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Summary
Background Coronary artery disease (CAD) comprises one of the leading causes of morbidity and mortality both in the
European population and globally. All established clinical risk stratification scores and models require blood lipids
and physical measurements. The latest reports of the European Commission suggest that attracting health pro-
fessionals to collect these data can be challenging, both from a logistic and cost perspective, which limits the use-
fulness of established models and makes them unsuitable for population-wide screening in resource-limited settings,
i.e., rural areas. Therefore, the aim of this study was to develop and externally validate a questionnaire-based risk
stratification model on a population scale at minimal cost, i.e., the Questionnaire-Based Evaluation for Estimating
Coronary Artery Disease (QUES-CAD) to stratify the 10-year incidence of coronary artery disease.

Methods Cox proportional hazards (CoxPH) and Cox gradient boosting (CoxGBT) models were trained with 10-fold
cross-validation using combinations of ten questionnaire variables on the White population of the UK Biobank
(n = 448,818) and internally validated the models in all ethnic minorities (n = 27,433). The Lifelines cohort was
employed as an independent external validation population (n = 97,770). Additionally, we compared QUES-CAD’s
performance, containing only questionnaire variables, to clinically established risk prediction tools, i.e.,
Framingham Coronary Heart Disease Risk Score, American College of Cardiology/American Heart Association
pooled cohort equation, World Health Organization cardiovascular disease risk charts, and Systematic Coronary
Risk Estimation 2 (SCORE2). We conducted partial log-likelihood ratio (PLR) tests and C-index comparisons
between QUES-CAD and established clinical prediction models.

Findings In the external validation set, QUES-CAD exhibited C-index values of CoxPH: 0.692 (95% Confidence
Interval [CI]: 0.673–0.71) and CoxGBT: 0.699 (95% CI: 0.681–0.717) for the male population and CoxPH: 0.771
(95% CI: 0.748–0.794) and CoxGBT: 0.759 (95% CI: 0.736–0.783) for the female population. The addition of
measurement-based variables and variables that require a prior medical examination (i.e., insulin use, number of
treatments/medications taken, prevalent cardiovascular disease [other than CAD, and stroke diagnosed by a
doctor]) and the further addition of biomarkers/other measurements (i.e., high-density lipoprotein [HDL]
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Groningen, Netherlands.

E-mail address: m.kokkorakis@umcg.nl (M. Kokkorakis).
mShared first authorship.
nShared last authorship.

www.thelancet.com Vol 111 January, 2025 1

Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
mailto:m.kokkorakis@umcg.nl
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ebiom.2024.105518&domain=pdf
https://doi.org/10.1016/j.ebiom.2024.105518
https://doi.org/10.1016/j.ebiom.2024.105518
https://doi.org/10.1016/j.ebiom.2024.105518
http://www.thelancet.com


Articles

2

cholesterol, total cholesterol, and glycated haemoglobin) did not significantly improve QUES-CAD’s performance in
most instances. C-index comparisons and PLR tests showed that QUES-CAD performs and fits the data at least as
well as the clinical prediction models.

Interpretation QUES-CAD performs comparably to established clinical prediction models and enables a population-
wide identification of high-risk individuals for CAD. The model developed and validated herein relies solely on ten
questionnaire variables, overcoming the limitations of existing models that depend on physical measurements or
biomarkers.

Funding University Medical Center Groningen.

Copyright © 2024 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

Keywords: Coronary artery disease; Machine learning; Data-driven prediction; Risk stratification; Discriminative
abilities; Population screening
Research in context

Evidence before this study
Coronary artery disease (CAD) is a highly prevalent condition
and comprises one of the leading causes of morbidity and
mortality both in the European population and globally. All
clinical risk scores and models require data from laboratory
analyses (blood lipids) and physical measurements (among
others, blood pressure). This is a considerable burden since,
according to the latest reports from the European
Commission, attracting and obtaining health professionals
to collect these data can be challenging, both from a logistic
and cost perspective, limiting the usefulness of the currently
available models, especially for population-wide risk
stratification in resource-limited settings, i.e., rural areas.
Additionally, even though Europe is becoming increasingly
ethnically diverse, there is insufficient validation of the
clinical risk prediction models among ethnic minorities of
European cohorts, which present higher rates of
conventional CAD risk factors, differing treatment response

rates, excess CAD-related morbidity, mortality, and overall
poor quality of life.

Added value of this study
Questionnaire-Based Evaluation for Estimating Coronary
Artery Disease (QUES-CAD) is a novel Machine Learning
questionnaire-based risk stratification tool that forecasts the
10-year incidence of CAD and performs comparable to
established clinical risk scores, reflecting lifestyle choices,
medical history, and social determinants of health.

Implications of all the available evidence
QUES-CAD illustrated risk stratification abilities and performs
comparably to established clinical risk prediction tools, by
detecting high-risk groups in the population that experience
the highest incident rates of CAD, suggesting the potential
utility for population-wide screening and identification of
populations that might benefit from preventive interventions
in a cost-effective and scalable manner.
Introduction
Coronary artery disease (CAD) is the most common type
of heart disease and constitutes one of the leading
causes of death globally, with a prevalence of over 7%.1

In addition to its significant mortality, CAD is also
estimated to account for significant morbidity, ac-
counting for 182 million disability-adjusted life years in
2019 and disproportionately affecting ethnic minority
populations.2 Moreover, long-standing health in-
equalities and social disparities in Europe have widened
the gap in cardiovascular care, which consequently im-
pacts other disease outcomes.3,4 In detail, CAD is espe-
cially implicated as a concomitant condition and
complication in eminent cardiometabolic epidemics led
by obesity, type 2 diabetes, and metabolic dysfunction-
associated steatotic liver disease.5–11 Due to its subclini-
cal disease progression, CAD continues to pose a
significant challenge for health systems, which renders
crucial the need to propose effective policies to narrow
the aforementioned gap.12 Primary prevention and novel
large-scale population screening programs could help
reduce the premature mortality and burden associated
with CAD.12,13

Identifying traditional risk factors of CAD has led to
the development of scoring algorithms that stratify pa-
tients for the risk of incident CAD.14 Notably, several
risk assessment tools have reached clinical significance
and have been included to position themselves in the
current cardiovascular disease (CVD) prevention
guidelines.14 Specifically, the American Heart Associa-
tion (AHA) recommends using the Framingham Coro-
nary Heart Disease Risk Score (FRS) and the American
College of Cardiology/AHA pooled cohort equation
(ACC/AHA PCE) as first-line risk assessment tools for
www.thelancet.com Vol 111 January, 2025
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incident CVD.15,16 Even though ACC/AHA PCE are
currently the most widely recommended screening tool
by the AHA, the Predicting Risk of Cardiovascular
Disease Events (PREVENT) risk equations are now be-
ing introduced into practice as a potential replacement.17

Similarly, the European Society of Cardiology suggests
using Systematic Coronary Risk Estimation 2 (SCORE2)
for the same outcomes.18 Recently, revised World Health
Organization (WHO) cardiovascular disease risk pre-
diction models were developed, targeting global imple-
mentation, particularly in middle- and low-income
countries.19

A recent report on inequalities in access to healthcare
in 35 European countries identifies the inadequate
availability of services, particularly in rural areas, as a
major challenge.20 All the above-mentioned models
require data from laboratory analyses (blood lipids) and
physical measurements (systolic blood pressure).
Therefore, obtaining these data can sometimes be
challenging, both from a logistic and cost perspective,
limiting the use of these models for population-wide
risk stratification. Even though Europe is becoming
increasingly ethnically diverse, there is overall insuffi-
cient validation of the above prediction models among
ethnic minorities in European patient cohorts, which
present higher rates of conventional CAD risk factors,
differing treatment response rates, excess CAD-related
morbidity, all-cause mortality, and overall poor quality
of life.21–24 Hence, there is a need for accurate prognostic
tools that do not rely on physical or blood chemistry
data, can be deployed in a scalable and cost-efficient way,
and are validated in a large multi-ethnic population.25

This is particularly relevant in resource-limited set-
tings, while sex-specific CAD risk assessment models
have yet to receive the attention needed despite large
risk and performance differences between female and
male populations.

The aim of the current study is to develop and vali-
date prognostic questionnaire-based models to stratify
CAD risk (Questionnaire-Based Evaluation for Esti-
mating Coronary Artery Disease [QUES-CAD]) in two
independent European biobanks across various ethnic
populations.
Methods
Study population
The UK Biobank is the largest longitudinal population-
based cohort and includes 502,359 individuals aged
37–73 years recruited between 2006 and 2010, with
follow-up data until October 2022, ranging between 12
and 17 years after the initial assessment with a median
follow-up time of 14 years (Supplementary Fig. S1A).26

The Ethics and Guidance Council (http://www.
ukbiobank.ac.uk/ethics) oversees ethical practices for
the UK Biobank. Before enrolment, all individuals pro-
vided informed consent. Lifelines, here employed as a
www.thelancet.com Vol 111 January, 2025
validation cohort, is a multi-disciplinary prospective
population-based cohort study examining in a unique
three-generation design the health and health-related
behaviours of 167,729 persons living in the North of
the Netherlands. It employs a broad range of investi-
gative procedures in assessing the biomedical, socio-
demographic, behavioural, physical, and psychological
factors that contribute to the health and disease of the
general population, with a special focus on multi-
morbidity and complex genetics. Lifelines comprises
data from 168,205 people aged 0 to 93 years, gathered
between 2006 and 2013.27,28 Before enrolment, each
participant gave written informed consent. A detailed
summary of the gathered data can be found in the
respective feature catalogues: https://biobank.ndph.ox.
ac.uk/showcase/catalogs.cgi and https://data-catalogue.
lifelines.nl/. Follow-up times for Lifelines differ per in-
dividual, ranging between 0 and 15 years, with the
median follow-up time being five years (Supplementary
Fig. S1B).

In both study populations, we only included in-
dividuals aged ≥40 years.

Assessment of outcomes
In the UK Biobank, CAD diagnosis was assigned based
on ICD-9 codes (36, 410, 411, 412, 414, 429), ICD-10
codes (I21, I22, I23, I24.1, and I25.2), OPCS-4 codes
(K401, K402, K403, K404, K411, K412, K413, K414,
K451, K452, K453, K454, K45.5, K491, K492, K498,
K499, K502, K751, K752, K753, K754, K758, and K759),
and operation codes (UK Biobank field: 20004, codes
1070 and 1095); and “heart attack diagnosed by a doctor”
(UK Biobank field: 6150, code 1), while controls were
identified by the absence of all aforementioned di-
agnoses and procedure codes. Supplementary
Tables S1A and S1B provide the data associated with
the patient’s age at the time of diagnosis, which were
employed to calculate the years until diagnosis from the
initial assessment. In cases where multiple ages of
diagnosis were reported, the lowest reported age was
used. All cases diagnosed before their assessment centre
visit were then annotated as prevalent cases, while cases
diagnosed after their assessment were annotated as
incident cases.

In Lifelines, prevalent and incident CAD were an-
notated based on self-reported myocardial infarction
(assessments 1A, 1B, 1C, 2A, 3A, and 3B), percutaneous
coronary intervention (PCI) (assessments 1A, 1B, 1C,
3A, and 3B), and open self-reported diseases (1A, 1B,
1C, 2A, and 3A). The age of diagnosis was not asked
during follow-up; therefore, we estimated the age of
diagnosis for every incident case by taking the mean of
the age the participant had at the assessment reporting a
CAD diagnosis and the age of the participant at the
previous assessment.29

All participants diagnosed with CAD at baseline were
excluded from the datasets.
3
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Predictors
We used a data-driven approach to select the best pre-
dictive features. First, all categorical features were
transformed to one-hot encoding, maintaining their
numerical format. Due to the large number of candidate
features in the questionnaire pool, we performed a
priori feature selection, starting with an initial list con-
taining all features and sub-selecting those with an ab-
solute correlation greater than 0.01 to the target
outcome. Then, the final feature selection was per-
formed by iteratively extracting the top correlated
feature and removing its variance from the rest of the
features until ten variables were selected. To facilitate
external validation, we mapped the input features from
the UK Biobank to their associated or closest available
Lifelines feature (Supplementary Table S2). We inte-
grated these variables into the existing variable pool to
determine whether including physical measurement
and biomarker variables enhanced the model’s perfor-
mance. Subsequently, we conducted feature selection
and retrained the model to evaluate its performance
with the augmented feature set.

Model development
Using self-reported questionnaire features, we built sex-
specific risk stratification models for incident CAD
across all ethnicities of the UK Biobank and externally in
Lifelines. Self-reported ethnicity was extracted from the
UK Biobank, and participants were divided into six
different ethnicities (White, South Asian, Caribbean, East
Asian, Black, and Other) based on self-perceived ethnicity
(Supplementary Table S3). Models were trained on the
White population and tested on the Ethnic minorities and
Lifelines. Risk probabilities for White individuals them-
selves were obtained with 10-fold cross-validation.29 We
used the Python package lifelines (version 0.29.0) to train
Cox proportional hazards (CoxPH) regression models
with default settings as a baseline model. The time vari-
able was constructed as follows: for cases, the number of
years until the event since the baseline assessment was
used, while for controls, the years between the baseline
assessment and the maximum follow-up date of October
2022 was used unless the participant had deceased prior
to that point; in that case, the number of years from the
baseline assessment to the date of death was used.
Additionally, we trained Cox gradient boosting (CoxGBT)
survival models using the Python library scikit-survival
(version 0.23.0).30 During the training process, we sub-
sampled controls to two times the number of cases in
order to speed up training time. The parameters used for
training the gradient boosted survival models are
described in Supplementary Table S4.

To ensure consistency, all input features were nor-
malised prior to model training using a scaling refer-
ence generated on the training dataset by Sklearn’s
StandardScaler, which was then used to normalise fea-
tures of both training and test datasets.
Handling of missing data
To ensure that our model inputs were complete, we
excluded participants with missing values. This
approach was expected to provide more accurate model
performance since it avoids introducing potential biases
from imputed data. However, as this approach de-
creases the sample size and the group sizes of some UK
Biobank minorities are relatively small, we also trained
the models while imputing missing values based on the
train set using Sklearn’s iterative imputer. This
approach allowed us to perform the risk stratification
analysis (Kaplan–Meier analysis; described below) with
more subjects, though at the potential cost of reduced
discriminative accuracy.

Implementation of existing models
We validated FRS with and without laboratory parame-
ters, both laboratory and non-laboratory-based models
developed by the revised WHO cardiovascular disease
risk prediction approaches, the ACC/AHA PCE for
atherosclerotic cardiovascular disease risk estimation
score, as well as SCORE2.15,16,18,19,31

Risk probabilities for FRS and ACC/AHA PCE were
calculated using the R package Cvrisk (version 1.1.0).
For SCORE2 and WHO, risk probabilities were calcu-
lated as described elsewhere.18,19 We also included age as
a standalone predictor (as a reference point).

Statistical analysis
The discriminatory performance of the models was
evaluated by means of the concordance index (C-index)
with a 95% confidence interval (CI) using the survival
package (version 3.5.7). We performed partial log-
likelihood ratio (PLR) tests between our models and
the included existing models using the nonnestcox
package (version 0.0.0) to compare the goodness of fit of
the models, as well as C-index tests using the compareC
package (version 1.3.2) to compare the discriminatory
performance of the models. Significance thresholds
were adjusted using Bonferroni correction.

We performed a more in-depth comparison between
the QUES-CAD models and SCORE2. Typically, a
SCORE2 threshold of ≥10% risk is used to classify in-
dividuals aged 50–69 years into very high- and lower-risk
categories (https://www.escardio.org/Journals/E-Journal-
of-Cardiology-Practice/Volume-22/rapid-online-self-asses
sment-of-individual-risk-for-cardiovascular-events-in-a).
However, as some of the minority groups in the UK
Biobank are relatively small, we opted for a lower
SCORE2 cutoff of 0.075 (which is typically used to
identify individuals at very high risk aged 40–49 years) to
classify individuals into very high- and lower-risk groups
to increase the confidence of the statistical analysis in the
high-risk group. To ensure a meaningful, interpretable,
and fair comparison, we extracted the probability
thresholds for our models that returned the same group
size for the White ethnic group as SCORE2’s threshold of
www.thelancet.com Vol 111 January, 2025
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0.075 did. This approach accounts for differences in
model calibration, which reflect their development data-
sets and can skew direct comparisons at fixed probability
thresholds. By aligning group sizes, we ensured that
performance metrics, such as sensitivity and specificity,
reflected the models’ discriminatory capabilities rather
than calibration-driven differences. We used the survi-
valROC package (version 0.3.1) to calculate the time-
dependent sensitivity and specificity of our models for
stratifying 10-year CAD risk. Overall, the 10-year incidence
was estimated using the Kaplan–Meier method from
the survival package. Time-dependent positive predictive
value (PPV) and negative predictive value (NPV) were
derived from the sensitivity, specificity, and incidence
(Supplementary Table S5). 95% CI were calculated using
100 bootstraps. The R package ggsurvfit (version 1.0.0)
was used to visualise cumulative incidence over a 15-year
follow-up period. All statistical analyses were conducted
using R version 3.6.1 and for the model training analyses
Python version 3.9 was used.

Role of the funding source
The funder had no role in study design, data collection
and analysis, decision to publish, or preparation of the
manuscript.

Ethics
UK Biobank has approval from the North West Multi-
centre Research Ethics Committee (MREC) as a
Research Tissue Bank (RTB) approval. This approval
means that researchers do not require separate ethical
Fig. 1: A brief overview of the methodology used in this study. Abbrevia
Evaluation for Estimating Coronary Artery Disease; CoxPH, Cox proportion
com.

www.thelancet.com Vol 111 January, 2025
clearance and can operate under the RTB approval.
The Lifelines protocol was approved by the University
Medical Center Groningen Medical Ethical Committee
under number 2007/152. All participants signed an
informed consent form. No participants were re-
contacted during this project.

Results
Baseline characteristics
A brief overview of the methods is presented in Fig. 1,
and detailed baseline characteristics are shown in
Table 1, Table 2. This study population included 476,251
from the UK Biobank and 97,770 from Lifelines to train,
validate, and externally test the machine learning (ML)
models (Table 1, Table 2). The training set comprised
201,334 White individuals from the UK Biobank for
men and 247,484 for women (Table 1, Table 2). The
models were tested internally among 12,617 individuals
for men and 14,816 for women of five different ethnic
backgrounds and externally tested in Lifelines
(n = 40,580 for men, n = 57,190 for women) (Table 1,
Table 2, Supplementary Table S6).

Performance of questionnaire-based coronary
artery disease risk stratification models (QUES-
CAD) in comparison to established clinical models
The discriminative abilities of the QUES-CAD models
and other clinical risk assessment scores in women and
men across multiple ethnicities are illustrated in Fig. 2,
Table 3, Table 4, Supplementary Table S7. In the models
employing only questionnaire-based features, the three
tions: CAD, coronary artery disease; QUES-CAD, Questionnaire-Based
al hazards; CoxGBT, Cox gradient boosting. Created with BioRender.
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Population White men South Asian men Caribbean men East Asian men Black men Other men Lifelines men

Cases Controls Cases Controls Cases Controls Cases Controls Cases Controls Cases Controls Cases Controls

Total size (n) 11,093 190,241 340 3543 71 1698 77 1709 43 1752 192 3192 869 39,711

Questionnaire variables

Age (years) 62 (9.9) 58.4 (13.3) 58.7 (13) 52.4 (14.5) 57.5 (15.8) 51.4 (12.8) 55.6 (14.8) 51 (14.2) 57.8 (12.9) 49.5 (11.9) 58.8 (11) 53.1 (15.2) 58.3 (16.5) 49.5 (13.2)

Alcohol intake frequency
(1: Daily or almost daily, 2: Three or
four times a week, 3: Once or twice a
week, 4: One to three times a
month, 5: Special occasions only,
6: Never)

3 (2) 2 (2) 5 (3) 5 (3) 3 (2) 3 (3) 4 (3) 4 (2) 5 (3) 5 (3) 4 (3) 3 (3) 3 (1) 3 (1)

Average total household income
before tax (1: <£18,000, 2:
£18,000–£30,999, 3:
£31,000–£51,999, 4: ≥152,000)

2 (2) 3 (2) 2 (2) 2 (3) 2 (2) 2 (2) 2 (2) 2 (3) 2 (2) 2 (2) 2 (2) 2 (2) 3 (2) 3 (2)

Aspirin use 28.60% 15.40% 34.40% 17.60% 35.20% 12% 23.40% 12.30% 41.90% 13.80% 24.60% 14.70% 99% 99.60%

Body mass index (kg/m2) 28.2 (5.4) 27.2 (5) 27 (5.1) 26.5 (4.7) 28 (5.1) 28 (5.1) 26.8 (5.1) 26 (4.5) 29.1 (5.9) 27.8 (5.1) 28.4 (5.2) 27.4 (5.1) 26.9 (4.2) 26.4 (4.3)

Current smoking 17.30% 11.80% 13.80% 14.10% 23.90% 23.30% 26% 16.60% 18.60% 11.30% 24% 17.80% 21.90% 19.80%

Heart disease of father 34% 27.20% 34.10% 25.70% 17.20% 8.80% 29.70% 19.50% 10.80% 5.80% 27.50% 21.20% 15.10% 7.30%

Heart disease of mother 21.70% 15.40% 19.20% 14.10% 7.40% 8.50% 16% 11.40% 7.70% 4.80% 19.30% 12.90% 31.20% 21.40%

Number of cigarettes currently
smoked daily (current cigarette
smokers)

20 (8) 15 (10) 10 (8) 10 (8) 15 (7.5) 10 (9) 10 (10.2) 12 (9) 10 (4) 10 (8) 15 (8) 15 (10) 15 (10) 13 (12)

Pack years of smoking 27 (26.9) 21 (23.5) 17.5 (16) 14.7 (15.2) 20.1 (27.8) 14.2 (14.1) 16.8 (18.4) 16.5 (16.7) 17.7 (29.4) 13 (14.1) 20.4 (22.1) 18 (20) 15 (17.4) 12.5 (15.4)

Unable to work because of sickness
or disability

7.90% 4% 12.60% 5.50% 16.90% 7.20% 5.20% 4.60% 14% 4.70% 18.10% 6.40% 6.10% 3.20%

Usual walking pace
(1: Slow pace, 2: Steady average
pace, 3: Brisk pace)

2 (1) 2 (1) 2 (1) 2 (0) 2 (0) 2 (1) 2 (0) 2 (0) 2 (1) 2 (0) 2 (1) 2 (1) 2 (0) 2 (0)

Dentures 25.80% 16.50% 17.10% 9.20% 26.80% 19.60% 14.30% 13.70% 20.90% 9.30% 18.70% 13.90% 22.70% 13.80%

Measurement-based variables and variables that require prior medical examination

Insulin use 3.10% 1.10% 10.90% 2.40% 9.90% 2.90% 5.20% 1.50% 2.30% 2.40% 8.80% 1.80% 5.60% 2.50%

Number of treatments/medications
taken

3 (4) 1 (3) 3 (6) 1 (3) 3 (4.5) 1 (3) 2 (5) 1 (3) 4 (4.5) 1 (3) 3 (4) 1 (3) 1 (3) 0 (2)

Prevalent cardiovascular disease
(other than coronary artery disease)

20% 6.40% 29.10% 6.90% 16.90% 4.10% 19.50% 4% 25.60% 4.50% 21.40% 5.50% 21.70% 11.70%

Stroke diagnosed by a doctor 3.60% 1.70% 3.80% 1.40% 7% 1.30% 0% 0.70% 2.30% 1.50% 3.50% 0.90% 1.70% 1.10%

Mean systolic blood pressure
(mmHg)

143.5
(24.5)

139 (23) 140.8
(22.5)

133.5 (22) 142.5
(23.5)

137 (23) 135 (17.5) 133 (22.5) 143 (22.2) 137 (22.9) 143.5 (23) 135 (23) 137 (20) 130 (18)

Waist-to-hip ratio 1 (0.1) 0.9 (0.1) 1 (0.1) 0.9 (0.1) 0.9 (0.1) 0.9 (0.1) 0.9 (0.1) 0.9 (0.1) 1 (0.1) 0.9 (0.1) 1 (0.1) 0.9 (0.1) 1 (0.1) 1 (0.1)

Laboratory variables

HDL cholesterol (mmol/L) 1.2 (0.4) 1.3 (0.4) 1.1 (0.3) 1.1 (0.3) 1.3 (0.4) 1.3 (0.4) 1.2 (0.3) 1.2 (0.3) 1.3 (0.3) 1.2 (0.4) 1.1 (0.3) 1.2 (0.4) 1.2 (0.3) 1.3 (0.4)

Total cholesterol (mmol/L) 5.5 (1.7) 5.5 (1.5) 5.2 (1.8) 5.3 (1.5) 5.2 (2.1) 5.2 (1.4) 5.5 (2) 5.4 (1.5) 5 (2) 5.1 (1.5) 5.3 (1.6) 5.3 (1.5) 5.6 (1.3) 5.3 (1.2)

Glycated haemoglobin (HbA1c)
(mmol/mol)

36.4 (5.9) 35.1 (5.1) 40.6 (15.7) 38 (7.2) 39.6 (8.4) 38.1 (6.5) 38.5 (7.7) 37.1 (6.3) 38.5 (9.7) 37.8 (7.2) 38.8 (8.9) 36.3 (6.3) 39 (5) 38 (5)

Data are presented as the mean (Standard Deviation [SD]) unless otherwise noted. The measurements are presented as median (Interquartile range [IQR]).

Table 1: Baseline characteristics of the internal and external study of male populations.
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Population White women South Asian women Caribbean women East Asian women Black women Other women Lifelines women

Cases Controls Cases Controls Cases Controls Cases Controls Cases Controls Cases Controls Cases Controls

n 5321 242,163 116 3390 60 3001 37 2166 27 1880 83 4056 433 56,757

Questionnaire variables

Age (years) 62.9 (8.8) 58 (12.7) 59 (11) 52.8
(13.3)

58.6
(12.4)

50.9
(11.7)

61.5 (7.3) 52.7
(12.8)

57.2 (17.6) 50.5
(12.3)

60.8
(13.3)

53.1 (13.3) 59.3
(16.2)

49.4 (12.8)

Alcohol intake frequency
(1: Daily or almost daily, 2: Three or
four times a week, 3: Once or twice a
week, 4: One to three times a
month, 5: Special occasions only,
6: Never)

3 (3) 3 (2) 6 (1) 6 (1) 5 (2) 4 (2) 5 (3) 5 (3) 5 (3) 5 (2) 5 (3) 5 (2) 4 (3) 3 (3)

Average total household income
before tax
(1: <£18,000, 2: £18,000 –£30,999,
3: £31,000–£51,999, 4: ≥152,000)

2 (2) 2 (1) 2 (2) 2 (2) 1 (1) 2 (2) 2 (1) 2 (3) 1 (1) 2 (2) 2 (2) 2 (2) 2 (2) 3 (2)

Aspirin use 21.70% 9% 31% 11.70% 33.30% 10.50% 27% 7.30% 33.30% 11.90% 24.30% 9.60% 100% 99.90%

Body mass index (kg/m2) 27.7 (7.1) 26 (6.2) 28.3 (6.6) 26.7 (6.1) 30.7 (6.7) 28.6 (7.7) 25.7 (5.2) 24.5 (5.4) 31.1 (5.6) 30 (7.5) 28.8 (7) 26.6 (7.1) 26.6 (5.6) 25.5 (5.7)

Current smoking 17.70% 8.70% 3.40% 3% 21.70% 13% 5.40% 6.30% 7.40% 6% 14.90% 10.50% 25.40% 17.10%

Heart disease of father 38.70% 30.50% 39.10% 29.30% 20% 11.80% 41.70% 22.90% 12.50% 7.40% 25.40% 21.90% 20.10% 9.60%

Heart disease of mother 30.50% 20.60% 27.30% 18.20% 13.30% 12.70% 35.10% 15.40% 8% 8.50% 31.40% 16.80% 36.70% 23.60%

Number of cigarettes currently
smoked daily (current cigarette
smokers)

15 (10) 15 (10) 6 (7.5) 9 (6) 10 (8) 10 (9) 10 (5) 10 (9) 20 (0) 10 (9) 10 (13) 10 (9) 12 (7.5) 10 (9)

Pack years of smoking 24.4
(22.8)

16.8
(19.5)

17 (22.7) 10.1 (12.2) 17.8
(12.2)

11.9 (13.2) 32.6
(14.5)

12.5
(14.2)

12.3 (19.7) 12.6
(15.5)

21.9
(22.6)

13.8
(17.4)

12.8
(18.3)

9 (13.7)

Unable to work because of sickness
or disability

7% 3% 11.20% 6.10% 16.70% 6.20% 5.40% 3.10% 14.80% 5.60% 10.80% 5.50% 9.90% 4.40%

Usual walking pace
(1: Slow pace, 2: Steady average
pace, 3: Brisk pace)

2 (1) 2 (1) 2 (1) 2 (0) 2 (1) 2 (1) 2 (0) 2 (0) 2 (1) 2 (0) 2 (1) 2 (1) 2 (0) 2 (0)

Dentures 30.40% 15.60% 15.50% 8.30% 35% 19.50% 18.90% 16.20% 22.20% 10.10% 18.90% 13.70% 26.60% 12.60%

Measurement-based variables and variables that require prior medical examination

Insulin use 3.30% 0.70% 10.30% 1.80% 15% 1.90% 5.40% 1% 3.70% 1.70% 4.10% 1.30% 5.80% 1.90%

Number of treatments/medications
taken

3 (4) 2 (3) 4 (4) 2 (3) 4 (4.5) 2 (3) 4 (3) 1 (3) 4 (4) 2 (3) 2 (6) 2 (3) 2 (4) 1 (2)

Prevalent cardiovascular disease
(other than coronary artery disease)

16% 3.60% 25% 5.40% 20% 4.50% 16.20% 2.70% 25.90% 4.90% 18.10% 3.60% 25.20% 13.50%

Stroke diagnosed by a doctor 3.20% 1% 2.60% 1% 1.70% 1.40% 0% 0.50% 7.40% 1% 2.70% 0.80% 2.30% 0.90%

Mean systolic blood pressure
(mmHg)

141 (27.5) 132.5 (26) 140.8
(26.8)

130 (26.5) 144.2
(30.1)

132.5
(26.2)

141.5 (21) 128.5 (27) 146 (16.5) 134.5
(27.5)

143.8
(29.5)

129.5
(26.5)

132 (22.2) 123 (21)

Waist-to-hip ratio 0.8 (0.1) 0.8 (0.1) 0.9 (0.1) 0.8 (0.1) 0.9 (0.1) 0.8 (0.1) 0.9 (0.1) 0.8 (0.1) 0.9 (0.1) 0.8 (0.1) 0.9 (0.1) 0.8 (0.1) 0.9 (0.1) 0.9 (0.1)

Laboratory variables

HDL cholesterol (mmol/L) 1.4 (0.5) 1.6 (0.5) 1.2 (0.3) 1.4 (0.4) 1.4 (0.5) 1.5 (0.5) 1.5 (0.4) 1.5 (0.5) 1.3 (0.6) 1.5 (0.5) 1.4 (0.5) 1.5 (0.5) 1.5 (0.5) 1.6 (0.5)

Total cholesterol (mmol/L) 6 (1.8) 5.8 (1.5) 5.4 (1.5) 5.4 (1.4) 5.3 (1.5) 5.3 (1.4) 5.4 (2.1) 5.7 (1.5) 5 (1.2) 5.2 (1.4) 5.9 (1.8) 5.6 (1.5) 5.6 (1.4) 5.2 (1.3)

Glycated haemoglobin (HbA1c)
(mmol/mol)

36.7 (5.5) 35.1 (4.8) 42.1 (18.3) 37.8 (6.8) 42.4 (12.6) 37.3 (7.1) 38.8 (8.2) 36.5 (5.9) 42.8 (12.2) 37.1 (6.5) 39.2 (7.8) 36.1 (5.9) 39 (5) 38 (5)

Data are presented as the mean (Standard Deviation [SD]) unless otherwise noted. The measurements are presented as median (Interquartile range [IQR]).

Table 2: Baseline characteristics of the internal and external study of female populations.
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Fig. 2: Discriminative abilities of several Coronary Artery Disease (CAD) forecasting models for men (left panel) and women (right panel). The
first filled circle and triangle refer to the QUES-CAD models we developed and validated herein. Each colour-symbol combination refers to a
specific model and population, explained in detail in the lateral panel. The C-index and 95% CI are presented for all models as horizontal lines.
Abbreviations: CoxPH, Cox proportional hazards; CoxGBT, Cox gradient boosting; QUES-CAD, Questionnaire-Based Evaluation for Estimating
Coronary Artery Disease; FRS, Framingham Coronary Heart Disease Risk Score; ACC/AHA PCE, American College of Cardiology/American Heart
Association pooled cohort equation; WHO, World Health Organization; SCORE2, Systematic Coronary Risk Estimation 2.
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most significant contributing features for women were
age, usual walking pace, and pack-years of smoking
(Supplementary Fig. S2A and S2B), and for men, age,
aspirin use, and body mass index (Supplementary
Fig. S2C and S2D). Concerning the discriminative
ability of QUES-CAD, for the CoxGBT models in
women, the C-index varied between 0.737 for the White
population and 0.782 for the “Other” ethnic population.
The CoxPH models demonstrated similar C-indices
ranging from 0.7 in the Black population to 0.804 in the
East Asian ethnic population. In men, CoxGBT models
showed inferior performance accuracy compared to
what we observed among females, with a C-index
ranging from 0.653 in the East Asian population to
0.737 in the Black population (Supplementary Table S7).
Similar performances were demonstrated with CoxPH
C-index ranging from 0.697 in the Black population to
0.808 in the East Asian population for women and in
men between 0.654 in the East Asian population and
0.761 in the Black population (Supplementary Table S7).
In all instances, in the external validation set, Lifelines,
we observed high performances, with a C-index ranging
from 0.692 to 0.771 (Supplementary Table S7). For both
men and women, the QUES-CAD models (CoxGBT and
CoxPH) demonstrate comparable C-index values across
ethnic groups and Lifelines and have a similar
www.thelancet.com Vol 111 January, 2025

http://www.thelancet.com


C-index
women
CoxPH

C-index
men
CoxPH

C-index
women
CoxGBT

C-index
men
CoxGBT

QUEST-CAD vs SCORE2 1/1 1/1 1/1 1/1

QUEST-CAD vs ACC/AHA PCE 1/1 1/1 0/0 1/1

QUEST-CAD vs FRS with lab 1/1 1/1 1/1 0/0

QUEST-CAD vs FRS without lab 1/1 1/1 1/1 1/1

QUEST-CAD vs WHO with lab 1/1 1/1 1/1 1/1

QUEST-CAD vs WHO without lab 1/1 2/2 1/1 1/1

QUEST-CAD vs Age as standalone marker 3/3 2/2 3/3 3/3

Abbreviations: PLR, partial log-likelihood ratio; SCORE2, Systematic Coronary Risk Estimation 2; WHO, World
Health Organization; FRS, Framingham Coronary Heart Disease Risk Score; QUES-CAD, Questionnaire-Based
Evaluation for Estimating Coronary Artery Disease; ACC/AHA, American College of Cardiology/American Heart
Association; CAD, coronary artery disease; CI, confidence interval; CoxPH, cox proportional hazards; CoxGBT, cox
gradient boosting. This table illustrates the number of comparisons with statistically significant differences and
shows how many of them resulted in QUES-CAD yielding significantly better outcomes. Specifically, each QUES-
CAD vs existing model comparison was done in 6 ethnic subgroups of the UK Biobank and in the entire Lifelines
dataset. The second number (after “/”) in the table rows shows how many of these 7 results were significant
(Bonferroni adjusted), and the first number (before “/”) shows how many of these 7 results were significant in
favour of QUES-CAD. All 196 comparisons are presented in greater detail in Supplementary Table S9A–D.

Table 3: Summary of significant results (based on the significant Bonferroni-adjusted p-values), as
presented in Supplementary Table S9A–D, across all C-index comparisons between QUES-CAD vs
established clinical risk tools.

PLR women
CoxPH

PLR men
CoxPH

PLR women
CoxGBT

PLR men
CoxGBT

QUEST-CAD vs SCORE2 0/1 0/0 2/2 1/1

QUEST-CAD vs ACC/AHA PCE 0/1 0/0 2/2 1/1

QUEST-CAD vs FRS with lab 0/0 0/0 1/1 1/1

QUEST-CAD vs FRS without lab 0/0 0/0 2/2 1/1

QUEST-CAD vs WHO with lab 0/0 1/1 2/2 1/1

QUEST-CAD vs WHO without lab 0/0 1/1 2/2 2/2

QUEST-CAD vs Age as standalone marker 0/0 1/1 2/2 1/1

Abbreviations: PLR, partial log-likelihood ratio; SCORE2, Systematic Coronary Risk Estimation 2; WHO, World
Health Organization; FRS, Framingham Coronary Heart Disease Risk Score; QUES-CAD, Questionnaire-Based
Evaluation for Estimating Coronary Artery Disease; ACC/AHA, American College of Cardiology/American Heart
Association; CAD, coronary artery disease; CI, confidence interval; CoxPH, cox proportional hazards; CoxGBT, cox
gradient boosting. This table illustrates the number of comparisons with statistically significant differences and
shows how many of them resulted in QUES-CAD yielding significantly better outcomes. Specifically, each QUES-
CAD vs existing model comparison was done in 6 ethnic subgroups of the UK Biobank and in the entire Lifelines
dataset. The second number (after “/”) in the table rows shows how many of these 7 results were significant
(Bonferroni adjusted), and the first number (before “/”) shows how many of these 7 results were significant in
favour of QUES-CAD. All 196 comparisons are presented in greater detail in Supplementary Table S9A–D.

Table 4: Summary of significant results (based on the significant Bonferroni-adjusted p-values), as
presented in Supplementary Table S9A–D, across all PLR comparisons between QUES-CAD vs
established clinical risk tools.

Articles
discriminative capacity (based on C-index) when
compared to established clinical models, i.e., ACC/AHA
PCE, WHO (with and without laboratory data), FRS
(with and without laboratory data), and SCORE2 (Fig. 2).

Regarding PPV and NPV, QUES-CAD models yiel-
ded very high NPVs (≥95%) and very low PPVs (≤13%),
minimising false negatives while increasing the false
positive results (Supplementary Table S7). Similarly,
validating SCORE2 in our study, with a threshold of
7.5%, appears to return almost identical PPVs and NPVs
compared to QUES-CAD across all ethnic groups and
Lifelines (Supplementary Table S8).

The addition of measurement-based variables and
variables that require prior medical examination (i.e.,
insulin use, number of treatments/medications taken,
prevalent cardiovascular disease [other than CAD, and
stroke diagnosed by a doctor]) and the further addition of
biomarkers/other measurements (i.e., high-density lipo-
protein [HDL] cholesterol, total cholesterol, and glycated
haemoglobin) did not significantly improve QUES-CAD’s
performance in all instances, except for the White pop-
ulation (Supplementary Fig. S3, Supplementary
Tables S10 and S11). The feature importance and haz-
ard ratios for variables included in the models with
questionnaire & measurement-based variables (or vari-
ables that require prior medical examination)-based as
well as the ones including biomarkers/other measure-
ments, are presented in Supplementary Figs. S4A–D and
S5A–D.

Risk stratification of QUES-CAD is comparable to
established clinical models
Subsequently, we performed a comparison between the
performance of the easier-to-use QUES-CAD model and
the comparator-established clinical models determining
both the discriminatory power (C-index) and goodness-
of-fit (PLR). Our results show that the QUES-CAD
model achieved similar C-index and PLR values (not
statistically different based on the external Lifelines
cohort) to those of clinical models across multiple pop-
ulations. Specifically, in the training set (using 10-fold
cross-validation), White males and females, QUES-
CAD CoxGBT showed overall significantly higher C-
indices and PLRs (Bonferroni-adjusted significance
thresholds) compared to all comparator clinical models
(Table 3, Table 4, Supplementary Table S9A–D). For the
rest of the UK Biobank ethnicities no significant dif-
ferences were evident for either C-index or PLR (Table 3,
Table 4, Supplementary Table S9A–D). Importantly,
CoxGBT performed better than CoxPH, in terms of
fitting the data (Table 3, Table 4, Supplementary
Table S9A–D). The only instances where the compar-
ator models appear to fit the data of the external
validation set, Lifelines, better (significant Bonferroni-
adjusted p-value for PLR comparisons) is when
comparing SCORE2 and ACC/AHA PCE to CoxPH in
women (Supplementary Table S9D); although, for the
www.thelancet.com Vol 111 January, 2025
same comparisons with CoxGBT, QUES-CAD fit the
data significantly better than both SCORE2 and ACC/
AHA PCE (Table 4, Supplementary Table S9B).

Regarding the 15-year CAD risk stratification,
comparing QUES-CAD to the widely validated SCORE2
while maintaining the same high-risk group size for the
White population, both QUES-CAD and SCORE2
perform comparably in all populations, and both high-
risk groups (of QUES-CAD and SCORE2) have an
almost identical incident risk, without significant dif-
ferences (Fig. 3, Supplementary Fig. S6). Similarly, low-
9
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Fig. 3: Cumulative incidence of CAD by ethnicity and sex over time. The x-axis represents years after baseline (initial assessment), while the y-
axis indicates the cumulative CAD incidence. Data are stratified by sex (men and women) and population, including White, South Asian,
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risk groups also have an identical CAD incidence risk
across all populations (Fig. 3, Supplementary Fig. S6).
Discussion
In this study including 574,021 individuals, we sought
to develop and evaluate the performance of our novel
questionnaire-based non-laboratory risk stratification
model for incident CAD. Furthermore, we internally
validated QUES-CAD in ethnic minorities that are more
prevalent than in other European countries; yet they
approximate the predicted ethnic make-up of other Eu-
ropean countries by 2030.24 Additionally, we externally
validated the developed models in Lifelines, one of the
largest European biobanks, to examine the general-
isability of our results. The primary finding was that the
QUES-CAD model stratifies incident CAD as accurately
as current clinical models such as FRS, SCORE2, ACC/
AHA PCE, and WHO in all populations and also ach-
ieved relatively higher performance in the external
validation cohort, suggesting its potential applicability
for the multi-ethnic populations of Europe. The inclu-
sion of physical measurements and/or biomarkers
(variables presented in Table 1, Table 2, Supplementary
Figs. S4A–D and S5A–D) did not increase the perfor-
mance of QUES-CAD. At the same time, with the
currently available tools and the present limitations of
healthcare systems, creating a population risk stratifi-
cation program that requires laboratory values for CAD
may comprise an unrealistic goal. This is mainly due to
the considerable costs and logistical challenges associated
with the need for blood sample collection, but also for the
organisation and management of “screening units” to
perform these tests.32 Specifically, as described in the
2018 European Commission report regarding in-
equalities in healthcare access, attracting and retaining
health professionals is problematic, and reaching partic-
ularly vulnerable communities with limited access to
qualitative healthcare is burdensome.20 These results
suggest that a questionnaire-based risk stratification al-
gorithm performs at least as well as currently available
tools (comprising a comparable number of features) that
employ physical and blood biomarkers, enable new
scalable avenues for risk screening with major implica-
tions for population health monitoring. A questionnaire-
based model can be applied population-wide due to the
limited cost and effort, as laboratory tests or time from
medical personnel are no longer required. Notably, the
specific variables selected to construct the QUES-CAD
model exclude any variables that individuals find diffi-
cult to assess accurately, such as waist circumference or
Caribbean, East Asian, Black, Other, and Lifelines (external validation coh
groups according to QUES-CAD CoxGBT and SCORE2 thresholds; for QU
as SCORE2 in the White population. The lighter-coloured lines represent
Questionnaire-Based Evaluation for Estimating Coronary Artery Disease;
Estimation 2; CI, confidence interval.

www.thelancet.com Vol 111 January, 2025
body fat percentage. Instead, only those questionnaire
variables that were asked directly to the biobanks’ par-
ticipants were included, ensuring that these answers
translate one-on-one to the answers that can be expected
in a population-wide screening. This finding implies that
these models are uniquely suited to be deployed without
requiring assistance from medical personnel.

QUES-CAD may also enhance disease prevention in
resource-limited settings where access to preventive
cardiovascular care is limited.29 With the primary goal to
improve health equity and reduce health disparities
while reducing the burden of CAD as a highly prevalent
non-communicable disease (NCD), QUES-CAD is a
readily scalable solution to accompany or replace the
currently implemented risk models, especially in low
socioeconomic status (SES) or resource-limited settings,
i.e., in rural European areas. The Lancet NCD Action
Group and the NCD Alliance suggested that cardiovas-
cular risk reduction ranks among the five top priority
interventions for NCDs.33 Notably, in the same study,
tobacco use ranks first, while the category “obesity, un-
healthy diet, and physical inactivity” ranked third.33

Therefore, a questionnaire-based risk stratification tool
comprising such features, along with household income
information, provides a solution to stratify individuals at
a population level to facilitate the effective deployment
of these interventions.

Despite growing efforts towards advancing ML ini-
tiatives in cardiovascular care, most of these applications
focus on imaging, electrocardiography, and biomarker
analyses.34 The development of QUES-CAD allows the
novelty of reliable non-laboratory stratification methods
to be implemented in the most recent and ever-
increasing technological trends in clinical decision-
making, such as the emerging use of large language
models (LLM) for telemedicine applications (remote pa-
tient monitoring). LLMs can provide a suitable avenue to
integrate QUES-CAD, making it user-friendly and widely
accessible for virtual care.35,36 For instance, users can
provide input to a chatbot based on the questions
included in QUES-CAD, and the chatbot can predict their
ten-year risk of developing CAD. Furthermore, it is
pertinent to mention that LLMs can receive both struc-
tured and unstructured data from the patient directly or
from electronic health records, being able to adjust their
prediction based on the inputs it receives across the pa-
tient’s lifetime.37 Moreover, QUES-CAD showed greater
uniformity in its discriminative performance across eth-
nicities compared to currently used clinical tools, and the
absence of blood biomarkers enables individual risk
calculation outside the “strict” healthcare setting, such as
ort). Cumulative incidence curves are plotted for low and high-risk
ES-CAD we used the threshold that returned the same group size
the 95% CI. Abbreviations: CAD, coronary artery disease; QUES-CAD,
CoxGBT, Cox gradient boosting; SCORE2, Systematic Coronary Risk
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in a remote or hybrid environment. Even at primary care
visits, QUES-CAD can be performed during consultation
hours with the general practitioner via a website or mo-
bile app and readily provides the individual risk for
developing CAD over the next 15 years with ten simple-
to-obtain questions, almost all of which are typically
asked during a patient visit at a medical facility.

Since CoxGBT can capture non-linear relationships,
our results suggest that the association between the
covariates and the hazard is not entirely linear. Although
CoxGBT performs better than the CoxPH model in
Lifelines in terms of goodness-of-fit, similar results
could potentially be achieved with a CoxPH model by
incorporating interaction terms or non-linear trans-
formations, such as quadratic terms. Given that GBT
models are often regarded as “black box” models, it
would be advantageous to focus on optimising the
regression (CoxPH) models, as their coefficients provide
greater interpretability due to their linear structure.
Examining the decision trees from the GBT model
could also help uncover key interaction effects or inform
necessary variable transformations, offering insights
that might improve the regression models.

At the same time, we aim to bridge the sex gap by
generating separate models for males and females that
are optimised to yield the highest performance for each
sex. Interestingly, the female version of QUES-CAD
demonstrates higher C-indices, and besides this
finding being also reported in other risk tools, different
models (with discrete variables) for men and women are
currently absent in clinical practice.

The current study presents several strengths and lim-
itations. First, this study achieves the highest validation
standards in the ML field by showing the ML-based
models’ performance and potential clinical utility of a
questionnaire-based risk stratification model for incident
CAD in two large population cohorts across multiple
ethnicities. From a modelling perspective, this minimises
the chances of overfitting and provides evidence of the
model’s validity. Then, we further underpinned the reli-
ability of our models by validating them in all ethnic
populations of the UK Biobank and provided a compari-
son of the six major clinical risk stratification tools: FRS
without lab, FRS with lab, ACC/AHA PCE, WHO without
lab, WHO with lab, and SCORE2. One limitation is that
ethnicity data may only be partially accurate, as with all
self-reported biobank data. In particular, an individual’s
self-reported ethnicity may be shaped by their perceptions
and cultural and societal influences and may not consis-
tently be representative of their ancestral background.
However, these biases are in some way desirable when the
aim is to deploy the QUES-CAD on a population-wide
scale, as in this case, these biases will be part of the
assessment and accounted for by the models. Addition-
ally, daily aspirin use (as a predictor) may be a marker of a
clinical encounter and increased CVD risk. Lastly, since
this study is observational, it is not possible to establish
cause-and-effect relationships between the variables inte-
grated into QUES-CAD and the anticipated outcomes.

Conclusion
In conclusion, QUES-CAD, a novel ML-based multi-
ethnic CAD incident risk stratification tool, solely em-
ploys ten questionnaire-based variables and performs
comparable to the established risk scoring systems
(which require lab-based variables and other physical
measurements) currently implemented in primary care
cardiology guidelines. These questionnaire-based models
reduce effort and cost to a minimum and can thereby
revolutionise the monitoring of CAD risk, enabling
population-wide screening to identify which individuals
would benefit from preventive interventions, including
both lifestyle and medical interventions, that target car-
diometabolic risk in a cost-effective and scalable manner.

Contributors
MK contributed to the conceptualisation, data curation, validation,
investigation, methodology, project administration, visualisation,
manuscript writing, and manuscript review. PF contributed to the data
analysis, data curation, investigation, methodology, validation, and vis-
ualisation. MK, PF, and SvD accessed and verified the underlying data.
FA contributed to the visualisation, manuscript writing, and manuscript
review. NS, MA, RS, RHH, HP, JJB, and DEA contributed to the
manuscript review. BHRW contributed to the data curation, manuscript
review, resources, and funding acquisition. JCF contributed to the
conceptualisation, methodology, manuscript writing, and manuscript
review. CSM and SvD contributed equally to the conceptualisation, data
curation, validation, methodology, project administration, visualisation,
manuscript writing, manuscript review, and supervision. All authors
read and approved the final version of the manuscript.

Data sharing statement
Study data are available from UK Biobank and Lifelines but were used
under licence for the current study, which restricts their public avail-
ability. Data may be obtained from a third party and are not publicly
available. Researchers can apply to use the UK Biobank and Lifelines
data used in this study. More information about how to request UK
Biobank data and the conditions of use can be found on their website
(https://www.ukbiobank.ac.uk/enable-your-research/apply-for-access),
and for Lifelines data, and the conditions of use can be found on their
website (https://www.lifelines-biobank.com/researchers/working-
with-us). The underlying code is available and can be requested
from the corresponding author.

Declaration of interests
PF, SvD, and JCF are employed by Ancora Health B.V. and own shares
of Ancora Health B.V. BHRW sits on the medical advisory board of
Ancora Health B.V., without being compensated for this position. All
other authors have no conflict of interest to declare.

Acknowledgements
This project was funded by the University Medical Center Groningen
under project number: PPP-2019_023. MK receives funding support from
an MD-PhD grant from the University Medical Center Groningen. The
funder had no role in study design, data collection, and analysis, decision
to publish, or preparation of the manuscript. The Lifelines initiative has
been made possible by subsidy from the Dutch Ministry of Health,
Welfare and Sport, the Dutch Ministry of Economic Affairs, the University
Medical Center Groningen (UMCG), Groningen University and the
Provinces in the North of the Netherlands (Drenthe, Friesland, Gronin-
gen). The authors would like to thank Dr. Jonathan Dreyfuss, on behalf of
Harvard Catalyst, for reviewing and providing feedback regarding the
analytical and statistical approaches followed in this manuscript. This
www.thelancet.com Vol 111 January, 2025

https://www.ukbiobank.ac.uk/enable-your-research/apply-for-access
https://www.lifelines-biobank.com/researchers/working-with-us
https://www.lifelines-biobank.com/researchers/working-with-us
http://www.thelancet.com


Articles
work was conducted with support from UM1TR004408 award through
Harvard Catalyst | The Harvard Clinical and Translational Science Center
(National Center for Advancing Translational Sciences, National Institutes
of Health) and financial contributions from Harvard University and its
affiliated academic healthcare centers. The content is solely the re-
sponsibility of the authors and does not necessarily represent the official
views of Harvard Catalyst, Harvard University and its affiliated academic
healthcare centers, or the National Institutes of Health. The authors thank
the UK Biobank data access granted through application 55495 and data
access to the Lifelines data through application OV20_00020.

Appendix A. Supplementary data
Supplementary data to this article can be found online at https://doi.
org/10.1016/j.ebiom.2024.105518.
References
1 Tsao CW, Aday AW, Almarzooq ZI, et al. Heart disease and stroke

statistics-2022 update: a report from the American Heart Associa-
tion. Circulation. 2022;145(8):e153–e639.

2 Javed Z, Haisum Maqsood M, Yahya T, et al. Race, racism, and
cardiovascular health: applying a social determinants of health
framework to racial/ethnic disparities in cardiovascular disease.
Circ Cardiovasc Qual Outcomes. 2022;15(1):e007917.

3 Nadarajah R, Farooq M, Raveendra K, et al. Inequalities in care
delivery and outcomes for myocardial infarction, heart failure, atrial
fibrillation, and aortic stenosis in the United Kingdom. Lancet Reg
Health Eur. 2023;33:100719.

4 Cenko E, Manfrini O, Fabin N, et al. Clinical determinants of
ischemic heart disease in Eastern Europe. Lancet Reg Health Eur.
2023;33:100698.

5 Kokkorakis M, Boutari C, Katsiki N, Mantzoros CS. From non-alcoholic
fatty liver disease (NAFLD) to steatotic liver disease (SLD): an ongoing
journey towards refining the terminology for this prevalent metabolic
condition and unmet clinical need. Metabolism. 2023;147:155664.

6 Kouvari M, Valenzuela-Vallejo L, Guatibonza-Garcia V, et al. Liver
biopsy-based validation, confirmation and comparison of the diag-
nostic performance of established and novel non-invasive steatotic
liver disease indexes: results from a large multi-center study.
Metabolism. 2023;147:155666.

7 Kouvari M, Mylonakis SC, Katsarou A, et al. The first external
validation of the Dallas steatosis index in biopsy-proven non-alco-
holic fatty liver disease: a multicenter study. Diabetes Res Clin Pract.
2023;203:110870.

8 Kokkorakis M, Katsarou A, Katsiki N, Mantzoros CS. Milestones in
the journey towards addressing obesity; past trials and triumphs,
recent breakthroughs, and an exciting future in the era of emerging
effective medical therapies and integration of effective medical
therapies with metabolic surgery. Metabolism. 2023;148:155689.

9 Boutari C, Kokkorakis M, Stefanakis K, et al. Recent research ad-
vances in metabolism, clinical and experimental. Metabolism.
2023;149:155722.

10 Kokkorakis M, Chakhtoura M, Rhayem C, et al. Emerging phar-
macotherapies for obesity: a systematic review. Pharmacol Rev.
2024:PHARMREV-AR-2023-001045.

11 Kokkorakis M, Muzurović E, Volčanšek Š, et al. Steatotic liver
disease: pathophysiology and emerging pharmacotherapies. Phar-
macol Rev. 2024;76(3):454–499.

12 Roth GA, Mensah GA, Johnson CO, et al. Global burden of car-
diovascular diseases and risk factors, 1990-2019: update from the
GBD 2019 study. J Am Coll Cardiol. 2020;76(25):2982–3021.

13 Kokkorakis M, Folkertsma P, Forte JC, Wolffenbuttel BHR, van
Dam S, Mantzoros CS. GDF-15 improves the predictive capacity of
Steatotic liver disease non-invasive tests for incident morbidity and
mortality risk for cardio-renal-metabolic diseases and malignancies.
Metabolism. 2024:156047.

14 Pennells L, Kaptoge S, Wood A, et al. Equalization of four cardio-
vascular risk algorithms after systematic recalibration: individual-
participant meta-analysis of 86 prospective studies. Eur Heart J.
2019;40(7):621–631.

15 Arnett DK, Blumenthal RS, Albert MA, et al. 2019 ACC/AHA
guideline on the primary prevention of cardiovascular disease: ex-
ecutive summary: a report of the American College of Cardiology/
www.thelancet.com Vol 111 January, 2025
American Heart Association Task Force on Clinical Practice
Guidelines. Circulation. 2019;140(11):e563–e595.

16 Wilson PW, D’Agostino RB, Levy D, Belanger AM, Silbershatz H,
Kannel WB. Prediction of coronary heart disease using risk factor
categories. Circulation. 1998;97(18):1837–1847.

17 Khan SS, Matsushita K, Sang Y, et al. Development and validation
of the American Heart Association’s PREVENT equations. Circu-
lation. 2024;149(6):430–449.

18 SCORE2 Working Group and ESC Cardiovascular Risk Collabora-
tion. SCORE2 risk prediction algorithms: new models to estimate
10-year risk of cardiovascular disease in Europe. Eur Heart J.
2021;42(25):2439–2454.

19 WHO CVD Risk Chart Working Group. World Health Organization
cardiovascular disease risk charts: revised models to estimate risk in
21 global regions. Lancet Glob Health. 2019;7(10):e1332–e1345.

20 European Commission, Directorate-General for Employment SA,
Inclusion, Baeten R, Spasova S, Coster S, et al. Inequalities in Access
to Healthcare – A Study of National Policies 2018. Publications Of-
fice; 2018.

21 Leigh JA, Alvarez M, Rodriguez CJ. Ethnic minorities and coronary
heart disease: an update and future directions. Curr Atherosclerosis
Rep. 2016;18(2):9.

22 Nasir K, Shaw LJ, Liu ST, et al. Ethnic differences in the prognostic
value of coronary artery calcification for all-cause mortality. J Am
Coll Cardiol. 2007;50(10):953–960.

23 Mital R, Bayne J, Rodriguez F, Ovbiagele B, Bhatt DL, Albert MA.
Race and ethnicity considerations in patients with coronary artery
disease and stroke: JACC focus seminar 3/9. J Am Coll Cardiol.
2021;78(24):2483–2492.

24 Stronks K, Snijder MB, Peters RJ, Prins M, Schene AH,
Zwinderman AH. Unravelling the impact of ethnicity on health in
Europe: the HELIUS study. BMC Public Health. 2013;13:402.

25 Shroufi A, Chowdhury R, Anchala R, et al. Cost effective in-
terventions for the prevention of cardiovascular disease in low and
middle income countries: a systematic review. BMC Public Health.
2013;13:285.

26 Collins R. What makes UK Biobank special? Lancet. 2012;379(9822):
1173–1174.

27 Klijs B, Scholtens S, Mandemakers JJ, Snieder H, Stolk RP,
Smidt N. Representativeness of the LifeLines cohort study. PLoS
One. 2015;10(9):e0137203.

28 Sijtsma A, Rienks J, van der Harst P, Navis G, Rosmalen JGM,
Dotinga A. Cohort profile update: lifelines, a three-generation
cohort study and biobank. Int J Epidemiol. 2022;51(5):e295–e302.

29 Kokkorakis M, Folkertsma P, van Dam S, et al. Effective
questionnaire-based prediction models for type 2 diabetes across
several ethnicities: a model development and validation study.
EClinicalMedicine. 2023;64:102235.

30 Pölsterl S. Scikit-survival: a library for time-to-event analysis built
on top of scikit-learn. J Mach Learn Res. 2020;21(212):1–6.

31 Grundy SM, Stone NJ, Bailey AL, et al. 2018 AHA/ACC/AACVPR/
AAPA/ABC/ACPM/ADA/AGS/APhA/ASPC/NLA/PCNA guide-
line on the management of blood cholesterol: a report of the
American College of Cardiology/American Heart Association Task
Force on Clinical Practice Guidelines. Circulation. 2019;139(25):
e1082–e1143.

32 Spoyalo K, Lalande A, Rizan C, et al. Patient, hospital and envi-
ronmental costs of unnecessary bloodwork: capturing the triple
bottom line of inappropriate care in general surgery patients. BMJ
Open Qual. 2023;12(3):e002316.

33 Beaglehole R, Bonita R, Horton R, et al. Priority actions for the non-
communicable disease crisis. Lancet. 2011;377(9775):1438–1447.

34 Manlhiot C, van den Eynde J, Kutty S, Ross HJ. A primer on the
present state and future prospects for machine learning and arti-
ficial intelligence applications in cardiology. Can J Cardiol.
2022;38(2):169–184.

35 Snoswell CL, Snoswell AJ, Kelly JT, Caffery LJ, Smith AC. Artificial
intelligence: augmenting telehealth with large language models.
J Telemed Telecare. 2023:1357633X231169055.

36 Thirunavukarasu AJ, Ting DSJ, Elangovan K, Gutierrez L, Tan TF,
Ting DSW. Large language models in medicine. Nat Med.
2023;29(8):1930–1940.

37 Clusmann J, Kolbinger FR, Muti HS, et al. The future landscape of
large language models in medicine. Commun Med (Lond).
2023;3(1):141.
13

https://doi.org/10.1016/j.ebiom.2024.105518
https://doi.org/10.1016/j.ebiom.2024.105518
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref1
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref1
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref1
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref2
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref2
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref2
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref2
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref3
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref3
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref3
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref3
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref4
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref4
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref4
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref5
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref5
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref5
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref5
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref6
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref6
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref6
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref6
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref6
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref7
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref7
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref7
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref7
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref8
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref8
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref8
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref8
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref8
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref9
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref9
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref9
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref10
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref10
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref10
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref11
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref11
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref11
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref11
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref11
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref11
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref11
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref12
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref12
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref12
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref13
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref13
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref13
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref13
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref13
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref14
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref14
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref14
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref14
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref15
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref15
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref15
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref15
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref15
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref16
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref16
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref16
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref17
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref17
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref17
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref18
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref18
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref18
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref18
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref19
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref19
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref19
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref20
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref20
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref20
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref20
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref21
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref21
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref21
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref22
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref22
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref22
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref23
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref23
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref23
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref23
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref24
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref24
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref24
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref25
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref25
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref25
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref25
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref26
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref26
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref27
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref27
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref27
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref28
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref28
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref28
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref29
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref29
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref29
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref29
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref30
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref30
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref31
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref31
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref31
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref31
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref31
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref31
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref32
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref32
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref32
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref32
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref33
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref33
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref34
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref34
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref34
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref34
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref35
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref35
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref35
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref36
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref36
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref36
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref37
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref37
http://refhub.elsevier.com/S2352-3964(24)00554-1/sref37
http://www.thelancet.com

	Simplifying coronary artery disease risk stratification: development and validation of a questionnaire-based alternative co ...
	Introduction
	Methods
	Study population
	Assessment of outcomes
	Predictors
	Model development
	Handling of missing data
	Implementation of existing models
	Statistical analysis
	Role of the funding source
	Ethics

	Results
	Baseline characteristics
	Performance of questionnaire-based coronary artery disease risk stratification models (QUES-CAD) in comparison to establish ...
	Risk stratification of QUES-CAD is comparable to established clinical models

	Discussion
	Conclusion

	ContributorsMK contributed to the conceptualisation, data curation, validation, investigation, methodology, project adminis ...
	Data sharing statementStudy data are available from UK Biobank and Lifelines but were used under licence for the current st ...
	Declaration of interests
	Acknowledgements
	Appendix A. Supplementary data
	References


