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Aims Current early risk stratification of coronary artery disease (CAD) consists of pre-test probability scoring such as the 2019 
ESC guidelines on chronic coronary syndromes (ESC2019), which has low specificity and thus rule-out capacity. A newer 
clinical risk factor model (risk factor-weighted clinical likelihood, RF-CL) showed significantly improved rule-out capacity 
over the ESC2019 model. The aim of the current study was to investigate if the addition of acoustic features to the RF-CL 
model could improve the rule-out potential of the best performing clinical risk factor models.

Methods 
and results

Four studies with heart sound recordings from 2222 patients were pooled and distributed into two data sets: training and 
test. From a feature bank of 40 acoustic features, a forward-selection technique was used to select three features that 
were added to the RF-CL model. Using a cutoff of 5% predicted risk of CAD, the developed acoustic-weighted clinical 
likelihood (A-CL) model showed significantly (P < 0.05) higher specificity of 48.6% than the RF-CL model (specificity of 
41.5%) and ESC 2019 model (specificity of 6.9%) while having the same sensitivity of 84.9% as the RF-CL model. Area 
under the curve of the receiver operating characteristic for the three models was 72.5% for ESC2019, 76.7% for RF-CL, 
and 79.5% for A-CL.

Conclusion The proposed A-CL model offers significantly improved rule-out capacity over the ESC2019 model and showed better 
overall performance than the RF-CL model. The addition of acoustic features to the RF-CL model was shown to signifi-
cantly improve early risk stratification of symptomatic patients suspected of having stable CAD.
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Introduction
Coronary artery disease (CAD) has long been a leading cause of 
death worldwide,1 and as such it is likely one of the top concerns 
for doctors when examining patients with symptoms suggestive of 
the disease. This raised awareness and concern might be one of 
the reasons why there is a low prevalence (6–12%) of positive diag-
nostic test results among de novo symptomatic patients referred for 
further investigation of CAD.2–4 As a result, the remaining 88–94% 
(non-CAD) patients carry both unnecessary additional costs of 
healthcare services as well as stress, time, and sometimes risk of com-
plications during invasive testing.

There are a variety of diagnostic methods for investigation of patients 
with suspected CAD, and the diagnostic pathway differs across coun-
tries. However, in general when a patient first experiences non-acute 
symptoms, they visit their general practitioner or outpatient clinics 
for initial investigation. Here they are typically assessed for risk of 
CAD based on a variety of pre-test probability (PTP) scores as well 
as the patient’s anamnesis. One such PTP score is defined in the 
2019 ESC guidelines on chronic coronary syndromes (ESC2019).5

Although this score is an improvement over previous scores such as 
the Diamond–Forrester score,6 it still has a weak rule-out capability, 
which is reflected by its high sensitivity and concurrent low specificity.7,8

Winther et al.9 developed two extended models of the PTP score 
recommended by the 2019 ESC guidelines by incorporating the num-
ber of additional risk factors, and secondly by also adding coronary ar-
tery calcium score (CACS). With a cutoff value of 5% for predicted 
CAD, the ESC2019 PTP model based on age, sex, and symptoms 
had a relatively low specificity of 12.1% and generally overestimated 
the probability of CAD. Including the number of risks factors to create 
the risk factor-weighted clinical likelihood (RF-CL) model increased the 
specificity to 41.5% in the international validation cohort. When fur-
ther adding CACS to create the CACS-weighted clinical likelihood 
(CACS-CL) model, the specificity increased to 59.3%.

Both these models significantly increase the rule-out potential of 
CAD compared with the 2019 ESC guidelines. The RF-CL model 
only requires testing if some factors (blood pressure, diabetes, and 
dyslipidaemia) are not known and can generally be utilized at the first 
point of examination. Though the CACS-CL model has an impressive 
rule-out potential of CAD, it also requires more expensive and 
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specialized testing equipment to obtain CACS, which generally is not 
available at an initial investigation. For this reason, it is more likely that 
the RF-CL model could be widely used for early rule-out of CAD.

Whereas CACS is not a feasible addition to an initial investigation 
for CAD, heart sound analysis promises a low-cost, non-invasive, and 
widely available method for further improving early rule-out of CAD. 
This is due to the presence of diastolic murmurs arising from turbu-
lent blood flow following a coronary stenosis, as first reported by 
Dock and Zoneraich10 in 1967. As most coronary stenoses are 
not audible by auscultation at the chest surface, heart sound analysis 
is a necessary step to detect these diastolic murmurs.

Phonocardiography (PCG) as a method for detecting CAD was 
first proposed by Semmlow et al.11 in 1983 who identified that the 
presence of CAD was associated with increased magnitude of the 
frequency band 120–200 Hz. These findings have subsequently 
been confirmed by several other studies,12–17 though there is 
some disagreement on the exact frequency band.

The field has since expanded to cover time, frequency, time–fre-
quency, and non-linear domains using a multitude of filtering and fea-
ture extraction techniques. Akay et al.18 compared features 
extracted using Fast Fourier Transform, auto-regressive and auto- 
regressive moving average models, and minimum norm. Zhidong19

estimated the instantaneous frequency of the diastolic period using 
the Hilbert Huang Transform to observe differences in patients be-
fore and after angioplasty. Schmidt et al.14 evaluated nine different 
feature classes for their potential to classify CAD. A more recent de-
velopment has been the application of advanced machine-learning 
techniques such as convolutional neural networks and deep learning 
which have shown very promising performances, though the results 
have generally been based on limited data sets.20,21

Studies in the field have largely focused on examining the diastolic 
period of the PCG, as it is in this period the blood flow through the 
coronary arteries is maximal and thus should be associated with the 
clearest murmur from turbulent flow following a stenosis. However, 
some newer studies have investigated other segments of the heart 
sound, either by segment-wise analysis (S1, S2, systole, or diastole) 
or by evaluating the entire heartbeat through neural networks.20–23

These studies have demonstrated that valuable information related 
to CAD is available outside the diastolic period.

Acoustic features have previously been used and combined with 
clinical risk factors to create a rule-out method for CAD.4,24–27

However, the increased performance of newer clinical risk factor 
models motivates further examination of the potential of heart 
sound analysis to improve these models. The aim of this article 
was to explore the possibility to improve the rule-out potential of 
the current clinical standard for risk stratification of patients with 
CAD symptoms (ESC20195) beyond the performance of the 
RF-CL model developed by Winther et al. by using PCG as an add-
ition to clinical risk factors.

Methods
Data
A pooled data set was created from four studies: AdoptCAD (n = 255)15

(ClinicalTrials.gov number NCT01564628); Dan-NICAD (n = 1675)4,28

(ClinicalTrials.gov number NCT02264717); BIO-CAC (n = 661)29,30

(ClinicalTrials.gov number NCT02913144); and VALIDATE (n = 226)31

(drks.de number DRKS00010492). The prevalence of CAD patients var-
ied highly between the four studies, which reflects the different aims of 
the studies as well as where in the diagnostic pathway patients were 
recruited.

AdoptCAD and Dan-NICAD were approved by the Regional 
Committees on Health Research Ethics for Central Denmark, and 
BIO-CAC was approved by the Regional Committees on Health 
Research Ethics for Southern Denmark. VALIDATE was approved by 
Justus Liebig University Giessen Ethics Committee for the Medical 
Department in Germany. All studies were conducted according to the 
Helsinki Declaration, and written informed consent was obtained from 
all patients.

The procedure for recording heart sounds was the same for all studies. 
Following a resting period of 5 min, heart sounds were recorded from 
patients in supine position using an Acarix CADScor device at the left 
fourth intercostal space during four breath-hold periods of 8 s each. 
Patients would hold their breath during recording to eliminate the pos-
sibility of breathing noise contaminating the heart sounds. The device re-
cords with a sampling frequency of 8000 Hz and a resolution of 16 bits.

Patients from the four studies were only included if they had a heart 
sound recording which passed pre-qualification and at least five fully an-
notated heart beats. Pre-qualification consisted of the following criteria: 
background noise level is below 65 dB, heart sound level is above 60 dB, 
EMC noise is below 65 dB, heart sounds are recorded and segmented, 
and heart beats come at regular intervals. They were then classified 
into one of two diagnostic categories: CAD and Other. Patients with 
an invasive coronary angiographic (ICA) identified stenosis with at least 
50% diameter reduction were classified as CAD; the remaining patients 
were classified as Other.

The pooled data set was divided into a training data set (80%) and a 
test data set (20%) using stratified randomization with,32 balancing for 
study (AdoptCAD, Dan-NICAD, BIO-CAC, and VALIDATE), gender 
(Male, Female), and diagnosis (CAD, Other). This stratification allowed 
for the creation of two comparable data sets even though the individual 
studies have highly different prevalence of CAD as shown in 
Supplementary material online, Table S1(a) and (b). Model training was 
done exclusively using the training data set, whereas the test data set 
was only used for final verification of the trained model.

Existing models
The PTP model recommended by ESC2019 is based on the Diamond– 
Forrester approach using age, sex, and symptoms as predictive variables. 
The PTP scores were determined using Table 5 in Knuuti et al.5 and will 
be referred to as the ESC2019 model going forward.

The RF-CL model developed by Winther et al.9 is a logistic regression 
model with predictive variables for age, sex, and symptoms as well as the 
number (0–5) of the following risk factors: family history of CAD, smok-
ing, dyslipidaemia, hypertension, and diabetes.

The RF-CL model is reproduced below in Equation (1):

s = 1.6128 ∗ sex + 0.08440 ∗ age + 2.7112 ∗ symp typical

− 0.4675 ∗ symp non angina + 1.4940
∗ nb rf − 0.0187 ∗ age ∗ symp typical − 0.0131 ∗ age ∗ nb rf − 0.2799
∗ symp typical ∗ nb rf − 0.2091 ∗ sex ∗ nb rf

(1) 

Sex is 1 when male and otherwise 0, age is the subject age, symp_typical is 
1 if the subject has typical symptoms and 0 otherwise, symp_non_angina 
is 1 if the subject has non-anginal symptoms and 0 otherwise, and nb_rf is 
the number of previously mentioned risk factors (0–5). Risk factors and 
symptoms were defined in the same way as detailed in Winther et al.9

http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac057#supplementary-data
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Acoustic features
A feature bank consisting of 40 acoustic features was created using 8 pre-
viously developed features,4,14 and 32 newly developed features based 
on time–frequency components of S1 and S2 segments which were pre-
viously shown in Larsen et al.22 to have statistical significance in distin-
guishing between CAD and non-CAD patients.

In developing the new features, heart sound recordings underwent 
pre-processing steps as detailed in Larsen et al.,22 which included filtering, 
noise cancellation, segmentation, annotation, and alignment to S1 and S2 
for extraction of time–frequency features of the first and second heart 
sound, respectively. Time–frequency spectra were obtained for both 
S1 and S2 heart sounds by estimating the power spectral density 
(PSD) using short-time Fourier transform with 64 ms windows and 
16 ms steps with recordings aligned to the onset of S1 and S2, respect-
ively. The PSDs were combined to form a time–frequency resolution 
(TFR) of the respective heart sounds as shown in Figure 1, and the loga-
rithm of the mean of all heart beats for each subject was used for further 
analysis. The TFR window centres ranged from −64 to 128 ms for S1 and 
−64 to 96 ms for S2 with a frequency range of 0–1000 Hz. A longer win-
dow was chosen for the S1 than S2 as S1 is typically of longer duration.

Time–frequency candidate features were extracted by taking the 
mean of the TFR within windows around components of interest which 
have shown statistically significant power in distinguishing between CAD 
and non-CAD patients.22

The full list of features investigated in this study can be seen in 
Supplementary material online, Tables S2 and S3.

Feature selection
The RF-CL model was used as the starting point for the acoustic- 
weighted clinical likelihood (A-CL) model developed in this study. 
Thus, acoustic candidate features were evaluated for their capacity to im-
prove the performance of the RF-CL model, meaning that though acous-
tic features had clear independent classification power, they were 
omitted in the feature selection process if this independent performance 
did not translate into model improvement.

A baseline predictive variable (RFCL) was computed from the RF-CL 
model to be used for updating the baseline model with acoustic features 
and was calculated using the coefficients and predictive variables for the 
RF-CL formula in Winther et al.9 as shown in Equation (1). A logistic regres-
sion model with the RFCL feature was the starting point for adding acoustic 
features. From this starting point, features were selected iteratively using a 
modified forward-selection algorithm with five steps in each iteration: 

• Steps 1 and 2: Add the feature resulting in the greatest mean area 
under the curve (AUC) using 5 × 5-fold cross-validation on the 
training data set.

• Steps 3 and 4: Remove the feature with the highest P-value above 0.1.

• Step 5: Terminate if model has not changed since previous iter-
ation, otherwise perform another iteration starting from Step 1.

When adding features to the model in Steps 1 and 2, candidate fea-
tures were tested exhaustively in each step. Five five-fold cross- 
validations were performed in both steps, meaning that for each of the 
five cross-validations, the training data set was divided randomly into 
five groups. Four of these groups were used for model training and the 
last group was used for evaluating model performance. The feature re-
sulting in the best average model performance of the five five-fold cross- 
validations was selected for each of Steps 1 and 2. The AUC of the re-
ceiver operating characteristic (ROC) was used as performance measure 
when evaluating features’ capacity to improve the RF-CL model.

Likewise, in Steps 3 and 4, features were removed one at a time, each 
time evaluating the P-value of the features in the model. Only the feature 

with the highest P-value above 0.1 was removed. If no feature had a 
P-value above 0.1, no feature was removed.

Feature selection was done exclusively using the training data set.

Statistical analysis
Variables are expressed as mean (± standard deviation) and categorical 
variables are reported as frequencies (percentages). The AUC of the 
ROC curve was calculated for each of the models and compared with 
the method described by DeLong et al.33 Additionally, partial AUC 
(pAUC) comparison was made for sensitivity (SE) > 0.7 using a bootstrap 
test as implemented by Robin et al.34 for two correlated ROC curves. 
Performance values for sensitivity, specificity, positive, and negative pre-
dictive values (PPVs and NPVs) were calculated with cutoff of 5%. All per-
formance values are presented with 95% confidence intervals.

Patients were classified into one of three risk groups with cutoffs in 
parentheses: low (≤5%), intermediate (>5–15%), and high (>15%). 
Net reclassification improvement (NRI) was calculated using the method 
described by Pencina et al.35 for reclassification from ESC2019 to RF-CL 
and A-CL, respectively, using the three risk groups. NRI is a measure of 
how well a model correctly reclassifies subjects compared with another 
model with a score ranging from −1 to 1, where a negative score suggests 
an incorrect reclassification and a positive score suggests a successful re-
classification. Finally, the χ2 test was used for comparison of proportions. 
Statistical analyses were performed on the test data set using MATLAB 

R2021a (MathWorks, USA) except for the partial AUC comparison, 
which was done in R version 4.1.0.

Results
Out of the initial 2817 patients available from the four pooled stud-
ies, 533 (18.9%) patients were excluded because either no heart 
sound recording was available or the heart sound recording failed 
pre-analysis qualification of the Acarix CADScor heart sound pro-
cessing framework. Additional 62 (2.2%) patients were excluded be-
cause their heart sound recordings had fewer than five fully 
annotated heartbeats. This resulted in a pooled data set of 2222 pa-
tients who were included in the current analysis as summarized in 
Table 1 with patient demographics, risk factors, and symptoms for 
CAD as summarized in Table 2.

Feature selection
The feature selection process finalized after four iterations with the 
end of the fourth and third iterations having the same selected fea-
tures. The final model formula for the A-CL model was as follows 
in Equation (2):

s =
1

1 + exp (−(−8.70 + 1.14 RFCL + 2.20

SampEn − 0.0634 S14 + 0.100 S121))

(2) 

The three acoustic features included in the A-CL model are: 

• SampEn: Sample entropy as described in Winther et al.4

• S14: Mean power of time–frequency components: window centre 
at 16 ms after the onset of S1 in the frequency range 400– 
1000 Hz.

• S121: Mean power of time–frequency components: window cen-
tre at −16, 0, and 16 ms relative to the onset of S1 in the fre-
quency range 800–1000 Hz.

http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac057#supplementary-data
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Model performance
The performance of the three models on the training and test 
data sets are shown in the ROC curves in Figure 2(A and B), 
and the diagnostic accuracy with a cutoff of 5% as evaluated 
on the test data set is shown in Figure 3. The AUCs for the 
three models using the test data set were 72.5% (CI 64.4– 
80.6%) (ESC2019), 76.7% (CI 69.0–84.5%) (RF-CL), and 79.5% 
(CI 72.0%–86.9%) (A-CL), showing increasing AUC with the 
addition of new factors for both RF-CL and A-CL models. In 
both the training and test data sets, the A-CL model outper-
formed the RF-CL model by 1.6 percentage points and 2.9 per-
centage points, respectively, and the improvement is situated 
similarly for the two ROC curves: SE > 0.7.

Evaluating model performance on the test data set, both 
the RF-CL and A-CL models showed significantly (P < 0.05) 
higher AUC than the ESC2019 model. The A-CL model did 
not show significantly (P > 0.05) higher AUC than the RF-CL 
model; however, pAUC comparison for SE > 0.7 showed sig-
nificantly (P < 0.05) higher pAUC for the A-CL model com-
pared with the RF-CL model. See Supplementary material 

online, Tables S4 and S5 for further details on AUC and 
pAUC comparisons.

Figure 3 shows the diagnostic accuracy of the three models based 
on a cutoff of 5% as evaluated on the test data set. The results re-
affirm the low rule-out power of the ESC2019 model with a specifi-
city of 6.9%, though with a sensitivity of 100%. Both the RF-CL and 
A-CL models showed significantly (P < 0.05) higher specificity of 
41.5% and 48.6%, respectively, with the A-CL additionally showing 
significantly (P < 0.05) higher specificity over the RF-CL model. The 
RF-CL and A-CL models had the same sensitivity of 84.9% but 
with the A-CL model having superior PPV and NPV.

Risk classification
As illustrated in Figure 4, the A-CL model reclassified a higher portion 
of patients to the low- and high-risk groups, leaving fewer patients in 
the intermediate risk group. Additionally, the prevalence of CAD in 
the Low-risk group was somewhat lower; from 4.7% for the RF-CL 
model to 4.0% for the A-CL model.

Table 3 shows the risk classification for the three models as distrib-
uted on the diagnosis category as well as the portion of patients ruled 

Figure 1 Example of how a heart sound recording from one subject was first segmented into heartbeats and aligned to the onset of S1 and S2 for 
the respective segments. Subsequently, mean time–frequency spectra were extracted for of the two segments, and the mean spectrum for each 
subject was used for further analysis and feature extraction. Note that the timings in the figure are with respect to the onset of S1 for figures (A) and 
(C ) and with respect to the onset of S2 for figures (B) and (D). Additionally, spectra in (C ) and (D) were obtained after whitening filtering.

http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac057#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac057#supplementary-data
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out based on a 5% cutoff in the training (a) and test (b) data sets. It is 
clear that the risk classification of the training and test data set are 
similar, though the proportion of CAD patients in the low-risk cat-
egory is somewhat higher for the test data set.

The rule-out portions on the test data set of the RF-CL and A-CL 
models were significantly (P < 0.05) higher than the ESC2019 model, 
but the rule-out portion of the A-CL model was not significantly 
(P = 0.0571) higher than the RF-CL model. However, the same compari-
son on the training data set showed a significant (P < 0.05) higher rule-out 
for the A-CL model due to similar performance on a much larger data 
set.

Both the RF-CL and A-CL models showed substantial reclassifica-
tion of patients to a lower likelihood category of CAD compared 
with the ESC2019 model, with NRI scores of 0.23 (RF-CL) and 
0.33 (A-CL). See Supplementary material online, Table S6 for further 
details on NRI evaluation.

Discussion
The 2019 ESC guidelines on chronic coronary syndromes5 recom-
mend a PTP table based on age, sex, and symptoms. Furthermore, 
the guidelines suggest that risk factors of CAD can be used as 
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Table 1 Summary of pooled data set

Subjects Diagnosis Gender Age

Study Original Excluded Included CAD Other Female Male Mean SD

AdoptCAD 255 63 (24.7) 192 (75.3) 53 (27.6) 139 (72.4) 83 (43.2) 109 (56.8) 61.1 10.8

Dan-NICAD 1675 285 (17.0) 1390 (83.0) 137 (9.9) 1253 (90.1) 716 (51.5) 674 (48.5) 57.0 8.7
BIO-CAC 661 193 (29.2) 468 (70.8) 1 (0.2) 467 (99.8) 251 (53.6) 217 (46.4) 60.0 5.0

VALIDATE 226 54 (23.9) 172 (76.1) 66 (38.4) 106 (61.6) 69 (40.1) 103 (59.9) 64.2 10.5

Total 2817 595 (21.1) 2222 (78.9) 257 1965 1119 1103 58.5 8.7

The data set consists of data pooled from four studies: AdoptCAD, Dan-NICAD, BIO-CAC, and VALIDATE. The number of original subjects is the number of subjects that were 
included in the respective study before any exclusions. Statistics for diagnosis, gender, and age are for patients included in the pooled data set and thus further analysis.
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Table 2 Summary of patient demographics, risk factors, and symptoms

All (n = 2222) Training (n = 1776) Test (n = 446)

Characteristics
Male 1103 (49.6%) 882 (49.7%) 221 (49.6%)

Age, years (mean ± SD) 58.5 ± 8.74 58.5 ± 8.75 58.5 ± 8.68

<40 5 (0.225%) 5 (0.282%) 0 (0%)
40–50 349 (15.7%) 279 (15.7%) 70 (15.7%)

50–60 845 (38%) 658 (37%) 187 (41.9%)

60–70 818 (36.8%) 677 (38.1%) 141 (31.6%)
≥70 205 (9.23%) 157 (8.84%) 48 (10.8%)

Body mass index, kg/m2 (mean ± SD) 27 ± 4.30 27 ± 4.39 26.7 ± 3.93

Risk factors and symptoms
Family history of CAD 687 (30.9%) 551 (31.0%) 136 (30.5%)

Smoking

Never 1064 (47.9%) 835 (47.0%) 229 (51.3%)
Former 790 (35.6%) 642 (36.1%) 148 (33.2%)

Active 368 (16.6%) 299 (16.8%) 69 (15.5%)

Dyslipidaemia 1530 (68.9%) 1228 (69.1%) 302 (67.7%)
Hypertension 1308 (58.9%) 1045 (58.8%) 263 (59.0%)

Diabetes 142 (6.39%) 107 (6.02%) 35 (7.85%)

Cardiac symptoms at referral
Typical chest pain 601 (27.0%) 470 (26.5%) 131 (29.4%)

Atypical chest pain 605 (27.2%) 490 (27.6%) 115 (25.8%)

Nonspecific chest pain 739 (33.3%) 592 (33.3%) 147 (33.0%)
Dyspnoea 277 (12.5%) 224 (12.6%) 53 (11.9%)

Prevalence of CAD

CAD 257 (11.6%) 204 (11.5%) 53 (11.9%)

http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac057#supplementary-data
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modifiers to the PTP estimate without specifying how these risk fac-
tors should be weighed. This motivated Winther et al.9 to develop a 
model (RF-CL) that took these risk factors into account, resulting in 
significantly improved specificity. A second model (CACS-CL) was 

suggested, which in addition to the risk factors included a CACS, re-
sulting is even better model performance. However, acquiring CACS 
requires specialized and expensive equipment which is usually not 
available early in the diagnostic pathway. Conversely, the proposed 

Figure 2 Receiver operating characteristic curve comparison of the ESC2019, risk factor-weighted clinical likelihood, and acoustic-weighted clin-
ical likelihood models evaluated on the training (A) and test (B) data sets. The numbers in the legends are the area under the curve for each model and 
in parentheses the 95% confidence intervals.

Figure 3 Diagnostic accuracy evaluated on the test data set for sensitivity, specificity, and positive and negative predictive values with a clinical 
likelihood cutoff of 5%.
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addition of acoustic features to the RF-CL model can be applied with 
portable low-cost equipment as a point-of-care device that only re-
quires 10 min of testing.

We developed an improved clinical likelihood estimation model 
for CAD by adding acoustic features to the RF-CL model9 which re-
sulted in a significantly higher specificity at 5% risk threshold. 
Sensitivity was the same for the original RF-CL model and the acous-
tic model. The acoustic features that improved the clinical risk factor 
model and were included in the developed model (A-CL) were dia-
stolic sample entropy and two high-frequency features near the on-
set of the S1 heart sound. Though other acoustic features showed 
high discriminatory power either alone or in concert with other 
acoustic features, the selected features were those that improved 

the RF-CL model the most based on AUC performance on the train-
ing data set.

Sample entropy was previously used in the Acarix CAD- 
score,4 and other studies have also used this measure of com-
plexity for detection of cardiovascular occlusions using PCG. 
For example, Zhang et al.36 investigated several different com-
plexity measures for their capacity to distinguish patients with 
varying degrees of coronary artery stenosis. In the current study, 
sample entropy demonstrated discriminatory power beyond 
what is contained in the clinical risk factors of the RF-CL model. 
Turbulence in the coronary arteries is expected to increase com-
plexity of the heart sound which will affect sample entropy as a 
measure of complexity.

Figure 4 Distribution of patients according to the three risk groups and the corresponding prevalence of coronary artery disease as evaluated on 
the test data set.
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Table 3 Risk classification and rule out

Risk Classification CAD Other All

Low Intermediate High Low Intermediate High Rule-out (≤5%)

Training

ESC2019 3 (1%) 38 (19%) 163 (80%) 116 (7%) 759 (48%) 697 (44%) 119 (7%)

RF-CL 16 (8%) 64 (31%) 124 (61%) 664 (42%) 628 (40%) 280 (18%) 680 (38%)
A-CL 19 (9%) 49 (24%) 136 (67%) 764 (49%) 494 (31%) 314 (20%) 783 (44%)

Test

ESC2019 0 (0%) 14 (26%) 39 (74%) 27 (7%) 192 (49%) 174 (44%) 27 (6%)
RF-CL 8 (15%) 15 (28%) 30 (57%) 163 (41%) 158 (40%) 72 (18%) 171 (38%)

A-CL 8 (15%) 12 (23%) 33 (62%) 191 (49%) 123 (31%) 79 (20%) 199 (45%)
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The two high-frequency S1 features are comparable with the study 
in which Makaryus et al.26 used the Cardiac Sonospectrographic 
Analyzer (SonoMedica) for analysis of the 400–2700 Hz frequency 
spectrum to detect the presence of micro-bruits. However, where 
the current study identifies a relatively narrow time-window using re-
cordings from a single site on the chest surface, the study by Makaryus 
et al. utilized the entire heartbeat using heart sounds recorded sequen-
tially from multiple sites.

The applied feature selection method with 5 × 5-fold cross- 
validation was successful in selecting features using the training 
data set which performed equally well in the test data set. 
Sensitivity was notably but not significantly lower in the test data 
set; however, this was the case for both the RF-CL and A-CL model, 
suggesting that this was likely due to patients with outlier clinical risk 
factors randomly being distributed to the test data set to a higher de-
gree. With just 53 CAD patients in the test data set, fluctuations of a 
few patients can change the results considerably.

The added acoustic features moderately increased performance 
by around 2 percentage points AUC with most of the performance 
increase in the upper part of the ROC curve (SE > 7). Considering 
that the model is aimed towards ruling out CAD early in the diagnos-
tic pathway, this upper part of the ROC curve is of particular interest 
in that it allows for ruling out with high sensitivity. This means a higher 
rule-out capacity with the same sensitivity.

Though the rule-out proportion for the A-CL model (45%) in the 
test data set was not significantly higher when compared with the 
RF-CL model (38%), there was a significant improvement of rule-out 
proportion in the full data set. Overall, the A-CL model demon-
strated better performance than the RF-CL model, and both offer 
significantly better rule-out proportions than the ESC2019 model.

The improvement seen in the A-CL model (49% specificity) is not 
competitive with the CACS-CL model9 (59% specificity); however, 
the A-CL model offers a different use-case for early rule-out of pa-
tients suspected of CAD using a point-of-care device. The proposed 
addition of acoustic features to the clinical risk factor model can be 
implemented with a low-cost device before patients undergo more 
expensive and/or invasive testing.

Study limitations
Analyses in this study are retrospective and based on data pooled 
from four studies and thus the data set might not be representative 
of the clinical workflow. The data set included study data from 
asymptomatic subjects in the BIO-CAC study as well as patients re-
ferred for ICA in the VALIDATE and AdoptCAD studies, neither of 
which are typical for patients referred for non-invasive testing.

Furthermore, patients with arrhythmia were excluded from the 
studies that make up the data set of the current study.

Conclusion
The results of this article showed that the addition of acoustic fea-
tures provides significant improvements to the high-sensitivity part 
of the ROC curve of an existing highly performing clinical likelihood 
model. Additionally, the developed A-CL model yielded substantial 
reclassification of patients to low likelihood (≤5%) of CAD, thus al-
lowing more patients to be ruled out at an earlier stage. This 

demonstrates the efficacy of using heart sound analysis as an addition 
to clinical risk factors when risk stratifying patients suspected of hav-
ing CAD.
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