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ABSTRACT
Objectives Predicting the presence or absence of 
coronary artery disease (CAD) is clinically important. 
Pretest probability (PTP) and CAD consortium clinical 
(CAD2) model and risk scores used in the guidelines 
are not sufficiently accurate as the only guidance for 
applying invasive testing or discharging a patient. 
Artificial intelligence without the need of additional 
non- invasive testing is not yet used in this context, 
as previous results of the model are promising, but 
available in high- risk population only. Still, validation in 
low- risk patients, which is clinically most relevant, is 
lacking.
Design Retrospective cohort study.
Setting Secondary outpatient clinic care in one Dutch 
academic hospital.
Participants We included 696 patients referred from 
primary care for further testing regarding the presence 
or absence of CAD. The results were compared with PTP 
and CAD2 using receiver operating characteristic (ROC) 
curves (area under the curve (AUC)). CAD was defined 
by a coronary stenosis >50% in at least one coronary 
vessel in invasive coronary or CT angiography, or having 
a coronary event within 6 months.
Outcome measures The first cohort validating 
the memetic pattern- based algorithm (MPA) model 
developed in two high- risk populations in a low- risk to 
intermediate- risk cohort to improve risk stratification 
for non- invasive diagnosis of the presence or absence 
of CAD.
Results The population contained 49% male, average 
age was 65.6±12.6 years. 16.2% had CAD. The AUCs of 
the MPA model, the PTP and the CAD2 were 0.87, 0.80, 
and 0.82, respectively. Applying the MPA model resulted 
in possible discharge of 67.7% of the patients with an 
acceptable CAD rate of 4.2%.
Conclusions In this low- risk to intermediate- risk 
population, the MPA model provides a good risk 
stratification of presence or absence of CAD with a 
better ROC compared with traditional risk scores. 
The results are promising but need prospective 
confirmation.

INTRODUCTION
Coronary artery disease (CAD) is multifac-
torial, that is, influenced by multiple risk 
factors, environmental factors and genetic 
predisposition. Clinical presentation of CAD 
is diverse, making the diagnosis difficult. 
Predicting the likelihood of having CAD is 
important for clinical decision- making and to 
define the need for further testing.1 2 Incor-
poration of elements in addition to cardiovas-
cular risk factors, like metabolic syndrome,3 
plasma C reactive protein,4 coronary artery 
calcium, carotid intima- media thickness and 
ankle- brachial index, was partially successful 
in improving prediction of CAD.5 However, 
the true added value remains largely unclear.6 
Moreover, some of them require additional 
diagnostic tools such as CT scan or high- 
resolution echography, which are costly, 

STRENGTHS AND LIMITATIONS OF THIS STUDY
 ⇒ First validation study of an artificial intelligence (AI) 
model in a low- risk to intermediate- risk cohort with-
out the use of any additional non- invasive or inva-
sive tests.

 ⇒ The memetic pattern- based algorithm model uses 
many easily available variables like blood results, 
ECG parameters and history of the patient in an out-
patient clinic setting.

 ⇒ This validation study, comparing an AI model with 
the pending risk scores, is performed in real- world 
data of patients in an outpatient setting.

 ⇒ Strength is the validation in a real- world data set of 
outpatient clinic patients, where risk stratification is 
most necessary.

 ⇒ Limitation is the absence of invasive coronary an-
giography in all patients because it was only per-
formed in the cohort when clinically indicated in 
patients.
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expose patients to radiation or are investigator depen-
dent. These shortcomings resulted in a negative state-
ment from the US Preventive Services Task Force in using 
these additional factors as screening tools for diagnosis 
of CAD.7

The guidelines in the USA recommend using the 
Diamond and Forrester (DF) score, while the European 
Society of Cardiology (ESC) guidelines use a pretest prob-
ability (PTP) score that is an extended score from the DF 
score,8 and in 2019 reupdated reviewing pooled analysis.9 
Canadian and The National Institute for Health and Care 
Excellence (NICE) guidelines recommend using the 
Duke clinical score, estimating the probability of obstruc-
tive CAD defined as a coronary artery stenosis of >50% 
on coronary CT angiography (CCTA) or invasive coro-
nary angiography (ICA).10 11 These scores, however, may 
result in an overestimate of the probability of CAD, espe-
cially in women, and accuracy is limited.8 12 An update 
from the American College of Cardiology/American 
Heart Association states using additional risk- enhancing 
factors to guide decisions, but beside a calcium score, it 
is not further specified in the present guidelines.13 The 
CAD consortium clinical (CAD2) model incorporates 
these risk factors to the risk score with a slightly better 
result compared with the PTP.12 14 However, this model 
needs caution when used in high- risk population.12 15 
Recent analysis provided promising results for the use of 
multiple biomarkers in predicting the presence of CAD.16 
However, the excellent accuracy of the model could not 
be confirmed in an independent cohort.17 In contrast, 
memetic pattern- based algorithm (MPA)- based artificial 
intelligence (AI) combines multiple methods rather than 
relying on a single statistical method. Based on general 
clinical parameters and routine laboratory results, it 
accurately predicted CAD in two independent high- risk 
cohorts and a simulated low- risk to intermediate- risk 
cohort.18 19 Validation in a real- life low- risk to intermediate- 
risk population, where a sensitive, non- invasive screening 
tool to exclude the presence of CAD is most important, is, 
however, lacking. Therefore, this study aims to apply and 
validate the BASEL/LURIC MPA18 19 model in a low- risk 
to intermediate- risk population referred by general prac-
titioners (GPs) for cardiology evaluation of CAD.

METHODS
Study population
The cardiovascular clinic (CVC) cohort included 4344 
patients, aged >18 years old, who were referred by GPs to 
the cardiology outpatient clinic at Maastricht University 
Medical Centre between April 2006 and November 2011.

The clinical charts of 903 patients missed important 
information concerning history, physical examination, 
diagnostic investigations or outcome. Of the remaining 
3441 patients, 853 patients could not be classified 
regarding the presence or absence of CAD (see below); 
and in additional 789 patients, no blood sampling was 
performed. Of the remaining 1799 patients, 700 patients 

were randomly selected, based on the power calculation. 
In four patients, blood tests were not accurate (haemo-
lysis), leaving 696 patients for this analysis.

Patient and public involvement
Patients were not involved.

Sample size calculation
Power calculation was performed prior to analysis. Area 
under the curve (AUC) estimation was done with DeLong 
et al method.20 For AUC=0.87 and prevalence=16% to 
reach 95% CI +−0.05 (from 0.82 to 0.92), the required 
number of observations is 531.

Sensitivity and specificity test: for true positive ratio 
(TPR)=80% and false positive ratio (FPR)=20% and prev-
alence=16% to reach 95% CI of +−8% for TPR and +−4% 
for FPR, the required number of observations is 601.

Because of the retrospective nature of the study, it was 
uncertain how many samples might provide inaccurate 
results. To be on the safe side, it was decided to analyse 
blood samples from 700 patients.

Patient evaluation: diagnosis of CAD
The patients of the CVC cohort underwent the same eval-
uation as performed in the BASEL and LURIC cohort,18 19 
comprising clinical evaluation, including patient history 
and physical examination, 12- lead ECG and labora-
tory tests. Most patients underwent a stress- ECG and 
an echocardiography, which was decided based on the 
referral letter by the GP. It was left to the cardiologist 
who screened these letters to decide as to whether these 
examinations were performed. Based on the clinical 
assessment of the cardiologist, further examinations were 
performed. These included CCTA, nuclear imaging and 
ICA; that is, not all patients underwent ICA. Because of 
the lower risk of CAD, performing invasive testing in all 
patients would have been ethically inacceptable. When an 
ICA was performed, standard Judkins technique was used. 
The presence of >50% stenosis in at least one coronary 
vessel by visual interpretation was classified as significant 
CAD. In patients who did not undergo ICA, assessment 
of CCTA was used (at least one >50% stenosis) unless 
artefacts made interpretation impossible. In patients who 
did not undergo CCTA or where it was not interpretable, 
diagnosis of CAD was made if patients had a coronary 
event related to CAD within 6 months after the initial 
evaluation. Exclusion of CAD required either the absence 
of a significant stenosis in any vessel in ICA or CCTA or 
a follow- up without any cardiac event for at least 3 years 
after initial testing if no ICA or CCTA was performed or 
results were not interpretable. Patients who could not 
be classified based on these criteria (ie, cardiac event 
between 6 months and 3 years or no sufficient follow- up) 
were excluded from the analysis.

Application of the MPA
The model was originally developed on the basis of the 
BASEL Study18 and then optimised and further validated 
using the LURIC Study.18 19 The model is a multilayer 
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non- linear complex classifier derived from evolutionary 
learning optimisation process by applying, combining 
and finding optimal parameterisation of multiple 
methods from the field of pattern recognition and 
machine learning as described before19 and summarised 
below. More details regarding the development of the 
MPA model are added in the online supplemental files.

The following variables were included. Clinical: age, 
sex, weight, height, presence and type of chest pain, 
diabetes, nicotine use, pathological Q- waves (at ECG), 
systolic and diastolic blood pressure and relevant medi-
cation like statin use; laboratory results: mean corpus-
cular haemoglobin concentration (MCHC), white blood 
cells, urea, uric acid, troponin, glucose, total cholesterol, 
low- density lipoprotein cholesterol, high- density lipopro-
tein cholesterol, alanine aminotransferase (ALAT), alka-
line phosphatase, amylase, total protein, albumin and 
bilirubin. Three of these input variables (pathological 
Q- waves, white blood cells and MCHC) were not available 
in the data collected in the CVC cohort and the missing 
values were replaced with a constant value within the 
normal range. Missing values in body mass index (n=205), 
systolic and diastolic blood pressure (n=73) variables 
were replaced by the median value within corresponding 
age group and sex. Missing values regarding smoking 
(n=140) were replaced with 0 (non- smoker).

Statistical methods
As described in detail previously,18 19 the MPA model is 
a highly automated data- driven process, deriving the 
optimal solution for the particular classification problem 
on the basis of available data. The risk score discriminates 
either the presence or absence of CAD. The following 
statistics describe the quality of validation of the model:

 ► Discriminating quality of the risk score (receiver 
operating characteristic (ROC) curve, area under the 
ROC curve).

 ► Quality of the model diagnostic decisions (ie, sensi-
tivity, specificity, positive predictive value, negative 
predictive value (NPV)) in the three lowest classes.

 ► Discriminating and diagnostic quality of risk classes 
(risk at class, relative size of class).

The model quality was compared with results of clini-
cally used methods including the updated PTP and the 
CAD2 score. ROC curves are used for comparing the 
discriminating power of the scores. For diagnostic deci-
sion comparison, the thresholds defined by the guide-
lines were applied to the PTP and CAD2 score.21 22 The 
risk classes were defined as follows:

 ► PTP <5% (no further testing)=class 1
 ► PTP from 5% to 15% (may consider non- invasive test-

ing)=class 2
 ► PTP from 15% to 50% (CCTA for exclusion of CAD)=-

class 3
 ► PTP from 50% to 85% (non- invasive ischaemia test-

ing)=class 4
 ► PTP from 85% to 100% (direct ICA)=class 5
For even better prediction of the CAD risk, we cali-

brated the MPA model thresholds on the basis of the 
new ESC guidelines21 and a priori information from the 
LURIC paper19 without using any information from this 
study. The full details of risk class thresholds applied 
to the MPA model, PTP and CAD2 scores are shown in 
table 1.

Disease consortium clinical
Data are shown as number and percentages, mean (±SD) 
or median (IQR), as appropriate. Group comparisons 
were done using χ², Student’s t- test or Mann- Whitney U 
test as appropriate. A p value of <0.05 was considered 
to be statistically significant. Statistical analysis was done 
with the use of SPSS V.25.0.

RESULTS
Baseline characteristics of the CVC population are shown 
in table 2. The average age was 65.6±12.6 years and 
approximately half were women. Thirty- seven per cent of 
the patients were referred to the outpatient clinic because 
of chest pain, 20% palpitations, 11% dyspnoea, 4% 
fatigue, 1% oedema. Sixty- nine per cent of the patients 
had primary or secondary complaints of chest pain, one- 
third complained about dyspnoea. Twenty- eight per cent 
of the patients complained about palpitations, 12% of the 

Table 1 Risk class of the thresholds and (expected) prevalence of CAD used for the optimised MPA model, PTP and CAD2 
scores

CAD risk classes
MPA model
ESC adjusted PTP score CAD2 score

Class 1 Very low risk 0%–5% 0%–5% 0%–5%

Class 2 Low risk 5%–70% 5%–15% 5%–15%

Class 3 Medium risk 15%–50% 15%–50%

Class 4 High risk 70%–85% 50%–85% 50%–85%

Class 5 Very high risk 85%–100% 85%–100% 85%–100%

CAD, coronary artery disease; CAD2, CAD consortium clinical; ESC, European Society of Cardiology; MPA, memetic pattern- based algorithm; 
PTP, pretest probability.

https://dx.doi.org/10.1136/bmjopen-2021-055170
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patients complained about vertigo and 3% suffered from 
oedema. Cardiac risk factors were relatively common.

The prevalence of CAD was 16.2% (113 out of 696 
patients). In 116 patients (17%), ICA was performed, of 
which 32 patients (28%) had no CAD. In classes 1 based 
on the MPA model, 10 patients underwent an ICA, none 
of which had CAD. In 217 patients (31%), CCTA was 
performed, of which 172 patients (79%) had no CAD. In 

class 5 as defined by ESC guideline threshold, 15 patients 
underwent a CCTA, of which 12 (80%) had CAD.

Results of the distribution of patients in the risk classes 
of the three models and the effective rate of CAD are 
shown in table 3. The MPA model performed significantly 
better in terms of AUC than the PTP and the CAD2 scores 
(figure 1 (p<0.0005)); the prevalence of CAD ranged from 
4,2% in class 1 and increased to 76.3% in class 5. There 

Table 2 Baseline characteristics of the CVC population

Missing values

All patients CAD present CAD absent

P value(n=696) (n=113) (n=583)

Male sex 0 341 (49%) 89 (79%) 252 (43%) <0.001

Age, years 0 65.6±12.6 72.1±10.3 64.3±12.6 <0.001

Height, cm 195 170±10 171±9 170±10 0.053

BMI, kg/m2 205 27.9±5.4 27.9±4.1 27.8±5.6 0.25

Systolic blood pressure, mm Hg 73 143±24 146±22 143±24 0.04

Diastolic blood pressure, mm Hg 73 85±13 85±11 85±13 0.79

Typical angina 0 214 (31%) 73 (65%) 141 (24%) <0.001

Atypical angina 0 263 (38%) 18 (16%) 245 (42%) <0.001

Asymptomatic 0 219 (31%) 22 (19%) 197 (34%) 0.004

Shortness of breath 0 229 (33%) 46 (41%) 183 (31%) 0.069

Non- smoker 140 256 (37%) 36 (32%) 220 (38%) 0.28

Prior smoker 140 149 (21%) 32 (28%) 117 (20%) 0.067

Current smoker 140 151 (22%) 23 (20%) 128 (22%) 0.8

Diabetes 0 75 (11%) 17 (15%) 58 (10%) 0.152

Statin 0 308 (44%) 87 (77%) 221 (38%) <0.001

Platelet inhibitors 0 251 (36%) 89 (79%) 162 (28%) <0.001

ACE inhibitor or Angiotensine II 
receptor antagonist

0 244 (35%) 51 (45%) 193 (33%) 0.019

Calcium antagonist 0 104 (15%) 21 (19%) 83 (14%) 0.297

Beta- blockers 0 269 (39%) 85 (75%) 184 (32%) <0.001

Diuretics 0 130 (19%) 21 (19%) 109 (19%) >0.99

Nitrates 0 111 (16%) 56 (50%) 55 (9%) <0.001

Troponin, pg/mL 0 5 (0–9) 9 (5–17) 5 (0–7) <0.001

Pancreas amylase, µmol/L 0 28±12 28±11 28±13 0.707

Alkaline phosphatase, µmol/L 0 68±24 67±18 69±25 0.933

Alanine amiotransferase (ALAT), 
µmol/L

0 32±18 33±18 31±18 0.056

Bilirubin, µmol/L 0 10±5 10±5 10±6 0.566

Urea, mmol/L 0 5.5±1.9 6.1±2.2 5.4±1.8 0.001

Uric acid, µmol/L 1 321±89 355±98 314±86 <0.001

Cholesterol (total), mmol/L 0 5.5±1.3 5.1±1.4 5.5±1.2 0.001

LDL- cholesterol, mmol/L 0 3.4±1.2 3.2±1.2 3.5±1.1 0.015

HDL- cholesterol, mmol/L 0 1.3±0.4 1.1±0.3 1.3±0.4 <0.001

Protein (total), g/L 0 70±6 69±6 70±5 0.143

Albumin, g/L 0 38.7±3.6 37.8±3.6 38.9±3.6 0.003

Glucose, mmol/L 0 5.9±2.7 6.2±2.3 5.9±2.8 0.029

BMI, body mass index; CAD, coronary artery disease; CVC, cardiovascular clinic; HDL, high- density lipoprotein; LDL, low- density lipoprotein.
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was a high NPV (95.8%), as shown in table 4. Importantly, 
this class represent almost 70% of the patients.

In the very low- risk group, 4.2% had CAD, using the 
MPA model, and no CAD applying the PTP or the CAD2 
score, but the proportion in this group was more than 
twice as large using MPA or CAD2 compared with PTP. 
In classes 2–3 (low- medium risk), compared with PTP 
and CAD2, the MPA group was up to five and four times 
smaller, with a slightly higher CAD presence. In class 4 
(high risk), the percentage of the total population for 
MPA was comparable with the PTP and half of CAD2. 
Prevalence of CAD was similar using PTP and CAD2 and 
more than 20% higher in the PTP score. The CAD2 score 
is 1.7% in class 5 and PTP zero patients, while in the MPA 
model, it was up to 8.5% of the population.

Comparing tables 1 and 3, there are differences 
between actual disease prevalence and the a priori risk 
estimate in the higher classes. The MPA model and CAD2 
score overestimate the risk in class 4. The PTP score is in 
line with the expected prevalence of CAD, but provides 
0% of patients in the very high class and only 7% in the 
very low risk. The PTP score and CAD2 score have high 
percentages of intermediate risk (classes 2, 3 and 4), 
respectively, 93% and 82.3%, compared with 23.9% in the 
MPA model.

DISCUSSION
The present study shows that the AI- based MPA 
model is able to predict the presence of CAD with 
good accuracy in a truly low- risk to intermediate- risk 
population where accurate screening is most rele-
vant. By combining easily available clinical param-
eters and generally available blood tests, it achieved 
an accuracy comparable with the currently best non- 
invasive tests, but likely lower costs, no potential risk 
and applicability in primary care. This may make the 

Table 3 Comparison of the models divided into five risk 
classes

CAD risk 
classes

MPA model ESC 
adjusted PTP score CAD2 score

Class 1
Very low 
risk

4.2% (67.7%) 0.0% (7.0%) 0.0% (16.0%)

Class 2
Low risk

21.6% (16.7%) 6.1% (33.2%) 6.6% (28.5%)

Class 3
Medium 
risk

16.9% (51.7%) 15.9% (37.9%)

Class 4
High risk

46.0% (7.2%) 67.9% (8.1%) 43.0% (15.9%)

Class 5
Very high 
risk

76.3% (8.5%) n.a. (0.0%) 83.3% (1.7%)

Prevalence of CAD percentage in a class. Within parentheses is the 
percentage of the population in this class. Prevalence of CAD in the 
total CVC population is 16%.
Green: effective risk for CAD <5%, excluding CAD without further 
testing; yellow: effective risk for CAD 5%–70%, requiring further non- 
invasive testing; orange: effective risk of CAD >70%, requiring direct 
invasive angiography. No model provided a group with sufficient 
prevalence to make the diagnosis of CAD (ie, >85%).
CAD, coronary artery disease; CAD2, CAD consortium clinical; CVC, 
cardiovascular clinic; ESC, European Society of Cardiology; MPA, 
memetic pattern- based algorithm; n.a., not applicable; PTP, pretest 
probability.

Figure 1 AUC of the MPA model, PTP and CAD2 on the 
CVC cohort. MPA model AuROC 0.87 (95% CI 0.84 to 0.91); 
PTP AuROC 0.80 (95% CI 0.76 to 0.85); Coronary Artery 
Disease consortium clinical (CAD cons clinical/CAD2) AuROC 
0.82 (95% CI 0.79 to 0.85). AUC, area under the curve; 
AuROC, area under the receiver operating characteristic; 
CVC, cardiovascular clinic; FPR, false positive ratio; MPA, 
memetic pattern- based algorithm; PTP, pretest probability; 
TPR, true positive ratio.

Table 4 Model validation results on CVC sample compared 
with PTP and CAD2 score: diagnostic decisions comparison

MPA model
ESC adjusted
>5%

PTP score
>15%

CAD2 score
>15%

AuROC 0.87 0.80 0.82

AuROC 95% CI 0.84 to 0.91 0.76 to 0.85 0.79 to 0.85

Sensitivity 82.3% 87.6% 88.5%

Specificity 77.4% 45.6% 50.8%

PPV 41.3% 23.8% 25.8%

NPV 95.8% 95.0% 95.8%

FPR 22.6% 54.4% 49.2%

FNR 17.7% 12.4% 11.5%

AuROC, area under the ROC curve; CAD2, Coronary Artery Disease 
consortium clinical; CVC, cardiovascular clinic; ESC, European Society 
of Cardiology; FNR, false negative ratio; FPR, false positive ratio; MPA, 
memetic pattern- based algorithm; NPV, negative predictive value; 
PPV, positive predictive value; PTP, pretest probability; ROC, receiver 
operating characteristic.
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model attractive for clinical implementation. Table 5 
summarises the advantages of the MPA model.

The model was developed in a high- risk popula-
tion (BASEL)18 and further extended, optimised and 
validated in another high- risk population (LURIC).19 
The latter study also included a simulated low- risk 
population, showing promising results. However, 
such simulation is only useful for hypothesis gener-
ation. Validation in an independent, real low- risk to 
intermediate- risk population was required and nicely 
shown by the results of this study.

A strength of this study is that it included a popula-
tion that is relevant in daily practice, as non- invasive 
testing is most useful in patients with low to interme-
diate risk. The prevalence of CAD of the CVC cohort 
is in line with recently published pooled data of three 
large- scale studies,9 21 23 24 and much lower than the 
cohorts in which the model was developed (66% and 
68%, respectively).18 19 This may be clinically rele-
vant as the cohorts were completely independent, 
confirming the accuracy of the MPA model, which 
may make it suitable for screening in such a low- risk 
to intermediate- risk population.

The MPA model uses only easily available clinical 
and laboratory variables. Together with the accurate 
results with a comparable AUC in all three indepen-
dent cohorts, it may generate a risk prediction model 
that is attractive to use in clinical practice, comparing 
favourably with the traditional risk scores, as a much 
larger percentage of the population can be reassured 
without further testing. It may be argued if pooling 
of the first three classes is adequate. Safety of such 
an approach needs to be prospectively tested to inves-
tigate the clinical consequences of using MPA in 
screening processes of CAD detection. Still, given the 
good prognosis of mild stable CAD, it is very likely that 
such an approach is safe. Only a reduced number of 
patients would be advised for additional non- invasive 

testing, resulting in less false positive findings. This 
may prevent the overuse of invasive testing and risk of 
causing harm to patients due to complications.

There may be an economic advantage using the 
MPA model, providing high accuracy at lower costs. In 
addition, beneficial effect can be expected to reduce 
the expected shortage in healthcare resources due to 
the ageing patient population with increasing risk of 
CAD. Patients with identified need for further diag-
nostic testing, either non- invasive or invasive, would 
have a shorter waiting time performing a test because 
a substantial number of patients would not need such 
testing. Therefore, using the MPA model in daily prac-
tice has the potential to much better target diagnos-
tics and as consequence therapies.25

The ESC guidelines from 2013 recommended not 
performing any additional testing in patients with 
PTP of <15%.24 This value was pragmatically based 
on high risk of false positive results and, as a conse-
quence, performing no test may result in fewer incor-
rect findings.24 In clinical practice, however, much 
lower thresholds are usually applied which is in line 
with the overall CAD prevalence of 16% in our popu-
lation referred by GPs for further evaluation by cardi-
ologists. It is questionable if a 15% risk of having 
CAD is really acceptable in clinical practice. Unfor-
tunately, proper evidence is lacking concerning best 
cut- off values for excluding the diagnosis of CAD. The 
2019 ESC guidelines on chronic coronary syndromes 
changed the cut- off value to <5% for exclusion for 
further testing,21 which is more in line with the NICE 
and US guidelines, using <10% and <5%.11 22

A cut- off value of <5% would basically exclude almost 
all patients if the 2013 PTP risk score of the ESC was 
used24 as the 2013 PTP overestimated the prevalence of 
CAD significantly,21 which is also the case in our CVC 
cohort. The updated PTP score provides more realistic 
estimates, at least in the lower range.8 9 12 22 Compared 

Table 5 Advantages and limitations of the MPA model

MPA model in risk assessment of CAD

Advantages Easily usable variables making it applicable in outpatient clinic

No additional non- invasive or invasive testing required

Reliable in high- risk and low- risk to intermediate- risk populations

High AUC scores BASEL high- risk cohort 0.82

LURIC high- risk cohort 0.87

CVC low- risk to intermediate- 
risk cohort

0.87

Promising compared with traditional risk scores

Limitations Retrospective analysis, prospective analysis is lacking

Low percentage of CCTA or ICA for detection of CAD

MINOCA/CMD is not considered

AUC, area under the curve; CAD, coronary artery disease; CCTA, coronary CT angiography; CMD, coronary microvascular dysfunction; 
CVC, cardiovascular clinic; ICA, invasive coronary angiography; MINOCA, myocardial ischaemia with non- obstructive coronary arteries; 
MPA, memetic pattern- based algorithm.
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with the PTP score, the CAD2 appears to improve the 
prediction of low- risk patients with <15% probability of 
CAD.12 Overestimating the risk in the low- risk population 
can explain the high cut- off value of the low- risk group 
in the 2013 ESC guideline, which is corrected in the new 
guideline, whereas the US guidelines were already stricter 
in this regard.21 22 24

The ESC guidelines advise non- invasive testing in a 
PTP between 5% and 85%,21 of which CCTA is recom-
mended in low- risk to intermediate- risk patients 
because of its high NPV and non- invasive perfusion 
imaging for ischaemia for the higher intermediate- 
risk group.21 In those with a probability of >85%, 
direct ICA is recommended, but such a probability 
cannot be achieved by PTP. Thresholds for ICA after 
non- invasive testing are not provided.21 The in a low 
risk developed CAD2 score is clearly performing less 
in high- risk populations.15 26 The US and NICE guide-
lines advise direct ICA at a risk of >70% and >61%, 
respectively.11 22 In addition, the NICE guidelines 
overestimate the presence of CAD by 18.4% compared 
with the 2013 ESC guidelines27 that would result in 
even more patients directly referred for diagnostic 
ICA. In clinical practice, patients with relatively high 
risk often get invasive testing despite normal non- 
invasive testing, because the presence of obstructive 
CAD cannot be ruled out, especially if an exclusion 
cut- off value <5% is applied.21 Therefore, the best cut- 
off value for direct ICA needs to be determined and 
should probably be lower than 85%, and more in line 
with the US guidelines, that is, 70%.22

The ESC guidelines lack clear recommendation 
about assessing the clinical risk of CAD. The PTP is 
based on sex, age and the nature of symptoms only. 
To provide a more accurate estimation of risk, the 
guidelines recommend additional information such 
as a resting ECG, cardiovascular risk factors, cardiac 
dysfunction and/or the calcium score. However, 
they do not provide concrete recommendations in 
this regard and no estimation of risk based on the 
combination of these factors is provided to deter-
mine the overall clinical likelihood of obstructive 
CAD.21 The lack of a clear and easy- to- use risk clas-
sification may result in heterogeneous interpretation 
of these recommendations and unnecessary overuse 
of (non- invasive) diagnostic testing, in contrast to the 
MPA model. Not mentioned specific in the pending 
guidelines, CAD2 score incorporates these risk 
factors.12 15 21 With additional adjustment according 
to the ESC guideline thresholds,21 the MPA model 
could be further improved to exclude CAD in a large 
part of the patients and identify approximately 9%, 
where direct ICA would be reasonable. This would 
make non- invasive testing in less than one- quarter 
necessary, which is significantly less compared with 
the PTP and CAD2, respectively, over 90% and 80% 
in need of additional non- invasive testing. Obviously, 
the accuracy and clinical use of such an ESC- adjusted 

MPA model need to be proven in additional cohorts, 
and prospective testing is required.

Most AI and deep learning models are not 
compared against each other and most have not been 
validated in more than one independent cohort. 
Previously published models do not perform supe-
rior, when only readily available data is used, as in 
the MPA model, without inclusion of noninvasive or 
invasive tests.28 When CT coronary or calcium score 
is included in other models, the AUC is in compar-
ison with our results.28 29 A recent paper compared 
six AI algorithms applying them in a openly available 
data set predicting CAD with similar to even slightly 
better accuracy as compared with our study, which is 
promising. However, these models used non- invasive 
testing like fluoroscopy, thallium heart scan or even 
angiography, which is an important limitation for 
implementation in clinical practice as compared with 
our model.30 This strengthens the importance of the 
results of our study in order to enhance better risk 
stratification with the use of the MPA model.

Limitations
Limitations are summarised in table 5. A limitation of our 
study is the absence of ICA in a substantial part of the 
population. However, we applied clearly defined rules for 
the presence or absence of CAD with extended follow- up, 
allowing to separate patients into the two groups with 
high likelihood of accurate diagnosis. Therefore, the 
chance of relevant bias regarding the diagnosis of CAD is 
low and clinically not meaningful.

Another limitation is the definition of CAD, using coro-
nary artery stenosis of >50% as a threshold. On the one 
hand, coronary wall irregularities may be also relevant in 
longer term. Next, diagnoses like coronary microvascular 
dysfunction or myocardial ischaemia with non- obstructive 
CAD were not considered during the follow- up as such 
events are not related to CAD with significant stenosis in 
major coronary arteries. On the other hand, it has been 
shown that not all stenoses of >50% are haemodynami-
cally relevant.31 Still, the extended follow- up of the CVC 
population takes clinical events also into consideration.

Our results also highlight that the estimated risk depend 
on the average risk of a population. Thus, the MPA 
resulted in higher prevalence of CAD in high- risk popula-
tions that were referred for ICA,18 19 most of them priorly 
underwent non- invasive testing. Whereas the prevalence 
in groups 1 and 2 was the same, it was lower in the other 
three groups. This may be of clinical consequence and 
indicates the need of investigating novel tests in the most 
appropriate population and of prospective validation. 
Nevertheless, the identical overall test accuracy (AUC) 
independent of the population risk is very reassuring and 
in contrast to other models using biomarkers17 or the 
CAD2 model, which is more reliable in low- risk cohorts 
compared to high- risk populations, where its use needs 
caution.12 15 The MPA model has not been validated in 
a prospective trial. Although the results of three studies 



8 Eurlings CGMJ, et al. BMJ Open 2022;12:e055170. doi:10.1136/bmjopen-2021-055170

Open access 

using the MPA model showed uniform results without 
knowing the presence of CAD in advance in different 
risk populations, prospective study is mandatory for the 
MPA model to become a part of routine practice for eval-
uation of patients with suspected CAD. Still, non- invasive 
tests have generally not been prospectively investigated 
regarding clinical impact but only to predict the presence 
or absence of CAD as done in this study. An exception is 
the evaluation of CCTA that provided evidence on its use 
as a diagnostic and prognostic tool in CAD.32

CONCLUSION
In this low- risk to intermediate- risk cohort referred for 
cardiac evaluation, the MPA model is a useful tool in the 
evaluation for CAD, superior to the generally used risk 
scores. The fact that no imaging is needed makes it easily 
applicable in the outpatient setting, even in primary care. 
It has an excellent NPV to safely exclude the presence of 
CAD in up to two- thirds of the population, precluding the 
need for further testing. Despite these optimistic results, 
prospective evaluation of its implementation is manda-
tory to prove the impact of the MPA model on clinical 
decision- making.
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