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Aims With the ageing European population, the incidence of coronary artery disease (CAD) is expected to rise. This will
likely result in an increased imaging use. Symptom recognition can be complicated, as symptoms caused by CAD
can be atypical, particularly in women. Early CAD exclusion may help to optimize use of diagnostic resources and
thus improve the sustainability of the healthcare system. To develop sex-stratified algorithms, trained on routinely
available electronic health records (EHRs), raw electrocardiograms, and haematology data to exclude CAD in
patients upfront.

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

We trained XGBoost algorithms on data from patients from the Utrecht Patient-Oriented Database, who under-
went coronary computed tomography angiography (CCTA), and/or stress cardiac magnetic resonance (CMR)
imaging, or stress single-photon emission computerized tomography (SPECT) in the UMC Utrecht. Outcomes
were extracted from radiology reports. We aimed to maximize negative predictive value (NPV) to minimize the
false negative risk with acceptable specificity. Of 6808 CCTA patients (31% female), 1029 females (48%) and 1908
males (45%) had no diagnosis of CAD. Of 3053 CMR/SPECT patients (45% female), 650 females (47%) and 881
males (48%) had no diagnosis of CAD. On the train and test set, the CCTA models achieved NPVs and specificities
of 0.95 and 0.19 (females) and 0.96 and 0.09 (males). The CMR/SPECT models achieved NPVs and specificities of
0.75 and 0.041 (females) and 0.92 and 0.026 (males).

...................................................................................................................................................................................................
Conclusion Coronary artery disease can be excluded from EHRs with high NPV. Our study demonstrates new possibilities to

reduce unnecessary imaging in women and men suspected of CAD.
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Introduction

In 2050, the number of European citizens over 65 years old will be
increased by 8% (compared to 2020) to 128 million.1 With the ageing
European population, the incidence of coronary artery disease
(CAD) is expected to increase dramatically.2 Symptom recognition
can be complicated, as symptoms caused by CAD are atypical, par-
ticularly in women. Hence, the diagnostic workup in patients with
atypical symptoms can be time-consuming and expensive and is
restricted by the availability of specialized imaging modalities, which
are often limited to larger healthcare centres or hospitals.3–6

From a diagnostic viewpoint, the main task of the cardiologist is to
combine and integrate the results of the diagnostic modalities and
conclude whether further cardiologic treatment and care is required
or refer to another specialism for further assessment of differential
diagnosis and extracardiac causes. To meet the growing healthcare
demand and the need to reduce healthcare-related costs, clinical de-
cision support systems (CDSS) to rule out CAD upfront would be of
added value. The systematic collection and storage of routine care
data in electronic health record (EHR) databases enables the use of

large care datasets for CDSS development.7 Furthermore, computer
systems can integrate larger amounts of data and more variables than
human beings, facilitating the exploration of other data sources, such
as raw electrocardiogram (ECG) recording and routinely generated
haematological biomarkers in CDSS development.8–11

Currently, diagnosis of atherosclerosis of the epicardial coronary
arteries by coronary computed tomography angiography (CCTA) is
relatively straightforward for patients with traditional risk factors and
symptoms. However, the diagnosis of non-obstructive (e.g. micro-
vascular disease) yet functionally significant CAD, which is more
prevalent in women than in men, is more challenging.12–15 Patients
with chest discomfort and non-obstructive CAD more often show
coronary microvascular dysfunction.16 Previous studies have shown
that these patients have a higher risk of major adverse cardiac events
and all-cause mortality, and show higher prevalence of stress and psy-
chiatric disturbances, compared to healthy individuals or patients
with macrovascular CAD.14,16–18 Current prediction models have
been solely developed to aid the cardiologist in diagnosing or exclud-
ing CAD on CCTA, yet did not include the presence of functional
CAD, i.e. myocardial ischaemia, in patients without obstructive
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CAD.19–21 Exclusion of both, anatomical CAD (i.e. obstructive) and
functional (i.e. non-obstructive) CAD as part of the disease con-
tinuum requires a broad and open approach, demanding more com-
prehensive datasets exceeding conventional risk factors.

To determine the possibility to provide clinical decision support in
excluding CAD in patients with chest discomfort, we aimed to de-
velop sex-stratified algorithms using EHRs, including raw ECGs and
haematological biomarkers.22 The resulting algorithms predict the
outcome of CAD on CCTA and on stress cardiac magnetic reson-
ance (CMR)/stress single-photon emission computerized tomog-
raphy (SPECT) and could be implemented in clinical care before
imaging is performed.

Methods

Study population and data source
We selected and analysed individual EHR data of patients with available
CCTA and/or stress CMR/stress SPECT between February 1997 and
September 2019 from the Utrecht Patient-Oriented Database (UPOD).
The structure and content of UPOD have been described in more detail
elsewhere.23 In brief, UPOD is an infrastructure of relational databases
comprising EHR data for all patients treated at the University Medical
Center Utrecht (UMC Utrecht), Utrecht, the Netherlands.

Patients who underwent CCTA, SPECT, and/or CMR were selected
based on procedure codes. We excluded: (i) patients under 18 years old,
(ii) patients with SPECT and CMR reports without the presence of the
terms ‘adenosine’ or ‘regadenoson’ to retain only the stress SPECT/CMR
scans, (iii) heart transplant patients, (iv) patients who received imaging for
other reasons such as ablation procedures, transcatheter aortic valve re-
placement planning and pulmonary vein mapping by a combination of
text mining and manually reviewing radiology reports, and (v) patients
with data availability of less than 20%.

For this patient population, we extracted medication prescriptions and
dates (ATC codes), laboratory measurements, complete full blood
counts, cell size, cell complexity, and cell fluorescence [including
research-only parameters from Sapphire Cell-Dyn blood cell analyzers
(Abbott Hematology, Santa Clara, CA, USA), raw ECG data (electrical
activity of the heart as measured in millivolts on two planes), clinical
measurements, and clinical correspondence (radiology reports and cardi-
ology letters)] (Supplementary material online, Table S1).

UPOD data acquisition and management is following current regula-
tions concerning privacy and ethics. All data were pseudonymized before
use in the study. The current study was conducted under the declaration
of Helsinki.

Feature extraction
The dataset used for model development comprised of patients’ most re-
cent data, collected within 12 months before the scan date. Data from
and before baseline year were used to define cardiovascular risk factors,
including medication prescriptions (diabetes mellitus: insulin or oral hypo-
glycaemics ATC A10, hypertension: antihypertensives ATC C02, hyper-
cholesterolaemia: lipid modifying agents ATC C10), measurement data
(hypertension: >3 measurements of which mean systolic blood pressure
> 140 or mean diastolic blood pressure > 90), and laboratory data
(hypercholesterolaemia: total cholesterol > 6 and LDL cholesterol >
3.5). We extracted smoking status using a custom-made data mining algo-
rithm24 (Supplementary material online, Table S1).

Outcome definition
Outcomes were text-mined from radiology reports using a natural lan-
guage processing procedure based on regular expressions to annotate all
affirmative and negative mentions of CAD. The following criteria were
used: (i) absence of CAD on CCTA: negative mentions of plaque, sten-
osis, and/or coronary calcifications, and (ii) absence of functional CAD on
SPECT/CMR: a summed stress score <4 or negative mentions of ischae-
mia and/or perfusion defects. These outcomes were used to develop sep-
arate sex-stratified algorithms to sequentially rule out anatomical and
functional CAD. We positively labelled patients with a history of ischae-
mic heart disease, out-of-hospital cardiac arrest, aneurysms, and/or car-
diac surgery to reduce the false negative risk.

Modelling and statistical analysis
Continuous variables are presented as means and standard deviations or
medians and interquartile ranges and were compared using the unpaired
Mann–Whitney U test (non-normal distributed) or Student’s t-test (nor-
mal distributed). Categorical variables are displayed as frequencies and
percentages and compared with v2 tests. A two-sided P-value of <0.05
was considered significant.

Outcomes were predicted with XGBoost, an optimized Gradient
Boosting algorithm using built-in cross-validation, LASSO (L1), and Ridge
(L2) regularization to prevent overfitting.25 XGBoost is capable of han-
dling sparse data and missing values, which made it suitable for training a
model on our EHR data. The original dataset was randomly split into a
90% training set, on which 10-fold cross-validation was performed and a
10% test set. Predictive features were distinguished from the noise fea-
tures with the Boruta algorithm.26 Hyperparameter optimization was
omitted to avoid the unnecessary risk of overfitting. We did manually set
the number of iterations of the gradient boosting based on the validation
accuracy. Out-of-fold predictions from 10-fold cross-validation were
used for optimization. Because we expected predictive features to differ
between men and women, we developed sex-stratified models. For
model interpretation, we calculated shapley additive explanations
(SHAP) values, where each SHAP value represents the impact that a fea-
ture generates in the prediction.

We labelled a patient as true negative if the probability of no CAD was
>_0.95 and the patient had no CAD. The area under the curve (AUC),
negative predictive value (NPV), the specificity (SPEC), and false negative
rate were assessed as major performance metrics, as we specifically
focused on the absence CAD on CCTA and SPECT/CMR.

All analyses were done using R 3.6.2, RStudio, and Python 3.9.0.

Results

Population characteristics
The study population comprised of 6808 patients in the CCTA set
[33% female; mean age females 54 years (standard deviation, SD
13 years); mean age males 55 years (SD 12 years)], and 3053 patients
in the CMR/SPECT set [41% female; mean age females 63 years (SD
12 years); mean age males 62 years (SD 12 years)]. As for the out-
come variables, 1092 females (48%) and 1908 males (42%) had no
diagnosis of CAD on CCTA, 650 females (47%) and 881 males (45%)
had no diagnosis of CAD on SPECT/CMR. Of all patients in the
CCTA set, 27% had a history of cardiovascular disease (CVD). Of
patients with SPECT/CMR data, 66% had a history of CVD (Table 1).
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..A total of 1421 variables were extracted from UPOD on which
the algorithms were trained (Supplementary material online, Table
S1).

Predicting �0.95 probability of having of
no coronary artery disease on coronary
computed tomography angiography
The CCTA models achieved AUCs of 0.80 (females) and 0.79
(males). Receiver operating characteristic curves are given in
Figure 1. Of all patients who had no diagnosis of CAD on CCTA,
19% (n = 158) (females) and 9% (n = 195) (males) could be identified
with NPVs of 0.95 (females) and 0.96 (males). False negative rates
(type II error) were 0.009 (females) and 0.003 (males), thus, very few
patients had predicted probabilities of >_0.95 of no CAD on CCTA,
while CAD on CCTA was observed.

Shapley values reveal that age had the largest impact on the model
outcome for both females and males, whereby a lower age reduced
the predicted CAD risk (Figure 2). For females, missing sodium corre-
sponded to lower CAD risk, as well as not having prescribed platelet
aggregation inhibitors, and having a higher glomerular filtration rate.
Also, lower mean neutrophil size was associated with lower CAD
risk, as well as lower C-reactive protein and lower immature reticu-
locyte fraction. For males, not having prescribed medication (platelet
aggregation inhibitors and medication for the cardiovascular system)
was associated with lower CAD risk, as well as not having atrial fibril-
lation and hypercholesterolaemia. Lower glucose, lower C-reactive
protein, and lower neutrophil count corresponded to lower CAD
risk. Other features and their impact on the model output can be
found in Figure 2.

Predicting �0.90 probability of having of
no coronary artery disease on single-
photon emission computerized tomog-
raphy/cardiac magnetic resonance
The SPECT/CMR models achieved AUCs of 0.61 (females) and 0.60
(males). Receiver operating characteristic curves are given in
Figure 1. Of all patients who had no diagnosis of CAD on SPECT/
CMR, 4% (n = 158) (females) and 3% (n = 195) (males) could be iden-
tified with NPVs of 0.75 (females) and 0.92 (males). False negative
rates (type II error) were 0.012 (F) and 0.002 (M), thus, very few
patients had predicted probabilities of >_0.90 of no CAD on SPECT/
CMR, while CAD on SPECT/CMR was observed.

For the SPECT/CMR models, less variables had impact on the
model output compared to the CCTA models (Figure 3). For
females, a lower minimum of the ST-segment measured on Lead V4
(5th intercostal space mid clavicular) was associated with lower CAD
risk on SPECT/CMR, as well as the non-use of vasodilators and or-
ganic nitrates. Lastly, missing HDL cholesterol was predictive of
lower CAD risk, as well as lower haemoglobin. For males, the non-
use of platelet aggregation inhibitors, a lower S-peak measured on
Lead V4 (5th intercostal space mid clavicular), a higher P-wave meas-
ured on Lead II, a lower P full area, and a higher ST level at the J point
corresponded to lower CAD risk (Figure 3).

Discussion

In this EHR cohort study, we trained machine learning models to se-
quentially exclude anatomical CAD on CCTA and functional CAD
on CMR/SPECT in patients with chest discomfort [NPVs for CCTA:

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

Table 1 Baseline characteristics CCTA and SPECT/CMR cohorts

CCTA SPECT/CMR

N 6808 3381

Age [mean (SD)] 56.03 (12.34) 61.93 (12.14)

Female sex (%) 2253 (33.1) 1394 (41.2)

Hypercholesterolaemia (%) 2719 (39.9) 2324 (68.7)

Hypertension (%) 1084 (15.9) 2016 (59.6)

Diabetes mellitus (%) 654 (9.6) 733 (21.7)

Atrial fibrillation (%) 1280 (18.8) 358 (10.6)

Platelet aggregation inhibitor use (%)

0 3856 (64.2) 1101 (38.1)

1 or more 2151 (38.5) 1790 (61.9)

Cholesterol (mmol/L) [median (IQR)] 5.20 (4.40–6.10) 4.90 (4.10–5.90)

C-reactive Protein (mg/L) [median (IQR)] 2.70 (1.20–9.30) 4.90 (1.83–33.00)

HDL cholesterol (mmol/L) [median (IQR)] 1.28 (1.07–1.53) 1.26 (1.04–1.53)

LDL cholesterol (mmol/L) [median (IQR)] 3.10 (2.40–3.90) 2.70 (2.10–3.60)

Creatinine (mmol/L) [median (IQR)] 94.00 (80.00–111.00) 92.00 (81.00–106.00)

BMI [median (IQR)] 25.86 (23.41–28.91) 26.40 (23.71–29.45)

Systolic blood pressure (mmHg) [median (IQR)] 135.00 (122.00–150.00) 138.00 (121.00–156.00)

Mean arterial pressure (mmHg) [median (IQR)] 99.00 (91.00–108.00) 97.00 (87.00–107.00)

Diastolic blood pressure (mmHg) [median (IQR)] 81.00 (74.00–89.00) 80.00 (70.00–86.00)

14 L.M. Overmars et al.
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0.95 (F) and 0.96 (M), NPVs for CMR/SPECT <_ 0.73]. Relevant fea-
tures in the models reflect current care. Furthermore, we demon-
strate additional value for haematological biomarkers and raw ECG
data to exclude CAD. Lastly, our results confirm the importance of
sex-stratification of algorithms in cardiology to capture differences in
predictor variables between sexes.

Performance of the SPECT/CMR models is inferior to that of the
CCTA models and a probability of no CAD on SPECT >_0.95 conse-
quently was reached in only few patients. Hence, the threshold for
the probability of no CAD on SPECT/CMR had to be lowered to
0.90 for further analyses. Many risk factors for CAD are well estab-
lished and implemented in clinical care, such as smoking, increased
body mass index, and hyperlipidaemia.27 Therefore, these parame-
ters are routinely assessed by healthcare professionals recorded in
the EHR and constitute important features in our models. Evidence
on underlying mechanisms of non-obstructive CAD in the absence
CAD on CCTA is scarce and not yet included in the clinical cardi-
ology workflow, resulting in less evidence in EHR data to exclude
CAD on SPECT/CMR. We found some evidence for the importance
of haematological and ECG data, yet these could not fully grasp the
disease.

Larger mean neutrophil size and larger immature reticulocyte frac-
tion were important for the exclusion of CAD on CCTA in women.
Given the novelty of the haematology data, it can be challenging to in-
terpret these and other haematological predictors biologically.
However, previous studies established comparable associations be-
tween similar haematological parameters and major adverse cardio-
vascular events following coronary angiography or the extent of
coronary calcifications.8–11,28 These unique haematology data and
raw ECG data allowed us to analyse data beyond traditional risk fac-
tors in the EHR and provide opportunities to find new directions for
research into CAD.

Our results underline the importance of looking beyond standard
cardiovascular modifiable risk factors (SMuRFs) diabetes, hyperten-
sion, smoking, and hypercholesterolaemia when making the decision
for or against further cardiac imaging in patients presenting with chest
discomfort, since SMuRFs may not explain the entire burden of
CAD.29 In fact, the absence of SMuRFs does not guarantee absence
of significant CAD. Studies have shown that individuals presenting
with ST-elevation myocardial infarction have a significantly increased
risk of mortality in the absence of SMuRFS compared to patients with
at least one SMuRF, which was found to be particularly applicable to

Figure 1 Receiver operating characteristic curves train (black) and test (red) data of the sex-stratified coronary computed tomography angiography
and single-photon emission computerized tomography/cardiac magnetic resonance models. (A) Receiver operating characteristic curve of the female
coronary computed tomography angiography model. (B) Receiver operating characteristic curve of the male coronary computed tomography angiog-
raphy model. (C) Receiver operating characteristic curve of the female single-photon emission computerized tomography/cardiac magnetic resonance
model. (D) Receiver operating characteristic curve of the male single-photon emission computerized tomography/cardiac magnetic resonance model.
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A

B

Figure 2 Shapley summary plots for coronary computed tomography angiography model interpretation. (A) Shapley additive explanations values
corresponding to the female coronary computed tomography angiography model. (B) Shapley additive explanations values corresponding to the male
coronary computed tomography angiography model. Features are ranked according to its importance to the model output. The colour represents
the value each feature can take, grey for missing values, red for high values, and blue for low values. Low shapley additive explanations values push the
model towards class 0 (no coronary artery disease), high shapley additive explanations values push the model output towards class 1 (coronary artery
disease).

16 L.M. Overmars et al.
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.women.30 According to our findings and through new, data-driven
techniques, SMuRFs may eventually be expanded to provide even
more targeted risk stratification support at the time of referral, as
also suggested in other studies.30,31 However, data-driven
approaches such as ours are not suited for determining causal factors
and more research is needed on the role of predictor variables in the
aetiology of CAD.

A previous study suggested to incorporate the coronary artery cal-
cium score (CACS), next to clinical features, to predict pretest likeli-
hood of CAD on CCTA.32 However, the CACS this still requires a
computed tomography scan to introduce this feature to the machine
learning models. Using only features derived from the EHR as they
are generated in clinical practice, as in our study, circumvents this.

Other research suggested that the initial Diamond–Forrester model,
consisting of age, sex, type of chest pain, overestimated the probabil-
ity of CAD in a contemporary cohort, especially in women.33

However, there was no further consideration of functional causes of
chest pain in these women, which may cause CAD to be incorrectly
excluded. Currently, no model for the exclusion diagnosis of CAD
on CCTA and SPECT/CMR exists which uses comprehensive haem-
atological and ECG parameters. Our results suggest that adding these
features, if available, can help excluding CAD safely.

This study has several strengths. First, to the best of our know-
ledge, this is the first large study on EHR data predicting the absence
of CAD on both CCTA and SPECT/CMR by routinely available clinic-
al data. This includes both, anatomical coronary abnormalities and
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Figure 3 Shapley summary plots for single-photon emission computerized tomography/cardiac magnetic resonance model interpretation. (A)
Shapley additive explanations values corresponding to the female single-photon emission computerized tomography/cardiac magnetic resonance
model. (B) Shapley additive explanations values corresponding to the male single-photon emission computerized tomography/cardiac magnetic reson-
ance model. Features are ranked according to its importance to the model output. The colour represents the value each feature can take, grey for
missing values, red for high values, and blue for low values. Low shapley additive explanations values push the model towards class 0 (no coronary ar-
tery disease), high shapley additive explanations values push the model output towards class 1 (coronary artery disease).
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.
reduced perfusion or myocardial ischaemia, whether caused by sig-
nificant coronary obstruction or microvascular dysfunction. As our
models were made based on readily available data derived from rou-
tine care, with no need for additional testing of biomarkers or re-
search parameters, this can help translation into the clinic. Second,
we made use of unique and extensive haematological data showing
that novel, relatively unexamined parameters are associated with
CAD. Third, we decided to include patients with cardiovascular his-
tory in our analyses, as in practice, there is no need to distinguish be-
forehand between subjects with or without prior known CVD.
Finally, we applied the recent insights regarding sex differences in the
aetiology of cardiovascular disease and our sex-stratified models
underline the differences in associated factors between men and
women.

Several study limitations should be considered. First, as we trained
our models on EHR data of a third-line hospital in the Netherlands,
our findings cannot be generalized or directly translated to other
centres. It is therefore also important to note that the initial percentage
of normal CCTA scans (males 41%, females 48%), and normal SPECT/
CMR scans (males 45%, females 48%) was relatively low compared to
other reports.34 This is most likely due to our mentioned third-line
hospital population. In many cases, cardiovascular disease had already
been excluded at an earlier stage in many low-risk patients before being
referred to a third-line centre. Therefore, future work is needed to as-
sess whether our models can be applied in other, low-risk populations.
Second, an important characteristic of EHR data is the large number of
missing values because of the heterogeneous hospital population and
associated protocols. Missing data in EHR however must not be misin-
terpreted as irrelevant as any clinical consideration leading to not in-
clude certain measures or parameters are usually specific for the
individual case. Imputing EHR data therefore introduces significant
non-random bias and was hence disregarded in our study. Instead, we
chose to use the XGBoost algorithm which treats the missing values as
an additional category and feature presence as additional parameters
as their lack of recording usually also conveys relevant information.
Third, due to the design of the study, we are unaware of the specific
symptoms of the included patients. Therefore, it is possible that
patients were included that are out of scope for the future CDSS. This
may cause noise in the training set, reducing the algorithm’s perform-
ance. Worst-case, this would lead to overestimating the total number
of CCTA/SPECT/CMR scans required, which would be performed
anyhow without the application of the algorithm.

Conclusions

This study provides promising results for exclusion of anatomical and
functional CAD in patients suspect of CAD using EHR data, including
extensive haematological data. Built into a CDSS, these algorithms
may help guide clinical practice for individual patients and improve
the sustainability of the healthcare system.

Supplementary material

Supplementary material is available at European Heart Journal – Digital
Health online.
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