardiovascular disease risk, covariates,
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