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Aims Risk prediction models (RPMs) for coronary artery disease (CAD), using variables to calculate CAD risk, are po-
tentially valuable tools in prevention strategies. However, their use in the clinical practice is limited by a lack of
poor model description, external validation, and head-to-head comparisons.

...................................................................................................................................................................................................
Methods
and results

CAD RPMs were identified through Tufts PACE CPM Registry and a systematic PubMed search. Every RPM was
externally validated in the three cohorts (the UK Biobank, LifeLines, and PREVEND studies) for the primary end-
point myocardial infarction (MI) and secondary endpoint CAD, consisting of MI, percutaneous coronary interven-
tion, and coronary artery bypass grafting. Model discrimination (C-index), calibration (intercept and regression
slope), and accuracy (Brier score) were assessed and compared head-to-head between RPMs. Linear regression
analysis was performed to evaluate predictive factors to estimate calibration ability of an RPM. Eleven articles con-
taining 28 CAD RPMs were included. No single best-performing RPM could be identified across all cohorts and
outcomes. Most RPMs yielded fair discrimination ability: mean C-index of RPMs was 0.706 ± 0.049, 0.778 ± 0.097,
and 0.729 ± 0.074 (P < 0.01) for prediction of MI in UK Biobank, LifeLines, and PREVEND, respectively. Endpoint in-
cidence in the original development cohorts was identified as a significant predictor for external validation
performance.

...................................................................................................................................................................................................
Conclusion Performance of CAD RPMs was comparable upon validation in three large cohorts, based on which no specific

RPM can be recommended for predicting CAD risk.
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Introduction

Coronary artery disease (CAD) is the leading cause of mortality glo-
bally, causing nearly 16% of all deaths worldwide.1 The lifetime risk
for developing CAD for 40-year-olds is 49% in men and 32% in
women, as demonstrated by the Framingham Heart Study.2

International guidelines on primary prevention of CAD recommend
treating cardiovascular risk factors to reduce the risk of future CAD.3

Adequate risk stratification is essential to guide initiation of primary
and secondary preventive measures.4 Risk prediction models (RPMs),
estimating lifetime CAD risk from a set of predictive clinical variables,

are useful tools to guide cardiovascular risk management by
identifying individuals expected to benefit most from cardiovascular
risk management.4–6

Over the past decades, the number of published CAD RPMs has
increased exponentially. However, the majority of these RPMs lack
external validation by both the developing and independent
researchers. In addition, development and assessment of single RPMs
in a single cohort makes it difficult to directly compare performance
of different RPMs. The abundance of RPMs, the lack of external
validation, and missing head-to-head comparison between RPMs ob-
scure the view on which RPMs are most useful. Rather than keeping
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.on developing new models, existing RPMs should be directly com-
pared through external validation, in order to identify the best per-
forming models suitable for clinical application.5,7

The aim of the present study is to identify and externally validate
existing RPMs predicting CAD in the general population and to com-
pare their performance in three large independent cohorts.

Methods

Study design
In this retrospective study, we externally validated and directly compared
CAD RPMs identified through Tufts PACE CPM registry and a systematic
literature search. For validation purposes, three independent cohorts
from the general population were used: the UK Biobank, LifeLines, and
The Prevention of Renal and Vascular Endstage Disease (PREVEND) co-
hort studies. Study design and procedures have been extensively
described before.8–10 The UK Biobank database contains demographic
and medical history data of 502 536 participants aged 40–69 years from
the UK, who were recruited from 2006 till 2010. Long-term follow-up
was performed with the aim to investigate the association between envir-
onmental exposure or genetic predisposition and the development of
disease, including cardiovascular diseases.8 In the LifeLines biobank study,
167 729 inhabitants from the northern Netherlands were invited for visits
and questionnaires between 2006 and 2013, with participants aged
6 months to 93 years. Follow-up visits are scheduled every 5 years.
LifeLines aims to study environmental, phenotypic, and genotypic influen-
ces on the development of chronic diseases, including cardiovascular dis-
eases, and healthy ageing.10 The PREVEND community-based cohort
study assessed 8507 inhabitants from the Dutch city of Groningen to
study the association between presence of albuminuria and estimated
glomerular filtration rate with the development of cardiovascular out-
comes.9 Follow-up in PREVEND was performed up to 10.5 years. The
data underlying this article were provided by Lifelines, PREVEND and UK
Biobank. Data will be shared on request to the corresponding author
with permission of Lifelines, PREVEND and UK Biobank.

Data sources
First, Tufts PACE CPM registry was searched for RPMs using the general
population as primary index condition and myocardial infarction (MI) or
CAD as outcome.11 Additionally, PubMed was systematically searched
for studies describing RPMs not registered in the Tufts registry. Search
terms are provided in the Supplementary material online.

RPM eligibility
Studies describing the development of a multivariable RPM for CAD in a
prospective cohort study in the general population (>18 years) without
history of major cardiac disease were eligible for this study. Studies were
excluded if (i) the study was not published in the English language, (ii)
existing RPMs were compared or reviewed, (iii) the outcome was not ad-
equately specified, (iv) the outcome studied in the original paper included
non-cardiac endpoints (e.g., stroke, peripheral vascular disease), (v)
model variables were not available in at least two of the validation
cohorts, or (vi) insufficient data were provided in the article to rebuild
the model and model authors did not respond after two inquiries for
lacking data. If articles described the development of multiple models,
each individual model was evaluated for eligibility. Title-abstract screening
and full-text screening were performed to select eligible studies for final

analysis. For each eligible study, information regarding study design, model
variables, sample size, in- and exclusion criteria, definition of endpoints,
incidence of endpoints, follow-up time, exposure time, C-statistics, and
performance of an external validation in the original study was extracted.

Endpoint definition
For external validation, we adhered to the definition of the variables as
described in the original RPM studies as much as possible. Two endpoints
were used: MI and CAD, with CAD defined as MI, percutaneous coron-
ary intervention (PCI), or coronary artery bypass grafting (CABG). In the
UK Biobank cohort, MI was defined as ICD10 codes I21, I22, I23, and
I252, PCI as OPER codes K49, K50, and K75, and CABG as OPER codes
K40 through K46. In the LifeLines and PREVEND cohorts self-reported
outcomes were used.

Data analysis
RPM formulas were extracted from included studies and entered into
the web-based platform Evidencio (Evidencio BV, version 2.19,
Haaksbergen, The Netherlands) for validation purposes.12 In brief,
Evidencio offers free services to automatically convert RPM formulas
into standardized user-friendly digital calculators, promoting clinical
usage and integration in third party applications. In addition, it enables
researchers to efficiently perform R-based external validations of
RPMs.13 After allocation of anonymized data to corresponding RPM
variables, the platform generates multiple statistical and graphical out-
comes, including model discrimination, calibration, and composite per-
formance measures.

Discriminatory performance was described by C-indices with 95%
confidence interval (CI). Calibration of RPMs was evaluated by regression
analysis of estimated risk by RPMs and observed risk in validation cohorts.
Intercept and regression slopes are presented. Regression slope above 1
indicates underestimation of risk, regression slope below 1 indicates
overestimation. Overall model performance was described by the Brier
score. Mean values of C-indices, Brier scores, regression slopes, and re-
gression intercepts were compared with a one-way analysis of variance.
Models using unspecified left ventricular hypertrophy criteria were tested
with both the Cornell and Sokolow-Lyon criteria. Linear regression anal-
yses were performed to investigate potential predictors (sample size,
year of publication, and endpoint incidence in the original development
cohort) of calibration as reflected by the regression slope. An alpha
<0.05 was considered to indicate statistical significance. All analyses were
run using Evidencio, STATA (StataCorp, version 16.0, College Station,
USA) and GraphPad Prism (GraphPad Software Inc., version 8.4.2, San
Diego, USA).

Results

Identification of RPMs
Eleven potentially eligible studies were identified in Tufts PACE CPM
registry, whereas the PubMed search yielded 552 potentially eligible
studies. After excluding duplicates and screening studies for eligibility,
11 studies describing 28 RPMs were included in the final analysis.
Supplementary material online, Figure S1 describes the inclusion of
articles.
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Characteristics of original RPM studies
Basic characteristics of the included models are reported in Table 1.
The sample size of the original cohorts in which RPMs were devel-
oped varied from 2232 to 268 315 participants. The follow-up time
varied substantially between studies (5–16 years). Eight out of 11
(73%) studies reported the C-index as an outcome measure, and
only three (27%) RPMs were externally validated in the original
paper. Age, smoking, and gender were the most used variables (Table
2; Supplementary material online, Figure S2).

Model discrimination
The mean C-index of RPMs was 0.706± 0.049, 0.778± 0.097, and
0.729 ± 0.074 (P = 0.0021) for prediction of MI in UK Biobank,
LifeLines, and PREVEND, respectively. The mean C-index was
0.698 ± 0.053, 0.786 ± 0.097, and 0.754± 0.076 (P = 0.0002) for pre-
diction of CAD in UK Biobank, LifeLines, and PREVEND,
respectively.

In UK Biobank, the C-index of the best performing RPM to predict
MI was significantly higher compared to RPMs ranked 6th, 8th–10th,
15th, 19th, 20th, 22th till 28th (P < 0.05) (Figure 1A). For CAD, the C-
index of the best performing RPM was significantly higher than the
RPMs ranked 11th till 15th, as well as the models ranked 17th till
28th (P < 0.05) (Figure 1D).

In LifeLines, the C-index of the best performing RPM to predict MI
was significantly higher compared to the C-index of the 20 worst

performing RPMs (P < 0.05) (Figure 1B). For CAD, the C-index of the
best performing RPM was significantly higher than the five worst per-
forming RPMs (P < 0.05) (Figure 1E).

In PREVEND, the C-index (point estimate) of the best per-
forming RPM to predict MI was significantly higher compared to
the C-index of the seven worst performing RPMs (P < 0.05)
(Figure 1C). For CAD, the C-index (point estimate) of the best
performing RPM was significantly higher than all other RPMs
(P < 0.05) (Figure 1F).

Model calibration
For MI, the mean regression slope was 0.25 ± 0.20, 0.19± 0.18, and
0.43 ± 0.30 (P = 0.003) in UK Biobank, LifeLines, and PREVEND, re-
spectively (Figure 3). The mean intercept was 0.001± 0.003,
0.002± 0.014, and 0.010 ± 0.011 (P = 0.0039) for MI in UK Biobank,
LifeLines, and PREVEND, respectively. For CAD, the mean regres-
sion slope was 0.56 ± 0.49, 0.14 ± 0.14, and 0.98± 1.04 (P = 0.0001)
in UK Biobank, LifeLines, and PREVEND, respectively (Figure 3). The
mean intercept was 0.005 ± 0.007,�0.001 ± 0.005, and 0.075 ± 0.329
(P = 0.2563) for CAD in UK Biobank, LifeLines, and PREVEND,
respectively.

Overall performance
The mean Brier score was 0.018± 0.021, 0.029 ± 0.075, and
0.032± 0.014 (P = 0.450) for MI in UK Biobank, LifeLines, and
PREVEND, respectively (Figure 2A–C). The mean Brier score was

....................................................................................................................................................................................................................

Table 2 Baseline and follow-up characteristics of the validation cohorts

Variable UK Biobank (n 5 481 628)8 LifeLines (n 5 154 289)9 PREVEND (n 5 8035)10

Age (years) 56.8 ± 8.1 44.9 ± 13.4 48.2 ± 12.4

Gender (m) 213 296 (44.3) 63 101 (40.9) 3895 (48.5)

Body mass index (kg/m2) 27.4 ± 4.8 26.0 ± 4.3 26.0 ± 4.2

Smoking

Never 266 120 (55.5) 75 412 (48.9) 2423 (30.2)

Former 162 436 (33.7) 47 748 (30.9) 2845 (35.4)

Current 50 335 (10.5) 31 129 (20.2) 2746 (34.2)

HDL (mmol/L) 1.46 ± 0.38 1.49 ± 0.40 1.33 ± 0.40

LDL (mmol/L) 3.59 ± 0.86 3.24 ± 0.92 3.49 ± 0.97

Total cholesterol (mmol/L) 5.47 ± 1.12 5.09 ± 1.01 5.65 ± 1.13

Cholesterol-lowering medication 72 578 (15.1) 6737 (4.4) 208 (2.6)

Diabetes mellitus 23 303 (4.8) 3475 (2.3) 113 (1.4)

Hypertension 132 886 (27.6) 30 738 (19.9) 2340 (29.1)

Systolic blood pressure (mmHg) 133 ± 18 125 ± 15 128 ± 20

Diastolic blood pressure (mmHg) 82 ± 9 74 ± 9 74 ± 10

ECG-LVH

Cornell 892 (4.7) 2111 (1.4) 357 (4.4)

Sokolow-Lion 735 (3.9) 6403 (4.2) 610 (7.6)

Antihypertensive medication 96 109 (20.0) 13 110 (8.5) 921 (11.5)

Outcomes

MI 5480 (1.1) 480 (0.3) 233 (2.9)

CAD 15 140 (3.1) 641 (0.4) 442 (5.5)

Continuous data are presented as mean ± standard deviation, categorical data as number (percentage).
CAD, coronary artery disease; ECG-LVH, electrocardiogram-confirmed left ventricular hypertrophy; HDL, high-density cholesterol; LDL, low-density cholesterol; m, male; MI,
myocardial infarction.
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0.030 ± 0.021, 0.028± 0.075, and 0.045± 0.006 (P = 0.302) for CAD
in UK Biobank, LifeLines, and PREVEND, respectively (Figure 2D–F).

Relationship between RPM study
characteristics and model calibration
For MI, increased endpoint incidence in the development cohort
was associated with decreased regression slopes in UK Biobank
(b�2.11, 95% CI�3.23,�1.00, P = 0.001) and PREVEND (b�2.42,
95% CI �4.31, �0.54, P = 0.014), indicating increased overesti-
mation of MI risk with increased endpoint incidence. For CAD,

findings were similar as for MI (Supplementary material online, Table
S4). Higher publication year of the original study and increased sam-
ple size of the discovery cohort was associated with decreased re-
gression slopes for MI and CAD in UK Biobank and for CAD only in
PREVEND (Supplementary material online, Table S4).

Discussion

The aim of the present study was to externally validate existing RPMs
for prediction of CAD risk and compare their performance
head-to-head, in order to further clarify potential differences in

Figure 1 C-indices for every RPM in the three cohorts with outcomes MI and CAD. (A) results in UK Biobank for MI, (B) results in LifeLines for out-
come MI, (C) results in PREVEND for outcome MI, (D) results in UK Biobank for CAD, (E) results in LifeLines for CAD, (F) results in PREVEND for
CAD. CAD, coronary artery disease; CERT, Cardiovascular Event Reduction Tool; Co, Cornell; DBP, diastolic blood pressure; EU, European; FHS,
Framingham heart Study; LDL, low-density cholesterol; MI, myocardial infarction; SBP, systolic blood pressure; SL, Sokolow-Lion; TC, total choles-
terol; US, United States.
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.predictive performance of RPMs in primary prevention of CAD. We
performed external validation of RPMs in three large independent
cohorts, effectively using a validation cohort of nearly 650 000
participants without baseline CAD. We identified 11 studies report-
ing on development of 28 RPMs predicting MI or incident CAD. The
majority of RPMs showed fair discrimination and calibration for MI
and CAD in all three cohorts. No single RPM performed consistently
better across all cohorts compared to other RPMs.

An abundance of RPMs predicting CAD exist due to wide availabil-
ity of clinical data from large-scale cohort studies, increased attention
being paid to predictive algorithms, and the urge to publish scientific
articles. Unfortunately, many studies reporting on development of
RPMs lack adequate methodology, appropriate reporting and/or ex-
ternal validation by developing and independent authors.7 In addition,
to our knowledge, no studies comparing RPMs for identical out-
comes within the same cohorts have been performed so far. The
large number of reported RPMs, uncertainty regarding model

robustness and generalizability in the absence of external models vali-
dations, and the lack of head-to-head comparisons between models
impedes selection and implementation of the best performing RPMs
in clinical practice.5,25 To our knowledge, we are the first to inde-
pendently investigate and directly compare model performance of
numerous CAD RPMs though external validation in three large popu-
lation-based cohorts.

We assessed several indicators of RPM performance.26 Overall, C-
indices found in the present study indicated moderate-to-good dis-
crimination for most RPMs. However, evaluation of the C-index
alone can easily overestimate RPM performance.27 The C-index
reflects the probability that a subject who experiences an event has a
higher risk estimate compared to a subject who did not experience
an event. In a general unselected population, chance of adequately
predicting low risk is high due to the low incidence of the endpoint.
This might thrive high C-indices, while this does not reflect accurate
individual risk prediction by RPMs. Consequently, additional model

Figure 2 Brier scores for every RPM in the three cohorts with outcomes MI and CAD. (A) results in UK Biobank for MI, (B) results in LifeLines for
outcome MI, (C) results in PREVEND for outcome MI, (D) results in UK Biobank for CAD, (E) results in LifeLines for CAD, (F) results in PREVEND
for CAD. CAD, coronary artery disease; CERT, Cardiovascular Event Reduction Tool; Co, Cornell; DBP, diastolic blood pressure; EU, European;
FHS, Framingham heart Study; LDL, low-density cholesterol; MI, myocardial infarction; SBP, systolic blood pressure; SL, Sokolow-Lion; TC, total chol-
esterol; US, United States.
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performance measures are highly recommended to ensure adequate
allocation of individuals to further treatment or conservative manage-
ment based on risk stratification, preventing under- or
overtreatment.28

We additionally assessed the agreement between estimated and
observed risk (i.e. calibration) to evaluate the ability of RPMs to cor-
rectly estimate probabilities of events. Overall, we observed that
CAD risk was overestimated by RPMs, as indicated by mean regres-
sion slopes below 1 in all three cohorts. This is in line with previous
literature, with a large randomized controlled clinical trial reporting
overestimation of risk by the SCORE in comparison to coronary ar-
tery calcification as shown by cardiac computed tomography.29

In the present study, we also studied predictors of agreement
between observed and estimated risk and found that increased
endpoint incidence in the original RPM development cohort is
associated with increased overestimation of risk by RPMs.
Interestingly, one RPM showed good discriminatory perform-
ance in Lifelines, while performing significantly worse compared
to other RPMs in UK Biobank and PREVEND.17 This RPM was
developed in a cohort with a relatively high incidence of the end-
point. Since the absolute number of events is low in the general
unselected population, the better discriminatory performance of
this RPM is driven by the relatively higher number of adequately
labelled high-risk cases, at the cost of a relatively low number of
inadequately labelled low-risk cases when endpoint incidence is
very low, as is the case in Lifelines. A regression slope very close
to zero was observed for this RPM in LifeLines, indicating sub-
stantial overestimation of risk, which is undesirable because of
the risk of overdiagnosis. This underlines the importance of ex-
ternal validation of RPM performance in separate cohorts with
differing incidences of predicted outcome to evaluate robustness
of RPMs. When developing and applying RPMs, the target popu-
lation and intended use should be taken into careful
consideration.

We did not identify RPMs that consistently performed best across
all three cohorts when compared to other RPMs. This suggest that
development of new RPMs in the same fashion as before will not
lead to new RPMs outperforming currently existing RPMs and that
priority might be safely given to further implementation of common-
ly known and currently widely deployed RPMs for primary preven-
tion, such as the FHS and SCORE. Final conclusions can be drawn
after further evaluation of RPMs clinical utility by decision curve ana-
lysis.30 Potential for substantial improvement in RPMs performance
might lie in integrating artificial intelligence-algorithms to automatic-
ally validate and recalibrate RPMs.7 Indeed, dynamic modelling
involves continuous updating of models when new data becomes
available, for example from coupling with electronic patient files.
The new data leads to recalibration of the model, hereby decreasing
the time between development of the model and its time of use.
Rather than developing new RPMs, model updating allows for con-
tinuous and automated adaptation of existing RPMs to recent infor-
mation.7,31 In addition, recalibration of existing RPMs specific for the
intended target population might improve model performance with-
out a need to develop new RPMs. We did identify some RPMs that
performed significantly worse across all three validation cohorts,
suggesting that these models should not be used in clinical practice,
depending on the population used.

The variables used in the models were similar to a large extent.
Age, smoking, gender, and blood pressure/hypertension were used in
the majority of RPMs, in line with current knowledge on traditional
modifiable and non-modifiable risk factors for CAD.25,32

Interestingly, established risk factors such as diabetes mellitus, low-
density lipoprotein, and body mass index were used in a minority of
RPMs. Yet, the prevalence of CAD in diabetics has been estimated at
more than 20%.33 This raises the question whether development of
new or updating of existing RPMs should involve exploration of the
value of diabetes mellitus as a variable. Relatively novel risk factors
such as plasma concentrations of C-reactive protein, interleukins,
microalbuminuria, and genetic markers were not frequently used.34

Moreover, proven lifestyle factors such as grip strength and walking
pace were not included in RPMs.35,36

Nearly all RPMs included gender as an independent variable with
corresponding weighing to estimate risk. As such, we were unable to
investigate gender-dependent differences in RPM performance, be-
cause gender is already accounted for in the RPMs and exclusion of
this variable from the model would therefore seriously undermine
validity of the original RPMs. In our literature search, we did not iden-
tify RPMs designed for males and females specifically. To further im-
prove RPM performance, gender-specific selection and weighing of
variables could be considered.

Many articles describe a basic RPM, as well as several submodels
that have some differences in variables or methodology applied. We
showed that submodels did not improve discrimination and calibra-
tion. This raises the question whether development of submodels is
useful or only obscures vision on usefulness of separate RPMs.

Clinical implications
Advantages of RPMs include their low costs, easy use and non-inva-
siveness. RPMs are therefore important tools in primary prevention
of MI and CAD. However, there is an abundance of RPMS available

Figure 3 Regression slopes for every RPM in the three cohorts
with outcomes MI and CAD. CAD, coronary artery disease; MI,
myocardial infarction.
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and ambiguity on RPM performance in different populations exists.37

Primary care doctors are reported to be insecure about which RPM
to use and whether older scores should continue to be used.38 For
these reasons, implementation of systematic risk counselling in clinic-
al practice is suboptimal. In addition, our data show that RPMs tend
to overestimate the risk of future MI and CAD, especially in low-risk
populations. Overestimation of risk might lead to unnecessary treat-
ments with risk of adverse effects, which is undesirable in a primary
preventive setting. Improved strategies, including dynamic modelling
should be developed to enhance implementation of systematic RPM
use or RPM-based population-screening.

Strengths and limitations
We used three independent population-based cohorts from two
different European countries with large sample sizes. In addition,
we used identical prespecified outcomes for comparisons between
all RPMs, allowing for head-to-head comparison. Furthermore, the
relatively large number of different RPMs evaluated allowed us to
even study predictors of RPM performance. Most RPMs are devel-
oped to predict the occurrence of CAD in a certain time frame
(exposure time), usually 10 years. We decided not to incorporate
the exposure time in the validations, as this would have decreased
power. This may have led to an over- or underestimation of the
endpoint incidence in development and validation cohorts.
However, this does not influence comparisons between RPMs, as
this is consistently and equally present for all RPMs across all three
cohorts. Data were missing in the validation cohorts for some vari-
ables of some RPMs, decreasing the number of participants used
for validation of these RPMs. We decided not to impute values, as
we chose to minimize bias and increase representativeness of
results.

The current study evaluated RPMs for incident CAD in the general
population. For future research, it may be worthwhile to also investi-
gate RPMs predicting recurrences of CAD events, such as the
EUROASPIRE risk calculator.39

Conclusions

We identified 11 articles containing 28 RPMs predicting CAD in the
general population. External validation in the UK Biobank, LifeLines,
and PREVEND cohorts yielded comparable moderate-to-good dis-
crimination and calibration for most RPMs, indicating that no single
best-performing RPM could be distinguished. RPM performance was
found to depend on endpoint incidence in the original development
and validation cohorts, underlining the importance of external valid-
ation in multiple independent cohorts to evaluate RPM robustness
and generalizability, in addition to careful consideration of the target
population and intended use when developing RPMs.

Supplementary material

Supplementary material is available at European Journal of Preventive
Cardiology online.
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