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A B S T R A C T

An AI-assisted algorithm has been developed to improve the detection of significant coronary artery disease 
(CAD) in high-risk individuals who have normal electrocardiograms (ECGs). This retrospective study analyzed 
ECGs from patients aged ≥ 18 years who were undergoing coronary angiography to obtain a clinical diagnosis at 
Chang Gung Memorial Hospital in Taiwan. Utilizing 12-lead ECG datasets, the algorithm integrated features like 
time intervals, amplitudes, and slope between peaks, a total of 561 features, with the XGBoost model yielding the 
best performance. The AI-enhanced ECG algorithm demonstrated high sensitivity (0.82–0.84) when detecting 
CAD in patients with normal ECGs and gave remarkably high prediction rates among those with abnormal ECGs, 
both with and without ischemia (92 %-95 % and 80 %-83 %, respectively). Notably, the algorithm’s top features, 
mostly related to slope and amplitude differences, are challenging for clinicians to discern manually. Addi
tionally, the study highlights significant sex differences regarding feature prediction and ranking. Comparatively, 
the AI-enhanced ECG’s detection capability matched that of myocardial perfusion scintigraphy, which is a costly 
nuclear medicine test, and offers a more accessible alternative for identifying significant CAD, especially among 
patients with atypical ECG readings.

1. Introduction

Electrocardiograms (ECG) provide a window that allows the detec
tion of cardiac arrhythmia [1] and dysfunction [2–4]; they can also 
provide valuable diagnostic clues in relation to electrolyte derangement 
[5] and toxic drug reactions [6]. Currently, computer-generated in
terpretations that are based on predefined rules and manual pattern/
feature recognition algorithms have been used for a number of years [7]. 

However, these interpretations, even when re-confirmed by an experi
enced cardiologist, are unable to completely capture the complexity and 
nuances of an ECG.

Coronary artery disease (CAD) is one of the most common heart 
diseases. It is caused by plaque buildup in the major blood vessels that 
supply the heart, namely the coronary arteries. Detection of significant 
CAD is the most important goal when evaluating patients with symp
toms that are possibly due to coronary artery ischemia [8]. Among 
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patients who are “ruled in” for myocardial infarction (MI) during 
admission to monitored beds, only approximately 30 % of patients with 
CAD are able to be detected by ECG. Among patients with left main 
coronary artery stenosis, about 75 % of the patients have a normal 
pattern for their resting ECG [9]. Even among patients with acute MI 
(within 2 hours of chest pain), the ECG is found to be completely normal 
15 % of the time. The insensitivity of ECG when detecting MI has been 
shown across many different clinical studies [10,11]. Thus, currently, a 
normal resting ECG is no guarantee that CAD is absent. Moreover, even 
when myocardial ischemia is clearly present, a proportion of patients 
with severe CAD still have no overt changes in ECG [8]. The diagnostic 
sensitivity of ECG in terms of 30-day major cardiac events among pa
tients with acute chest pain is between 12.6 % and 50 % [12]. Since ECG 
is the most common painless test for the quick detection of heart prob
lems, increasing the sensitivity of resting ECG analysis in order to 
identify patients with CAD in both symptomatic and asymptomatic pa
tients is an unmet need clinically.

Artificial intelligence (AI) algorithms have been successfully applied 
to identify high-risk patients who have a likelihood of having certain 
cardiac disorders based on a conventional ECG; examples include con
tractile dysfunction and atrial fibrillation [3,6,13–17]. However, the 
application of AI-algorithms for the detection of CAD has been explored 
to a lessor extent. We have found only one report that used convolu
tional neural networks for image analysis in order to detect significant 
CAD (>70 % stenosis) [18]. In this study, we develop an AI-algorithm to 
improve the detection of CAD among high-risk subjects with normal 

ECGs. Furthermore, we apply our AI-algorithm to clinically diagnosed 
CAD patients who have abnormal ECGs in order to evaluate the reli
ability of this AI-algorithm and to aid healthcare professionals to obtain 
a precise diagnosis. Moreover, the sex and the age of patients is known to 
have a tremendous influence on the patterns and interpretation of ECGs 
[19–22], and this has been taken into consideration during the devel
opment of the AI-algorithm in an attempt to enhance the sensitivity and 
the accuracy of ECG detection of CAD.

2. Methods and materials

2.1. Study design

The present study was approved by the Institutional Review Board of 
Chang Gung Medical Foundation (IRB No: 201800724B0, 
202001605B0C101, and 202000077B0A3). The 12 Lead 10-second 
ECGs included in groups 1–3 had to have been collected either no 
more than one month before coronary angiography (CAG), or after CAG 
(Fig. 1A). Those subjects in group 0 (only normal ECGs) were recruited 
as having ages between 18 and 39 years [23]. The definition of a normal 
ECG (group 0 and 1) is defined as nothing but a normal sinus rhythm 
recorded in the ECG report. ECGs with any other comments besides sinus 
rhythm on the report were categorized as abnormal ECGs. Patients with 
abnormal ECGs without and with ischemic descriptions were classified 
into groups 2 and 3, respectively. Ischemic descriptions were defined as 
any of the following in the ECG reports: MI, infarct, infarction, ischemia, 

Fig. 1. Patient flow diagram and examples that support the performance of the AI-enhanced ECG approach. (A) ECGs are included in this retrospective study under 
the following criteria, that they are the latest ECG records and were obtained no more than 1 month before a patient received coronary angiography (CAG). (B) The 
training cohort is composed of four groups. Group 0: normal ECG (sinus rhythm only) obtained from subjects at a young age (18–39 years old); this group is to 
balance the dominant number of CAD patients. Group 1: normal ECG with a description of sinus rhythm only. Group 2: abnormal ECG without an ischemic 
description. Group 3: abnormal ECG with an ischemic description (ischemic descriptions include the following key words: MI, infarct, infarction, ischemia and 
subendocardial injury).
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and subendocardial injury. All ECG and CAG reports were evaluated and 
labeled by two experienced cardiologists.

2.2. Training cohort

Subjects were collected between January 2006 and December 2018. 
A total of 239,474 ECGs and their medical records were obtained from 
Chang Gung Memorial Hospital, which is located in Keelung City, 
Taiwan, and these were retrospectively reviewed (Table 1 and Fig. 1B). 
In total 5202 patients received both ECG and CAG examinations; these 
patients are our main research subjects. Of these patients, 1170 ECGs 
were excluded due to tachycardia (≥100 bpm), pacemaker rhythm, lead 
misplacement, or extremely high voltage (>10 mV). To balance the 
inadequate number of non-CAD subjects, another 1344 normal ECGs, 
which were randomly selected from 3588 non-CAD subjects, who ages 
ranged from 18 to 39 years old, were used; these were included as group 
0. To minimize training bias, we adjusted the sample ratio of CAD to 
non-CAD ECGs to be 1:1 in the training cohort.

2.3. Validation cohort

Subjects were collected between January 2018 and December 2018 
from a different Chang Gung Memorial Hospital located in Taoyuan 
City, Taiwan. A total of 2893 patients, who received ECG and CAG ex
aminations, were obtained from Chang Gung Memorial Hospital, 
Linkou, and these were then retrospectively reviewed (Table 1 and 
Fig. S1). Of these patients, 265 ECGs were excluded following the same 

criteria as the training cohort. To test the reliability of our AI-algorithm, 
another 4535 normal ECGs were obtained from a group of young sub
jects aged between 18 and 39 years old and these were also included as 
normal controls; these were selected from a total of 99,797 ECGs carried 
out over the same period.

Expanded methods are provided in the Online Supplementary 
file

3. Results

3.1. Clinical characteristics of the subjects

The baseline characteristics of the training and validation cohorts are 
presented in Table 1. In the training cohort (n = 5376), the subjects 
were divided into four groups. Firstly, Group 0 (n = 1344), who had a 
normal sinus rhythm and were young (age 25.6 ± 3.5 years old); this 
group was used to balance the dominant number of CAD patients. Sec
ondly, Group 1, which consisted of individuals with a normal sinus 
rhythm (n = 722) based on their CAG results; these subjects were 
divided into a CAD subgroup (n = 356; 49.3 %; 61.1 ± 11.2 years old) 
and a non-CAD group (n = 366; 50.7 %; 57.3 ± 12.2 years old). Thirdly, 
Group 2, which consisted of subjects with an abnormal ECG without 
ischemia (n = 1677); these were divided into a CAD subgroup 
(n = 1026; 61.2 %; 67.0 ± 12.0 years old) and a non-CAD subgroup 
(n = 651; 38.8 %; 61.6 ± 12.9 years old). Finally, Group 3, who had 
abnormal ECGs with ischemia (1633); these were subdivided into in
dividuals with CAD (n = 1306; 80.0 %; 65.2 ± 11.9 years old) and 

Table 1 
Characteristics of patients.

Training cohort (n = 5376)

Conventional ECG (n) Sinus rhythm only Abnormal ECG without ischemic description 
(1677)

Abnormal ECG with ischemic description 
(1633)

(1344) (722)

Group 0 1 2 3
CAG result N/A CAD (-) CAD (+) CAD (-) CAD (+) ​ CAD (-) CAD (+) ​
n (%) 1344 366 (50.7) 356 (49.3) 651 (38.8) 1026 (61.2) ​ 327 (20.0) 1306 (80.0) ​
Age (y) 25.6 ± 3.5 57.3 ± 12.2 61.1 ± 11.2 < 0.0001 61.6 ± 12.9 67.0 ± 12.0 0.0098 62.3 ± 13.4 65.2 ± 11.9 0.0001
Male sex, n (%) 1021 (76.0) 307 (42.5) 300 (41.6) 0.02 479 (28.6) 741 (44.2) ns 235 (14.4) 1001 (61.3) ns
BMI 23.8 ± 3.3 26.6 ± 4.3 25.8 ± 3.9 0.009 26.1 ± 4.8 25.2 ± 4.2 < 0.0001 25.6 ± 5.0 25.2 ± 4.2 ns
Diabetes, n (%) 10 (0.7) 105 (14.5) 162 (22.4) < 0.0001 188 (11.2) 461 (27.5) < 0.0001 86 (5.3) 579 (35.5) < 0.0001
Hypertension, n (%) 15 (1.1) 187 (25.9) 251 (34.8) < 0.0001 376 (22.4) 751 (44.8) < 0.0001 176 (10.8) 830 (50.8) 0.019
Renal disease, n (%) 2 (0.1) 34 (4.7) 66 (9.1) < 0.0001 134 (8.0) 347 (20.7) < 0.0001 64 (3.9) 372 (22.8) < 0.0001
MI, n (%) - - 307 (42.5) < 0.0001 - 799 (47.6) < 0.0001 - 967 (59.2) < 0.0001
Cath diagnosis
LM≥ 50 %, n (%) - 0 30 (4.2) < 0.0001 0 141 (8.4) < 0.0001 0 171 (10.5) < 0.0001
LAD≥ 70 %, n (%) - 0 201 (27.8) < 0.0001 0 596 (35.5) < 0.0001 0 909 (55.7) < 0.0001
LCX≥ 70 %, n (%) - 0 139 (19.3) < 0.0001 0 504 (30.1) < 0.0001 0 630 (38.6) < 0.0001
RCA≥ 70 %, n (%) - 0 153 (21.2) < 0.0001 0 564 (33.6) < 0.0001 0 766 (46.9) < 0.0001

Validation cohort (n = 7163)

Conventional ECG (n) Sinus rhythm only Abnormal ECG without ischemic description 
(1103)

Abnormal ECG with ischemic description 
(1148)

(4535) (377)

Group 0 1 2 3
CAG result N/A CAD (-) CAD (+) CAD (-) CAD (+) ​ CAD (-) CAD (+) ​
n (%) 4535 193 (51.2) 184 (48.8) 521 (47.2) 582 (52.8) ​ 345 (30.1) 803 (69.9) ​
Age (y) 31.4 ± 6.2 58.6 ± 12.0 61.7 ± 10.7 0.0086 62.2 ± 13.3 65.8 ± 12.1 < 0.0001 61.6 ± 14.6 64.5 ± 12.8 0.0008
Male sex, n (%) 1903 (42.0) 138 (36.6) 153 (40.6) 0.007 327 (29.6) 442 (40.1) < 0.0001 220 (19.2) 627 (54.6) < 0.0001
BMI 23.9 ± 4.0 26.3 ± 4.4 27.2 ± 4.1 0.04 26.0 ± 4.7 26.0 ± 3.7 ns 25.8 ± 4.4 25.9 ± 4.4 ns
Diabetes, n (%) 36 (0.8) 50 (13.3) 87 (23.1) < 0.0001 119 (10.8) 312 (28.3) < 0.0001 55 (4.8) 415 (36.1) < 0.0001
Hypertension, n (%) 54 (1.2) 102 (27.1) 132 (35.0) 0.0002 260 (23.6) 515 (46.7) < 0.0001 128 (11.1) 603 (52.5) < 0.0001
Renal disease, n (%) 5 (0.1) 20 (5.3) 35 (9.3) 0.017 101 (9.2) 234 (21.2) < 0.0001 40 (3.5) 268 (23.3) < 0.0001
MI, n (%) - - 158 (41.9) < 0.0001 - 537 (48.7) < 0.0001 - 657 (57.2) < 0.0001
Cath diagnosis
LM≥ 50 %, n (%) - 0 13 (3.4) < 0.0001 0 59 (5.3) < 0.0001 0 81 (7.1) < 0.0001
LAD≥ 70 %, n (%) - 0 124 (32.9) < 0.0001 0 333 (30.2) < 0.0001 0 526 (45.8) < 0.0001
LCX≥ 70 %, n (%) - 0 91 (24.1) < 0.0001 0 261 (23.7) < 0.0001 0 350 (30.5) < 0.0001
RCA≥ 70 %, n (%) - 0 103 (27.3) < 0.0001 0 296 (26.8) < 0.0001 0 451 (39.3) < 0.0001

CAG, coronary angiography; BMI, body mass index; MI, myocardial infarction; LM, left main coronary artery; LAD, left anterior descending coronary artery; LCX, left 
circumflex coronary artery; RCA, right coronary artery.
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individuals without non-CAD (n = 327; 20.0 %; 62.3 ± 13.4 years old) 
(Table 1 and Fig. 1A-B). In the validation cohort (n = 7163), the subjects 
were collected from the same hospital that is located in a different city. 
In both of the above cohorts, patients with CAD in groups 1–3 were 
found to have more comorbidities, including diabetes mellitus (DM), 
hypertension, renal insufficiency, and MI, compared with those patients 
without CAD in the same group. Furthermore and notably, the left 
anterior descending (LAD) coronary artery is the most common lesion 
site among the CAD patients (Table 1 and Fig. S1).

3.2. The use of the AI-algorithm enhances the sensitivity of an ECG when 
detecting CAD

To enhance the sensitivity of the detection of CAD among subjects 
with normal ECGs, we trained our AI-algorithm using the training cohort 
(Fig. 1A-B) and the validation cohort (Fig. S1). The labeling, pre
processing and feature engineering of the ECGs are described in methods 
section (Suppl. Fig. 2). Most of the time windows between the ECG ex
aminations and the CAG examinations were less than 7 days (Suppl. 
Fig. 3).

The flow chart of the ML is briefly summarized in Fig. 2A. Notably, in 

Fig. 2. Performance of the AI-enhanced ECG when detecting CAD. (A) Flow chart of ML, including data preparation, signal pre-processing and feature engineering 
using training and validation cohorts. The network accepts raw ECG xml data as an input and outputs a prediction of CAD probability. Performance of the AI- 
algorithm is carried out by 5-fold cross validation and evaluated using the results of the area under curve (AUC) under the Receiver Operator Characteristic 
Curve (ROC) approach, accuracy rate (ACC), sensitivity, specificity, positive (PPV) and negative (NPV) predictive values. (B) The AI-algorithm enhances the per
formance of the ECGs compared with conventional ECGs in the training cohort. F1 score is calculated as the harmonic mean of the precision and recall scores. (C) The 
prediction rates of the AI-enhanced ECG algorithm in subjects with normal sinus rhythm (Groups 0 + 1), Group 2 and Group 3 from the training cohort. (D) ROC 
curves calculated for the detection of CAD in all subjects and subjects with a normal sinus rhythm (Group 0 + Group 1). Green curve is the training cohort, while 
orange curve is the validation cohort. The AUC values for the training and validation cohorts are also shown. (E) Adjusted odds ratios (OR) of features associated with 
the occurrence of CAD in subjects with normal ECGs. The Wald test was used to construct 95 % confidence intervals (CIs) and test the significance of the adjusted ORs 
of the risk factors. The error bars represent the lower boundary and the upper boundary of the adjusted OR of 95 % CI.
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the training cohort (all subjects; n = 5376), the AI-enhanced ECG al
gorithm has a high sensitivity when identifying CAD, namely 0.84, when 
compared with the sensitivity of a conventional ECG, namely 0.49. In 
addition, the AI-algorithm also has a good performance, with an accu
racy rate of 0.77 and an AUC of 0.84, when detecting potential CAD 
(Fig. 2B). Remarkably, in the validation cohort (n = 7163; CAD: Non- 
CAD = 1569: 5594), the performance is even better giving the 
following results: sensitivity (0.82), accuracy rate (0.85) and AUC (0.91) 
(Suppl. Figs. 4A and S5).

Among the subjects with a normal sinus rhythm in the training 
cohort (Groups 0 + 1; n = 2066), there are 356 patients with CAD based 
on the CAG diagnosis. Interestingly, our AI-algorithm was able to 

identify 45.2 % of these subjects (161/356) (Fig. 2C). Consistently, in 
the subjects with a normal sinus rhythm in the validation cohort (Groups 
0 + 1; n = 4912), about 47.3 % (87/184) of the CAD patients were able 
to be identified (Fig. S4B). The overall performance of the AI-algorithm 
when detecting CAD in subjects with a normal sinus rhythm is shown in 
Fig. S4C-D. Regarding the performance of the AI-algorithm when used 
on Group 2 (abnormal ECG without ischemia), about 82.9 % and 80.2 % 
of CAD patients can be identified in the training and validation cohorts, 
respectively; while in Group 3 (abnormal ECG with ischemia), about 
95.0 % and 91.9 % of CAD patients can be identified in the training and 
validation cohorts, respectively (Fig. 2C; Fig. S4B).

Furthermore, when AUC, which plots the sensitivity (true positive 

Fig. 3. Sex differences, examples of the top ranked ECG features and the composition of the probability of CAD prediction in CAD and non-CAD subjects. (A-C) 
Examples presented are the three top ranked features (rank #1, #3 and #6) of males. (D-F) Examples presented are the three top ranked features (rank #1, #2 and 
#3) of females. Box plots of the feature with statistically significant differences between CAD and non-CAD patients are shown. The probability of CAD prediction is 
calculated by adding the Shapley additive explanations (SHAP) values of the top nine features and the remaining 552 features. A positive SHAP value (red bar) means 
a contribution to the probability of CAD and a negative SHAP value (blue bar) means the opposite. Each individual has a personal list of feature ranked by SHAP 
framework. * ** *p < 0.0001.
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rate; y coordinate) versus its 1-specificity (false positive rate; x coordi
nate), was used to evaluate the overall performance of the AI-enhanced 
ECG algorithm. The results for the AUC of the 5-fold cross validation for 
all of the subjects and subjects with a normal sinus rhythm (Groups 
0 + 1) in the training as well as validation cohorts are presented in 
Fig. 2D.

3.3. A panel of novel ECG features that identifies high-risk subjects

Our model is built using XGBoost, which gave the best performance 
using ML. The XGBoost model is a tree-based model, and the importance 
of a feature is ranked according to the improvement in accuracy brought 

about by a feature to the branches within it. Hence for each feature, it is 
possible to calculate the improvement (information gain) for the tree 
branches. A total of 561 ECG features were used to predict the proba
bility of CAD (Fig. S2C). In addition, we conduct multifactorial analysis 
by logistic regression to elucidate the relationships between the features 
and the occurrence of CAD in the subjects with normal ECGs (Fig. 2E). 
When combining males and females, there are ten features that have 
statistically significance. Among these ten features, it was found that an 
increase in the adjusted odds ratios (OR) is present for the occurrence of 
CAD in relation to six of these features. Conversely, there are four fea
tures that appear to be associated with a lower risk of CAD. Furthermore, 
in males, there are seven ECG features that have statistically 

Fig. 4. Comparison of Diagnostic Modalities for Coronary Artery Disease. (A) An example of a 61-year-old male CAD patient who has a normal ECG and a negative 
result by Thallium scanning. However, his CAG result revealed that he has a significant infarction in the LAD and LCX coronary arteries. Interestingly, the AI- 
enhanced ECG algorithm predicts the probability of CAD to be 0.75 for this subject. (B) Another example of a 60-year-old male non-CAD patient, who has a 
normal ECG and a negative Thallium scan; he has normal coronary arteries as revealed by CAG. Notably, the AI-enhanced ECG algorithm predicts a low probability of 
CAD, namely 0.27, for this subject. (C) Our AI-enhanced ECG algorithm should be able to provide an alternative approach when identifying high-risk subjects with 
potential CAD. For patients with chest pain, initial examination by resting 12-lead ECG, followed by nuclear medicine examination, namely myocardial perfusion 
scintigraphy (MPS)-Thallium scanning or cardiac computerized tomography (CT), then invasive coronary angiography (CAG), is recommended currently. Our AI- 
enhanced ECG algorithm has a performance comparable with MPS-Thallium scanning and thus it may serve as an alternative screening method.
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significance. Among these seven features, six features are recorded from 
the limb leads (I, II, aVR and aVL), and only one feature is recorded from 
the chest lead, namely V2. By way of contrast, [n females, there are eight 
features that have statistically significance. Among these eight features, 
five features are recorded from the limb leads (I and II), and three fea
tures are from the chest leads (V1 and V6).

Intriguingly, all of these AI-selected features have never been 
mentioned in the current diagnostic criteria for MI. Furthermore, most 
of these top ranked features are associated with the slope and amplitude 
difference between peaks, suggesting that these features may play key 
roles in detecting ECG abnormalities and there is an implication that 
they are related to the stenotic condition of the coronary arteries.

3.4. Sex difference and the ranking of ECG features

Growing evidence has revealed that there are substantial differences 
in the incidence of clinical presentation of CAD and the mortality from 
CAD between males and females [24]. Consistently, these sex differences 
can also be reproducibly observed in our cohorts. For example, the 
average ages of the female patients with abnormal ECGs in Group 2 and 
Group 3 are significantly higher than those of the male patients 
(Fig. 1B). Additionally, the features selected for the odds ratio analyses 
are different for males and females (Fig. 2E). Accordingly, we have 
ranked the features for all of the subjects combining both sexes, as well 
those for the males and females separately (Table S1). Remarkably, the 
order of the features and the items making up the top 15 features for the 
males and females are very different. In order to explore the ECG fea
tures associated with the difference in sex, we show in Fig. 3 several 
examples from CAD and non-CAD subjects.

In males, the rank #1 feature is the median slope of the P to T peaks 
from the lead V6. Notably, male CAD patients have significantly lower 
values for the median slope compared with non-CAD individuals in both 
cohorts. For example, in CAD patient 0002514, a negative median slope 
(-0.013) of this feature contributes a + 0.02 possibility of CAD. 
Furthermore, in this patient, the top nine features increase the possi
bility of CAD from + 0.70 to + 0.844, while the remaining 552 features 
altogether contribute only + 0.22 to the possibility of CAD. On the other 
hand, in non-CAD subject 00003133, a positive median slope (0.536) of 
this feature decreases the possibility of CAD by − 0.04. Interestingly, in 
this subject, the top nine features decrease the possibility of CAD from 
0.219 to 0.061. On the other hand, the remaining 552 features together 
only contribute a − 0.2 to the possibility of CAD (Fig. 3A). In addition, 
among males, the rank #3 feature is the median value of the P peaks to T 
peak amplitude difference at lead V6; a significantly lower value for this 
is observed in CAD patients. Furthermore, the rank #6 feature is the 
median value of the R amplitude difference between leads II and aVL 
and again there is a significantly lower value observed in CAD patients. 
Examples of CAD and non-CAD predictions using these two features are 
also provided (Fig. 3B-C).

In females, the rank #1 feature of the AI algorithm is the median 
value of the amplitude difference between the R and T peaks for lead 
aVL. Remarkably, CAD patients have a significantly higher value of this 
feature in both cohorts. Moreover, among females, the rank #2 feature is 
the median slope of the R peaks to T peaks for lead aVL and this has a 
significantly lower value among female CAD patients. Furthermore, the 
rank #3 feature is the median slope of the Q peaks to T peaks for lead V6 
and this has a significantly lower value among female CAD patients. 
Examples of the CAD and non-CAD predictions using these features are 
provided in Fig. 3D-F.

Overall, the SHAP value of each feature shows a preference toward 
either a higher risk or a lower risk for the occurrence of CAD. On the 
addition of the SHAP values of all 561 features, this value reflects the 
final prediction score of the model. Furthermore, the ranking of features 
represents the most frequently appearing features that are of higher 
importance to the prediction; accordingly, it also represents the 
importance of features for the model itself, but not specifically for a 

given individual. At the personal level, each individual has a personal 
feature ranking list that is calculated via the SHAP framework. Knowl
edge of a patient’s feature ranking list should be able to help clinicians 
pinpoint the characteristics of an individual’s abnormal ECG patterns 
and thereby help the doctor to select appropriate medication and the 
best treatment options.

3.5. Comparison between AI-enhanced ECGs and Thallium scans

Myocardial perfusion scintigraphy (MPS) with Thallium 201, which 
is a nuclear medicine test, is one of the most important and common 
non-invasive cardiac imaging methods. It has been recommended as a 
gatekeeper before the implementation of an invasive CAG procedure 
[25]. To test the utility of our AI-algorithm, we compare the perfor
mance of our AI-enhanced ECG algorithm with MPS-Thallium scanning 
and conventional ECGs (Table 2). Subjects in the training (n = 1049) 
and validation (n = 528) cohorts used in this comparison have medical 
records for MPS-Thallium scans and for conventional ECGs. Remark
ably, the sensitivity of detection of CAD is significantly increased by 
both the AI-enhanced ECG algorithm, namely to 0.79 and 0.83 in the 
training and validation cohorts, respectively, and by MPS-Thallium 
scanning, namely to 0.84 and 0.89 in the training and validation co
horts, respectively. Moreover, the accuracy and AUC are also much 
higher for AI-enhanced ECG algorithms and MPS-Thallium scans 
compared with conventional ECGs. Overall, the performance of the 
AI-enhanced ECG algorithm and MPS-Thallium scanning are similar and 
comparable in terms of sensitivity, accuracy and AUC (Table 2). Addi
tionally, compared with conventional ECG, the advantage of using AI is 
evident by the following metrices (Table 2) based on a total of 1049 
subjects (training samples): the AUC increase from 0.6 (conventional 
ECG) to 0.7 (AI-enhanced ECG). Although the false positives (FP) in
crease by 144 samples, namely from 76 samples (conventional ECG) to 
220 samples (AI-enhanced ECG), nevertheless, the true positives (TP) 
increase by 264 samples, namely from 236 samples (conventional ECG) 
to 500 samples (AI-enhanced ECG). Thus, compared with conventional 
ECG, the AI-enhanced ECG algorithm is able to identify an additional 
264 subjects who were in need of clinical intervention and treatment.

4. Discussion

The major discovery of the present study is that our AI-enhanced ECG 
approach is able to improve the detection of CAD, and that this AI al
gorithm has a performance comparable to MPS-Thallium scanning. We 
have provided two examples to support the good performance of our AI- 
algorithm. The first example is a 61-year-old male patient who has a 
normal ECG and a negative result from a Thallium scan. Remarkably, 
our AI-enhanced ECG algorithm predicts the probability of CAD to be 
0.75 (range from 0 to 1, threshold = 0.5). This is consistent with the 
invasive CAG result for this patient, which showed a significant infarc
tion affecting the coronary arteries of this subject (Fig. 4A). Another 
example is a 60-year-old male non-CAD patient, who also has a normal 
ECG and a negative Thallium scan. His CAG revealed normal coronary 
arteries. Notably, the AI-algorithm predicts a very low probability of 
CAD, namely 0.27, for this subject (Fig. 4B). A graphic summary is 
presented in Fig. 4C.

Several findings can be pointed out. Firstly, our AI-enhanced ECG 
algorithm is able to act as an effective screening method when detecting 
CAD. For all subjects within the training (n = 5376) and validation 
(n = 7163) cohorts, the AUC is 0.84 and 0.91, respectively. In the sub
jects with normal ECGs, the AUC is 0.87 and 0.90 in the training 
(n = 2066) and validation (n = 4912) cohorts, respectively. Secondly, 
novel ECG features are able to be pinpointed by the XGBoost model. 
Interestingly, most of the top ranked features are associated with the 
slopes and amplitude differences between peaks. Notably, many features 
involve the T wave, indicating a key role for calcium reuptake and 
repolarization of the ventricular membranes. Thirdly, differences 
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between the sexes are highlighted by our findings and these affect the 
ranking of features tremendously. Accordingly, different prediction 
models need to be applied to males and females. Lastly, the performance 
of our AI-algorithm when detecting CAD is comparable to that of MPS- 
Thallium scanning, which is a nuclear medicine test. Thus, our AI- 
enhanced ECG approach provides an alternative to a nuclear isotope 
approach.

4.1. Sex differences and the AI-enhanced ECG approach

The distribution and kinetics of cardiac ion channels, as well as the 
effects of sex hormones on these channels, result in sex differences in the 
electric properties of cardiomyocytes, which in turn results in there 
being different ECG characteristics for the two sexes. This has potential 
implications in a clinical situation [26]. In males, the sex hormone 
androgen appears to shorten the QTc. This is in contrast with the longer 
QTc values observed in females; this effect is likely to be caused by a 
longer ST segment and a delayed start of the T wave [27]. Previously 
Lyle et al. applied the Symmetric Projection Attractor Reconstruction 
method to analyze the normal sinus rhythm of ECG signals as a 
two-dimensional image. Their study revealed a number of subtle dif
ferences, including some related to sex, others affecting ECG signals and 
yet others affecting ECG patterns. These are largely unrecognizable by 
human clinicians but seem to be able to be differentiated using an AI 
approach [21].

4.2. ECG features in CAD detection

Exercise-induced ST-segment depression or elevation predicts the 
presence of coronary artery stenosis. However, exercise-induced ST- 
segment elevation may also result from coronary artery spamming [28]. 
On the other hand, resting ECG with a de Winter pattern or a hyperacute 
T wave signifies the occlusion of coronary artery in only 2 % of CAD 
patients [29]. Other features of resting ECGs that indicate ischemic 
myocardium are T wave alterations and a giant R wave pattern [30,31]. 
Our findings reveal that many of the top features identified by our AI 
approach are related to the amplitudes of the R wave and T wave, and 
these probably reflect intracellular calcium release and reuptake by the 
sarcoplasmic reticulum. The top ranked features selected by our AI al
gorithm not only identify subtle alterations in ECG signals and patterns, 
but also help delineate the presence of an abnormal/damaged calcium 
cycle in the myocardium [32]. Interestingly, among the top fifteen 
features (Table S1), many are frequently associated with the long axis of 
the heart, namely leads I, II, aVL and aVF, which suggests that LAD 
stenosis may be prevalent in these cohorts. Additionally, leads V5 and 
V6 are often associated with the various top features and this may also 
reflect the prevalence of stenosis in the LAD or the LCX, which supply 
blood to the left ventricle.

4.3. Limitation and perspective

Additional efforts are needed to address several limitations of the 

present study. Firstly, it utilizes a combination of multiple ECG features 
to predict CAD, and this will present a new challenge for clinicians who 
are accustomed to analyzing ECG data using traditional parameters. 
Secondly, the electrophysiological implications of the individual ECG 
features remain unclear and needs further in-depth research. Thirdly, 
the long-term predictive outcomes of this study require further investi
gation. Fourthly, this is a cross-sectional study conducted on a single 
ethnic population. Although an external validation cohort was included, 
further validation of our findings on a larger scale and across ethnically 
diverse cohorts is necessary. Finally, according to our national regula
tions, this type of diagnostic assistant tool is classified as a Class II 
medical device. As such, it must be monitored by regulatory authorities 
or used under the supervision of an Institutional Review Board within 
medical institutions. Accordingly, it will be challenging to make the web 
application publicly available at the present time.

Furthermore, recently McKeen et al. [33] developed an 
ECG-Foundation Model (ECG-FM); this model adopts a 
transformer-based architecture. One of our future areas of interest will 
be to use ECG-FM as a pretrained model and fine tune a downstream task 
stream that will be able to classify the presence or absence of significant 
coronary artery stenosis. For an explainable model perspective, inspired 
by Budhkar et al. [34], the ECG feature created in this study may be 
applicable as a graph model, thus allowing the exploration of the con
nections between different leads, various features and stenosis of the 
coronary arteries.

5. Conclusions

In conclusion, our study reveals that AI-enhanced ECG algorithms 
are able to provide a noninvasive method that upgrades the current ECG 
approach in order to identify a subset of high-risk patients with stable 
chest pain. The new ECG features pinpointed using a 12-lead ECG and 
our AI algorithm should be able to serve as digital biomarkers for CAD. 
Importantly, at the personal level, each individual has a personal feature 
ranking list calculated by the SHAP framework. The introduction of the 
SHAP values will help clinicians understand the importance of the 
different ECG features of each patient thereby enabling a more precise 
diagnosis and a more targeted treatment, both of which will advance 
personalized medicine in relation to CAD.
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