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review and meta-analysis
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Abstract

Background: There is an increasing prevalence of cardiovascular disease (CVD) in China, which represents the lead-

ing cause of mortality. Precise CVD risk identification is the fundamental prevention component. This study sought to
systematically review the CVD risk prediction models derived and/or validated in the Chinese population to promote
primary CVD prevention.

Methods: Reports were included if they derived or validated one or more CVD risk prediction models in the Chinese
population. PubMed, Embase, CINAHL, Web of Science, Scopus, China National Knowledge Infrastructure (CNKI), VIP
database, etc, were searched. The risk of bias was assessed with the Prediction Model Risk of Bias Assessment Tool
(PROBAST). Meta-analysis was performed in R using the package metamisc.

Results: From 55,183 records, 22 studies were included. Twelve studies derived 18 CVD risk prediction models, of
which seven models were derived based on a multicentre cohort including more than two provinces of mainland
China, and one was a model developed based on a New Zealand cohort including Chinese individuals. The number
of predictors ranged from 6 to 22. The definitions of predicted outcomes showed considerable heterogeneity. Four-
teen articles described 29 validations of 8 models. The Framingham model and pooled cohort equations (PCEs) are
the most frequently validated foreign tools. Discrimination was acceptable and similar for men and women among
models (0.60-0.83). The calibration estimates changed substantially from one population to another. Prediction for
atherosclerotic cardiovascular disease Risk in China (China-PAR) showed good calibration [observed/expected events
ratio=0.99, 95% P/ (0.57,1.70)] and female sex [1.10, 95% P/ (0.23,5.16)].

Conclusions: Several models have been developed or validated in the Chinese population. The usefulness of most
of the models remains unclear due to incomplete external validation and head-to-head comparison. Future research
should focus on externally validating or tailoring these models to local settings.

Trail registration: This systematic review was registered at PROSPERO (International Prospective Register of System-
atic Reviews, CRD42021277453).

Keywords: Cardiovascular diseases, Prediction model, Risk

Background

Cardiovascular disease (CVD) is the leading cause of
mortality and a major contributor to disability world-
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China, where it represents the leading cause of mortality
(3, 4].

In an attempt to mitigate the risk and reduce the bur-
den of cardiovascular disease in such a vast country,
implementing an overall risk-based prevention approach
has been confirmed as a cost-effective method [5, 6].
However, it is critical to know that precise CVD risk
identification is the fundamental prevention component
[7]. Inappropriate risk-based CVD management may lead
to undertreatment or overtreatment. Risk assessment
offers a platform for communication between health care
providers and patients, improving patients’ perception of
risk and promoting shared decision-making, which ulti-
mately enhances patients’ adherence to medical treat-
ment and health lifestyle modification [8].

Over the past two decades, more than 360 CVD risk
prediction models have been developed through one
or several longitudinal cohorts since the pioneering
Framingham research [9]. However, these equations were
mostly derived from Caucasian populations, and popu-
lation ethnicity and region have roles in modifying car-
diovascular risk [10]. As a result, these models cannot be
used interchangeably without recalibration because of
the different risk factor profiles (i.e., lower level of total
cholesterol and higher absolute hypertension burden in
China) and CVD profiles (i.e., higher stroke/cardiovas-
cular disease ratio in China) between western and Chi-
nese populations [8]. The Framingham risk equations
and American College of Cardiology/American Heart
Association Pooled Cohorts Equations (PCEs) were most
commonly validated in the Chinese population, with a
broad range overestimation in men and underestimation
in women [11-14]. Several CVD risk prediction models
have been developed based on the large sample size of
Chinese adults since 2003, such as the 10-year risk pre-
diction model of CVD in Chinese [15-17], Prediction
for atherosclerotic cardiovascular disease Risk in China
(China-PAR) [13], and the 5-year risk prediction model
of CVD [18]. However, it is not clear which is currently
the most appropriate tool for Chinese cardiovascular dis-
ease risk prediction.

The aim of this study was to systematically review the
published research that derived or validated one or more
CVD risk prediction models in China, followed by a for-
mal meta-analysis to summarize and compare the over-
all predictive performance of these models to inform the
choice of the risk model in China.

Methods

This systematic review protocol was registered at PROS-
PERO (International Prospective Register of Systematic
Reviews) (CRD 42021277453). We followed the PRISMA
(Preferred Reporting Items for Systematic Reviews and
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Meta-analyses) guidelines published by the Cochrane
Prognosis Methods Group [19], and the checklist for sys-
tematic reviews and meta-analyses of prediction mod-
elling studies [20] was used to conduct our systematic
review.

Literature search

For this review, we used the search details of the review
by Damen et al. [9] on all CVD prediction models for
the general population. In the original search in 2013,
two databases (Medline and Embase) were searched. As
shown by this review, several CVD prediction models
have been developed in recent years. Therefore, we com-
plemented the search details by updating their search
and expanding the search database. This search strat-
egy was translated appropriately for Embase, CINAHL,
Web of Science (Core Collection), and Scopus. We also
developed a Chinese search strategy combining subject
indexing terms and free-text search terms in the title and
abstract fields in the Chinese Biomedical Literature Ser-
vice System (SinoMed). This search strategy was trans-
lated appropriately for the Wan Fang Database, China
National Knowledge Infrastructure (CNKI) and VIP
database. A search of Open Grey (OpenGrey, 2019) and
Google Scholar was conducted to obtain potential grey
literature. The search strategy is presented in Table S1.
We systematically searched electronic databases from
inception to September 10, 2021. This systematic review
was limited to studies conducted in humans and pub-
lished in English or Chinese. For external validation stud-
ies where the development study was not screened by our
search, we manually retrieved the original article through
citation.

Eligibility criteria

We included all primary articles that reported one or
more multivariable prediction models or scores that
have been suggested for individual risk estimation of any
future CVD outcome. However, in the full-text screen-
ing, we included only models developed or validated in
the Chinese population. We defined ‘model developed
in Chinese population” as 1) the risk models specifically
developed to predict CVD in Chinese and 2) the original
cohort of model construction including Chinese; moreo-
ver, this model can be used in Chinese population CVD
risk estimation. For the validation papers, both stud-
ies that validated prediction models only in the Chinese
population and published validation data containing Chi-
nese were included. The type of model presentation was
not limited. Additionally, two or more presented model
types yielding the same predictor-outcome associations
with some baseline hazard or risk estimate were consid-
ered as one model.
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We excluded articles without a defined end-point
and describing models for predicting the risk of venous
disease or stroke alone; validation articles with a cross-
sectional study design that, for instance, compared pre-
dicted risks of two different models at one time point
without any association with actual CVD outcomes;
carotid endarterial plaque detected by carotid ultrasound
was used as a surrogate of CVD end point event in the
studies; studies reporting on the incremental value of
one or more new predictors to existing models [9] and
investigating a single predictor [21]; and articles describ-
ing models developed from or validated exclusively in
specific populations, such as patients with diabetes, with
HIV, with atrial fibrillation, or undergoing any cardiac
surgery.

Screening process

Initially, pairs of two trained reviewers (Guo ZT and
Tang JY) independently screened retrieved records for
eligibility on the title and subsequently on the abstract.
Then, the full text of the remaining studies was obtained.
The same two reviewers examined potentially relevant
studies according to the predetermined eligibility crite-
ria. Disagreements were resolved by discussion with an
advisor (Zhang YP).

Data extraction

The eligible articles were categorized into two groups:
development articles and external validation articles. A
standardized electronic form followed by the checklist
for appraisal and data extraction for systematic reviews of
prediction modelling studies (CHARMS checklist) [22]
was constructed to facilitate the data extraction process
(Table S2). Information extracted from studies describ-
ing model development included study design, location,
cohort information, prediction horizon, predicted out-
come, predictors, modelling method, method of internal
validation, the number of study participants and CVD
events, model presentation (e.g., regression equation or
risk chart) and predictive performance.

For studies describing external validation of a predic-
tion model, we extracted the study design, prediction
model, cohort information, predicted outcome(s), predic-
tion horizon, the number of study participants, observed
and expected CVD events, and the models predictive
performance before model recalibration. If an article
described multiple models or validated them in differ-
ent cohorts, we carried out separate data extraction for
each model or cohort. We sought clarification from the
authors using email communication if important infor-
mation was missing. In addition, for prediction models
with a time-to-event outcome, it is important to note that
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the extracted values for observed events should be based
on Kaplan—Meier estimates [23].

One reviewer (Guo ZT) screened the full-text articles
and extracted data from the included studies. A second
reviewer (Han HY) checked the exact items. For any disa-
greements, a third (Zhang YP) reviewer was involved in
reaching a consensus.

Critical appraisal

We adopted PROBAST to assess the risk of bias from 4
aspects: participants, predictors, outcome and analy-
sis, which can cause distorted estimation of a prediction
model’s performance; in addition, PROBAST can also
evaluate the applicability of a prediction model [22, 23].
The signalling questions were answered as yes, probably
yes, probably no, no and no information. The results of
risk of bias had 3 potential outcomes: low, high or unclear
risk of bias. A positive answer suggests no risk of bias.
Two reviewers (Tang JY, Yu QF) independently assessed
the methodological quality (risk of bias) and applicability
of the included studies. If there were any disagreements,
they were resolved by discussion and consultation with
an advisor (Jin JF) to reach a consensus.

Reliability and clinical usability of available models
Reliability was defined using the following criteria: 1)
models validated externally in a separate investigation/
paper, 2) C statistic >0.70 [24], and 3) overestimated/
underestimate rate lower than 100% [25]. For reli-
able models, clinical usability was assessed by 4 items:
1) 10 predictors or fewer, 2) no more than one medical
resource needed, 3) full equation or risk chart reported
and 4) availability of an online calculator [24, 26]. All eli-
gible models included were evaluated. The mean C sta-
tistic and summarized overestimated/underestimate rate
were used when more than one validation was reported.

Statistical analysis

The pooled c-statistic and OE ratio was performed by
meta-analysis for each prediction model. For those arti-
cles that did not report the OE ratio, we calculated or
estimated it through other data listed in the papers using
the equations recommended by Debray et al. [20] Addi-
tionally, some studies validated cohorts shorter than
10years in which these models were initially designed to
predict 10-year CVD events; we extrapolated observed
event risk (P,) and expected event risk (Pg) separately to
10years using the equation based on Poisson distribution,
and observed 10-year cumulative events were calculated
through Kaplan—Meier estimates [20, 23]. Furthermore,
we stratified the meta-analysis by model and gender.
Based on previous recommendations [23], random-effect
models with restricted maximum likelihood estimation
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for the pooled C statistic, OE ratio, and approximate 95%
prediction intervals were used.

We investigated the heterogeneity among the included
studies through sensitivity analysis. Several prespecified
sensitivity analyses were performed in which we investi-
gated the influence of risk of bias and case-mix difference
(e.g. ethnic group, age range and alternative estimated
OE methods) on our findings (Supplementary file). All
analyses were implemented in R version 3.10 (R Core
Team, Vienna, Austria) using the package metamisc [23].

Results

Study selection and characteristics

The search strategy identified 55,183 records, of which
26,608 duplicated records and 2983 animal model or
in vitro model studies were excluded; then, 25,592
records were screened based on the title and abstract.
Two hundred sixty-two records were identified via other
methods. In total, 472 full texts were assessed for eligi-
bility, of which 22 studies were included in this review
(Fig. 1). Twelve studies [13, 15-18, 27-33] described
the development of one or more CVD risk prediction
models, and 10 articles [11, 12, 14, 25, 34—39] especially
concerned the external validation of one or more risk
models. Frequently, four studies [13, 15, 16, 33] described
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combinations of derived or external validation; therefore,
the total number does not sum up to 22. Twenty (90.9%)
of the eligible articles were published in English, and 2
reports were written in Chinese.

Risk of bias

Most studies were deemed to be of low risk for partici-
pant selection and predictors of risk bias. In the outcome
domains, the majority of studies reported outcome defi-
nitions using ICD codes or WHO criteria, while few stud-
ies did not report the outcome definition details. More
than half of the validations scored a high risk of bias due
to the inadequate handling of missing data. Seven studies
scored high concerns of applicability according to inap-
propriate inclusion criteria, subjectively defined predic-
tors and unclear outcome definitions. A summary of the
risk of bias analysis is shown in Fig. 2.

Development of prediction models

Ten models were formed in 10 distinct papers [13, 15, 17,
18, 27-31, 33], and two articles reported more than two
models [16, 32]. Of these, 11 models were developed in
the cohort from one region of China (e.g., Beijing, Zhe-
jiang or China Taiwan); there were 7 models derived
based on a multicentre cohort including more than two

{ Identification of ies via and registers ] [ Identification of studies via other methods ]
. . . Records identified from:
c Records identified from: . Records identified from
g Databases (n = 55183) Records removed before screening: review Damen et al.(n =
s PubMed=26720; Duplicate records removed (n = 212 :
& Embase=8183; Web of > 26608) ; i
E science=7356; Scopus=4557; Records removed for other zizgr:j:v;gizh(?]eg f7r)° m
Q =, . = . * = -
k-] CINAHL=4064; CNKI=1581; reasons* (n = 2983) Citation searching (n = 35)
Wangfang=1453; CBM=1269 Open Grey (n = 0)
Google Scholar (n = 8)
— I
Records screened Records excluded by two authors
—>
(n = 25592) (n =25094)
2 Reports sought for retrieval > Ref°2’165 not retrieved Reports sought for retrieval Reports not retrieved
£ (n=498) (n=26) (n=262) (n = 236)
g
Reg orts exclgded: ign (n =115) Reports excluded:
Reports assessed for eligibility . ross sectional design (n =115 Reports assessed for eligibility - .
(n=472) Not Chinese (n = 264) (n =26) Not Chinese (n =22)
Asian (n = 19) Duplicate records with left
Not prediction model study (n =47)
Letter (n = 3)
) Other reasons** (n = 2)
— A
3 o I
= Studies included in review (n = 22)
‘:’ Development only(n=8); Validation only(n=10); Development and Validation(n=4) "~
*Other reasons: animal model experiments including mice, rats, monkey, pig et al. or vitro model studies.
**Other reasons: one study protocol and one study without actual cardiovascular disease endpoint excluded.
Fig. 1 Flow diagram of selected studies
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provinces of mainland China (Table 1). In particular, the
PREDICT equation [30] was developed based on 400,000
primary care cohorts in New Zealand, including Chi-
nese or other Asian (10.15%) individuals. Fifteen (83.3%)
were sex-predictor models. Table 1 shows the year in
which the models were published. CVD prediction model
development began in 2003 [17], and the latest model
was published in 2021 [33]. Thirteen (72.2%) models were
published since 2010, while the recruitment year of the
cohort had a broad range from 1994 to 2014. The median
follow-up time ranged from 3years to 15.1years accord-
ing to the variation in the model prediction horizon. Ten
of the selected reports included population-based sam-
ples of the general population, whereas 2 studies included
people who underwent physical examinations [29] or
health management [18], and one study predicted CVD
risk for high-risk CVD people [32].

Predictors in the development papers

The number of predictors was 6—-22 [IQR: 6.75-11.25].
Age, smoking, sex, SBP, total cholesterol, diabetes,
BMI, and high-density lipoprotein were the most com-
monly used predictors in the development models.

However, lifestyle predictors (e.g., drinking, physical
activity, action capability) and ECG factors (e.g., heart
rate, abnormal electrocardiogram) were considered in
a few models. The incidence of fatal and nonfatal car-
diovascular events was defined in nine models, but the
definitions of these outcomes showed considerable het-
erogeneity (Table S3); two models from China Taiwan
used CVD death as the follow-up outcome [29, 31].
Fourteen models from eight studies predicted 10-year
CVD risk, while less than 5-year CVD risk was pre-
dicted in three models, and one model predicted life-
time CVD risk. A Cox proportional hazard regression
model was performed to model establishment in 10
articles. One article reported the random forest, clas-
sification and regression tree (CART), naive Bayes,
bagged trees, and AdaBoost methods. Nine (50.0%)
models provided full risk equations or risk sheets, in
which 2 studies also designed the online calculator
based on the risk equation. Regarding model perfor-
mance, the c-statistic or area under the receiver oper-
ating characteristic curve was reported in 11 studies.
The median c-statistic was similar at 0.77 [range: 0.67—
0.84] in men and 0.78 [range: 0.68-0.89] in women.
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The Hosmer—Lemeshow test was the most frequently
reported in model calibration, and 5 studies did not
report model calibration performance. Internal vali-
dation was conducted in 6 studies, most often using a
random split of the dataset. Only 2 models were vali-
dated in an external cohort.

External validation of prediction models

A total of 14 studies described 29 validations of 8 mod-
els (Supplementary Table 4). Four models were vali-
dated more than two times, including Pooled Cohort
Equations Goff 2013 (n=11 validations), China-PAR
2016 (n=6), Framingham D’Agostino 2008 (n=5)
and Framingham Wilson (n=2) (Table 2). Of the 8
validated models, three models were fully derived in
the cohort from China, and 5 models were outside of
China. All these models were validated in Chinese and
the area, including provinces from mainland China and
Hong Kong. Additionally, two studies validated the
model in Malaysian Chinese [34, 35] and one in Chi-
nese American [36]. The c-statistic was reported in all
the validation studies and ranged from 0.60 to 0.83.
While the observed/expected (OE) ratio was reported

Table 2 Characteristics of validations of included studies
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in a few studies, four studies only reported Hosmer—
Lemeshow test values.

Summary of the predictive performance of the externally
validated model

We quantitatively synthesized four models validated
more than once, and the performance of four models (i.e.,
WHO chart for East Asia [40], Asian risk model) that was
validated only one time is shown in Table S4.

Calibration

Figure 3 shows the summarized estimated calibration
of the three models across genders. For the PCE, we
excluded 3 validations using the PCE African American
model because the AHA guideline [41] advises using the
white model for Chinese people, and one validation did
not validate separately among genders. Thus, we quan-
titatively synthetized 7 validations using PCE white. The
PCE model showed overprediction in men and under-
prediction in women with a large range of prediction
intervals. For the Framingham D’Agostino model, the
number of observed events was lower than the number
of predicted events in men and vice versa in women.
However, the summarized prediction performance was
worst in Framingham Wilson (O/E ratio 0.27 for men and

Framingham Framingham PCE WHO charts Asian China-PAR® Risk model Risk model
for east Asia equation (Optimal)®  (Simplied)®
Wilson1998  D’Agostino2008 Stone2013 WHO2019  Asia2007 Yang2016  Wu2006 Wu2006
n=2 n=>5 n=11 n=22 n=1 n=6 n=1 n=1
Location of the validation cohorts
Single-province in 0 3 2 0 0 4 0 0
mainland China
Multi-province in 2 0 6 2 1 2 1 1
mainland China
China HongKong 0 1 1 0 0
Ethic Chinese 0 1 2 0 0
Participant age in the validation cohorts
Min, Median 30 30 35 40 30 35 35 35
Max, Median 75 74 79 80 75 74 59 59
Size of the Validation cohorts
Sample size, 27,901 7157 [438- 20,886 23,329 25,682 21,631 15,100 15,100
median[range] [25,682- 27,721] [425-70,838] [27,321- [3347-
30,121] 29,3371 70,838]
Eventsmedianfrange] 366 [191-542] 880 [45-3732] 622 1070 542 1209 347 347
[21-1493] [1045-1091] [190-3732]
Recruitment years of the Validation cohorts
<2000year 2 2 1 1 1 1
2001 ~2010year 0 2 5 0
>2010year 0 1 1 0

2 one validation for WHO lab and non-lab respectively; ® model derived in Chinese cohort
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Men
Framingham D"Agostino 2008
Huang2021 4 ] 0.67 [0.64 ; 0.70]
Lee2015{  m 0.73[0.60 ; 0.89]
Jiang2020 l 0.95[0.81;1.11]
Summary Estimate M 0.77[0.49 ; 1.21]
Prediction Interval 4 : . : 0.77[0.06 ;9.77]
0:0 2?5 5:0 7?5 16.0
PCE white
De Filippis2017{ ® : 0.24[0.139 ; 0.42]
Yang2016.2{ m: 0.60[0.557 ; 0.64]
Yang2016.1{ M: 0.65[0.570 ; 0.74]
Yang20161  m: 0.66 [0.602 ; 0.72]
Lee2015 n 0.91[0.738 ; 1.11]
Jiang2020 4 - - 1.95[1.660 ; 2.28]
Tang2019 - - 4.20 [3.840 ; 4.59)
Summary Estimate - |-<>—| 0.91[0.391 ; 2.11]
Prediction Interval { | ; { | 0.91[0.077 ; 10.74]
0 3 6 9
China-PAR
Yang2016 - - 0.85[0.75 ; 0.97]
Yang2016.1 4 - 0.89 [0.83 ; 0.96]
Jiang2020 - 0.95[0.81;1.12]
Tang2019 4 - 1.00[0.92;1.09]
Zeng2018 N 1.36[1.13;1.63]
Huang2021 - - 2.08[1.98;2.18]
Summary Estimate 4 I—()—' 1.13[0.79; 1.62]
Prediction Interval 4 [ . { | 1.13[0.41;3.15]
0 i 2 3
OE ratio
Fig. 3 Forest plots of the OF ratio in external validations

Women
Lee2015- W 1.02[0.7804 ; 1.32]
Huang2021 l 1.07[1.0345; 1.12]
Jiang2020{ W 2.06(1.7678; 2.39]
Summary Estimate 4 1.31[0.4962 ; 3.48]
Prediction Interval { : 1.31 [0.0046 ; 373.80]
0

100 200 300

De Filippis2017{ M 0.28 [0.149 ; 0.54]
Yang2016.2- i 1.11 [1.030; 1.19]
Yang2016 1.14[1.023; 1.28]
Yang2016.14 1 1.37 [1.177 ; 1.59]
Lee2015 4 . 1.44[1.071; 1.93]
Jiang20204 | = 3.34 [2.870 ; 3.88]
Tang20194 - 8.49 [7.940 ; 9.08]
Summary Estimate { k=] 1.57 [0.604 ; 4.09]
Prediction Interval { | ; { | 1.57[0.096 ; 25.60]
0 10 20
Tang2019 - n: 0.77[0.72 ; 0.83]
Yang2016 . 0.78[0.73 ; 0.84]
Yang2016.1 4 .’ 0.91[0.79 ; 1.06]
Jiang2020 - . 1.30[1.12;1.52]
Zeng2018 - —— 2.27[1.85;2.78]
Huang2021 = 3.12[3.00 ; 3.24]
Summary Estimate - l—-()—' 1.31[0.71 ;2.43]
Prediction Interval 4 ; : 1.31[0.23 ; 7.60]
0 2 4 6
OE ratio

0.50 for women) compared to other models, which was
not shown in the forest plot due to insufficient articles.
China-PAR, as a model derived in Chinese, underesti-
mated CVD risk in men and women with a relatively nar-
row range, similar to the 10-year risk prediction model of
ICVD by Wu et al. 2006.

Discrimination

The discriminative performance was similar among the
eight models. The performance was slightly better for
women than for men among the three pooled models

(Fig. 4). The pooled prediction performance was better in
models derived from Chinese or Asian populations than
in those from Western cohorts (Table S4).

Sensitivity analysis

Sensitivity analyses revealed no effect of study qual-
ity on the pooled performance of the models, both for
calibration and discrimination. The discrimination for
the PCE model decreased after excluding studies with
less than 10-year cohorts, while the China-PAR and
Framingham D’Agostino model showed no effect. We
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Men
) < .
Framingham D Agostino 2008
Huang2021 4 : [ ] 0.66 [0.649 ; 0.68]
Jiang2020 { - 0.74[0.695 ; 0.78]
Lee2015 4 —— 0.77[0.718 ; 0.82]
Summary Estimate —— 0.72[0.567 ; 0.84]
Prediction Interval { | | | 07210049 ;0.99]
0.00 025 050 075 1.00
PCE white
De Filippis2017 —a 0.63 [0.46 ;0.77]
Tang2019 i - 0.68[0.65 ; 0.70]
Lee2015 4 - 0.71[0.65;0.77]
Jiang2020 : - 0.73[0.68 ;0.77]
Yang2016.2 = 0.76 [0.74 ; 0.78]
Yang2016 - t - 0.76 [0.74 ; 0.78]
Yang2016.1 - 0.77[0.74 ; 0.80]
Summary Estimate KA 0.73[0.69 ; 0.77]
Prediction Interval § : | e | 0.73[0.62 ;0.82]
0.00 0.25 0.50 0.75 1.00
China-PAR
Tang2019 4 - 0.69 [0.66 ; 0.71]
Huang2021 4 [ 0.69 [0.67 ; 0.70]
Jiang2020 - 0.73[0.68 ; 0.77]
Yang2016.1 L] 0.79[0.78 ; 0.81]
Zeng2018 —— 0.81[0.76 ; 0.85]
Yang2016 - - 0.81[0.78 ; 0.84]
Summary Estimate - i =+ 0.75[0.69 ; 0.81]
Prediction Interval ] | —— | 0.75[0.55 ; 0.88)
0.00 025 0.50 075 1.00
C-statistic
Fig. 4 Forest plots of the c-statistic in external validations

Women
Huang2021 | | 0.69 [0.682 ; 0.70]
Jiang2020 4 - 0.76 [0.720 ; 0.80]
Lee2015 4 —— 0.79 [0.719 ; 0.84]

Summary Estimate

Prediction Interval 4

0.50 0.75

0.74 [0.601 ; 0.85]

0.74 [0.074 ; 0.99]

0.00 0.25
Tang2019 - 0.71[0.70 ; 0.73]
Jiang2020 - 0.74[0.69 ; 0.78]
Lee2015 4 —— 0.77 [0.68 ; 0.83]
Yang2016 4 - 0.78 [0.75 ; 0.81]
Yang2016.2 4 = 0.79[0.77 ; 0.80]
Yang2016.1 -- 0.79[0.75 ; 0.82]
De Filippis2017 4 —_—. 0.83[0.65 ; 0.93]
Summary Estimate - KA 0.76 [0.73 ; 0.79]
Prediction Interval - — 0.76 [0.67 ; 0.84]
0.‘00 0.‘25 0.150 0.'75 1.2)0
Tang2019 = 0.71[0.69 ;0.73]
Huang2021 - ] 0.71[0.70 ;0.72]
Jiang2020 4 - 0.73[0.69 ; 0.77]
Yang2016 - 0.81[0.77 ; 0.83]
Zeng2018 —- 0.81[0.76 ; 0.85]
Yang2016.1 - [ ] 0.83[0.81 ;0.84]
Summary Estimate =4 0.77[0.71;0.82]
Prediction Interval ] P 0.77[0.57 ; 0.89]
0.00 025 050 0.75 1.00
C-statistic

conducted sensitivity analysis for the PCE model after
distinguishing the ethics group of participants in vali-
dation studies, and the results showed no effect on cali-
bration but reduced discrimination after excluding the
American Chinese cohort. Considering that the model
performance may be influenced by the age range of the
included participants, we conducted sensitivity analy-
sis after excluding the study by Huang et al. [33] (the
lower limit was more than 10years higher, 50years vs.
35years). The results showed improved performance

both for calibration and discrimination, as shown in
Figs. S1, S2, S3 and S4.

Reliability and clinical usability of available models

All 23 models derived or validated in the Chinese popu-
lation were first assessed for reliability according to the
criteria mentioned before. Six models (26.1%) met these
criteria and were considered reliable (Table S5). Then,
these models were assessed for clinical usability through
4 aspects. The Framingham D’Agostino model and PCE
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had the highest usability score as they met all criteria.
China-PAR had high usability with an online calculator
with 11 predictors. Other models, such as WHO charts,
had higher usability than the Asian equation since the
risk chart was more convenient than the equation.

Discussion

Summary of evidence

Although many cardiovascular disease prediction models
have been developed at home and abroad [9, 10], none
of them systematically review the applicability and per-
formance of the model among the Chinese, which causes
some confusion in clinical practice. Our work comple-
ments this evidence from model development and exter-
nal validation aspects. Finally, twenty-two studies were
eligible, of which 18 models were developed, and 3 mod-
els also conducted external validation; 5 models were
derived from foreign countries validated in Chinese. The
Framingham and the PCEs are the most studied tools.
China-PAR has been externally validated most frequently
as one of the models derived from Chinese. Additionally,
the WHO lab or nonlab-based charts for East Asia and
Asia cardiovascular risk prediction tools were validated
only once. Discrimination was acceptable and similar for
men and women among these models. The calibration
estimates changed substantially from one population to
another. The China-PAR showed good calibration both in
men and women, while the Framingham Wilson model
showed serious overestimation. Five external models
were validated less than two times, so we could not com-
pare them and draw absolute conclusions.

Model development and validation

A number of studies developed new risk prediction mod-
els for cardiovascular disease in China, although 72.2% of
the models were published after 2015. As we know, most
models were developed in the European and Northern
American populations [9], and it is urgent and neces-
sary to construct a risk prediction model based on the
Chinese population to guide CVD prevention in China.
However, we found much variability in age range, predic-
tors, and predicted outcomes among development stud-
ies. With respect to the outcome definitions, we found
similar manifestations with whole risk prediction models
worldwide [9]. The heterogeneity of definition for fatal or
nonfatal CVD between studies was significant, while dif-
ferent definitions may lead to disparate estimated predic-
tion effects and consequently indicate various treatment
strategies based on these models [6]. Thus, this discour-
ages head-to-head comparisons or quantitative integra-
tions between studies, as well as clinical applications.
New studies reporting on prediction models should
adhere to the transparent reporting of a multivariable
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prediction model for individual prognosis or diagnosis
(TRIPOD) guidelines [42, 43] to guarantee uniformity.

We also found an exciting phenomenon that an
increasing number of risk prediction models derived
from international populations contain Chinese, for
instance, WHO risk charts based on 85 international
cohorts [40] and PREDICT equations developed for 182
countries [30]. This gave more options for CVD risk
prediction in China. However, the number of validation
studies in the Chinese population is not sufficient, and
we could not draw firm recommendation conclusions for
any of them. We advise that more validation studies exist
of these models to enrich the evidence.

In addition, internal and external validation are both
important for modelling studies. Approximately half of
the models conducted internal validation, whereas rare
external validations were conducted. This suggested that
we made a great effort to develop new models rather than
validate, tailor, and improve existing CVD risk predic-
tion models. In contrast, external validation is needed
to ensure the transportability of a prediction model.
Although two Chinese models were externally validated
in another Chinese cohort, CVD risk varies geographi-
cally, and the major contributing risk factors were differ-
ent across regions in China (i.e., a higher hypertension
ratio in northern China, lowest ratio of metabolic and
physical activity in northwestern China and lowest ratio
of smoking and alcohol in northeastern China) [44].
This means that one model derived from a single region
is imprecise for evaluating the real risk in another area.
Despite China-PAR being derived from two multiprov-
ince cohorts, it still overestimated the real risk of the
Inner Mongolia population or the elderly in the valida-
tion studies [33, 39]. However, pooled C statistics and
the estimated OE ratio indicated the good performance
of the China-PAR in China. This result indicates that
the China-PAR may be a better choice for CVD risk pre-
diction in China. Compared with the performance of
Framingham prediction models in previous studies [45],
we found similar results that both Framingham Wilson
and Framingham D’Agostino overestimate cardiovas-
cular disease risk. Furthermore, we also found that the
Framingham D’Agostino overestimated the cardiovascu-
lar disease risk in men and underestimated it in women.
This tendency was also found in PCE. Thus, the applica-
bility of these two models in clinical practice was limited
by their calibration.

In addition, the sensitivity analysis showed reduced dis-
crimination after excluding the American Chinese cohort
for the PCE model, and PCE derived from the multi-eth-
nic population could be a potential reason. We extrapo-
lated the OE ratio to 10years using the equation based
on Poisson distribution [20] for studies with a prediction
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horizon less than 10years, and sensitivity analysis was
performed after excluding these extrapolated studies
to clarify this estimation on the pooled performance of
these models. The results indicated that the characteris-
tics of the validation cohort should be comparable with
the derived cohort to improve the accuracy of prediction.

Implications for clinical practice

A number of guidelines have recommended that car-
diovascular prevention and treatment be based on risk
assessment [41, 46]. The clinical usability of the risk
prediction model requires not only acceptable exter-
nal validation performance but is also easy to use, such
as the accessibility of predictors and the availability of a
full regression equation or online calculators [24]. How-
ever, there are no well-established reliability and clini-
cal usability evaluation tools for prediction models. We
designed three criteria for reliability and four criteria for
clinical usability according to expert consultation based
on previous studies by Baart S] et al. [24] and Barzi F
et al. [25]. Of all 23 models, only 6 (26.1%) models met
the reliability criteria. When further evaluated for clini-
cal usability, only the Framingham D’Agostino and PCE
models met all criteria, rendering them more appealing
for clinical practice. The China-PAR model derived from
the Chinese population was recommended by several
Chinese CVD prevention guidelines and met all crite-
ria apart from fewer than 10 predictors (11 predictors).
Future research should focus on externally validating
these three models or tailoring these models to local set-
tings to gain better prediction performance.

Limitations

This study has several limitations. First, we had to rely
on the reports of authors for primary validation stud-
ies, and therefore we had to exclude relevant validations
from the final meta-analysis because we could not obtain
unreported information from the authors. We excluded
two validations in the pooled performance analysis of the
Framingham model and one validation of the PCE model,
which makes it difficult to argue whether the predictive
performance of models will change or not when all vali-
dations are included. Second, the number of observed
and expected events and the total participant numbers
were needed to estimate the pooled OE ratio. Two vali-
dations only reported bar charts of predicted or actual
events by 10 deciles of predicted risk. We had to infer
the OE ratio of each decile through the prediction chart
without proofreading the authors. Furthermore, we per-
formed a sensitivity analysis for China-PAR to verify
the stability of the results when excluding those inferred
validations. The same analysis was not conducted in the
Framingham D’Agostino model because of the lower
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number of validations. Third, we did not perform meta-
regression analysis to explore potential heterogeneity fac-
tors for each model due to the limitation of the number
of validation studies. Generally, at least 10 reports were
needed for meta-regression to obtain valid results [20].
Thus, we investigated the heterogeneity through prespec-
ified sensitivity analyses investigating the influence of risk
of bias and case-mix difference on our findings. Fourth,
we initially evaluated reliability and clinical usability for
available models based on criteria designed based on pre-
vious publications and expert consultation owing to the
lack of well-established tools reported. This may affect
the assessment accuracy and requires further study. Fifth,
we did not search the publications in languages apart
from English and Chinese because of limited resources,
which may lead to potential bias for the study findings.

Conclusions

In conclusion, there is an increasing trend for cardiovas-
cular disease prediction models developed and validated
in the Chinese population, but the validation study was
still insufficient. Only the pooled estimated calibration
and discrimination of Framingham D’Agostino, PCE
and China-PAR were calculated due to the insufficient
number of validated model studies, of which China-PAR
showed better performance than the other two models.
Thus, the usefulness of most CVD prediction models
remains unclear due to incomplete external validation
and head-to-head comparison based on current search
strategies. Future research should focus on externally val-
idating or tailoring these models to local settings.
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