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Abstract
Background  The accuracy of electrocardiogram (ECG) interpretation by doctors are affected by the available clinical 
information. However, having a complete set of clinical details before making a diagnosis is very difficult in the clinical 
setting especially in the early stages of the admission process. Therefore, we developed an artificial intelligence-
assisted ECG diagnostic system (AI-ECG) using natural language processing to provide screened key clinical 
information during ECG interpretation.

Methods  Doctors with varying levels of training were asked to make diagnoses from 50 ECGs using a common ECG 
diagnosis system that does not contain clinical information. After a two-week-blanking period, the same set of ECGs 
was reinterpreted by the same doctors with AI-ECG containing clinical information. Two cardiologists independently 
provided diagnostic criteria for 50 ECGs, and discrepancies were resolved by consensus or, if necessary, by a third 
cardiologist. The accuracy of ECG interpretation was assessed, with each response scored as correct/partially 
correct = 1 or incorrect = 0.

Results  The mean accuracy of ECG interpretation was 30.2% and 36.2% with the common ECG system and 
AI-ECG system, respectively. Compared to the unaided ECG system, the accuracy of interpretation was significantly 
improved with the AI-ECG system (P for paired t-test = 0.002). For senior doctors, no improvement was found in 
ECG interpretation accuracy, while an AI-ECG system was associated with 27% higher mean scores (24.3 ± 9.4% vs. 
30.9 ± 10.6%, P = 0.005) for junior doctors.

Conclusion  Intelligently screened key clinical information could improve the accuracy of ECG interpretation by 
doctors, especially for junior doctors.
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Introduction
Electrocardiogram (ECG) interpretation is a vital com-
ponent of clinical medicine and its accurate interpre-
tation is important for maintaining high standards of 
patient care. Errors in ECG interpretation can lead to 
severe consequences, such as delays in the revasculariza-
tion of occluded coronary arteries in patients with acute 
myocardial infarction and the reconigition of the sig-
nificant long QT interval. However, there is compelling 
evidence that doctors have significant error rates in ECG 
diagnosis. According to a meta-analysis, the accuracy of 
ECG interpretation by doctors or medical students var-
ied widely across all training levels (4-95%). The median 
accuracy was 42% for medical students and 74.9% for car-
diologists. [1] Even cardiologists cannot be deemed fully 
competent in electrocardiographic interpretation. Viskin 
et al. [2] investigated doctors’ capability of distinguish-
ing long QT interval, a life-threatening condition, finding 
that most doctors, including many cardiologists, cannot 
correctly identify a long QT. Another study reported the 
overall diagnostic accuracy was only 58% for cardiology 
residents [3].

Some studies of ECG interpretation have shown that 
providing a clinical history may impact doctors’ diagnos-
tic accuracy. In one study, three cardiologists wrote an 
interpretation of a set of 52 ECGs devoid of clinical infor-
mation and three weeks later interpreted the same ECGs 
with a clinical history [4]. As a result, 14% of the initial 
ECGs were interpreted with a different diagnosis. Hatala 
et al. explored the effect of clinical information on doc-
tors’ ECG interpretation skills in 1996 [5] and 1999 [6]. 
The results showed that for doctors with different levels 
of expertise, a correct history could improve the accu-
racy of ECG interpretation, while providing a misleading 
history could also reduce accuracy, especially for junior 
doctors. Notwithstanding that a prior study have also 
demonstrated a weak influence of clinical information 
on the interpretation of ECGs [5], the most recent study 
with a large sample supported the positive influence of 
clinical history on the accuracy of ECG interpretation [6].

In real-world clinical practice, ECGs are rarely inter-
preted without knowledge of the clinical background of 
the cases. There are features that may leave subtle effects 
on the ECG waveforms or enable these to be detected, 
such as the availability of prior ECGs, laboratory assays, 
common comorbidities, medication, and echocardiogra-
phy. Unfortunately, it is impossible to comprehensively 
grasp every detail in the entire record before inter-
preting an ECG. Therefore, we developed an artificial 
intelligence-assisted ECG diagnostic system (AI-ECG) 
using natural language processing to extract key and 
concise clinical information for doctors during ECG 
interpretation.

This study aimed to evaluate whether AI-ECG with 
automatically acquired key clinical information can assist 
doctors in improving the accuracy of ECG interpretation 
compared with the common ECG interpretation system.

Methods
Participants
We performed a cross-sectional study on postgraduate 
trainees (including first-, second-, and third-year post-
graduate training) and cardiologists from the Second 
Hospital of Tianjin Medical University. Participants vol-
untarily performed the tests.

Testing ECG
An ECG test package containing 50 ECGs was created. 
The package covers a core syllabus of cardiovascular 
diagnoses, which include arrhythmias (blocked prema-
ture ventricular contractions, premature atrial contrac-
tions, first-degree atrioventricular block, Mobitz type I 
and II second-degree atrioventricular block, complete 
atrioventricular block, High-degree atrioventricular 
block, atrial tachycardia, atrial fibrillation, atrial flutter, 
atrioventricular reentrant tachycardia, ventricular tachy-
cardia, accelerated idioventricular rhythm and Torsade 
de pointes), and other disease which can cause waveform 
abnormalities (left atrial enlargement caused by mitral 
stenosis, left ventricular hypertrophy caused by hyper-
tension, aortic stenosis and hypertrophic cardiomyopa-
thy, right ventricular hypertrophy caused by pulmonary 
hypertension, SIQIIITIII caused by pulmonary embolism, 
left bundle branch block, right bundle branch block, AF 
with Wolff-Parkinson-White pattern, ST-segment eleva-
tion myocardial infarction, hypokalaemia, long QT syn-
drome caused by amiodarone, Brugada syndrome, De 
Winter syndrome, pacing rhythm, Epsilon-waves caused 
by arrhythmogenic right ventricular cardiomyopathy, and 
atypical waveform abnormalities caused by non ST-seg-
ment elevation myocardial infarction and heart failure). 
The details of this ECG test package are listed in Supple-
mentary Table 1.

Artificial intelligence-assisted ECG diagnostic system and 
common ECG diagnostic system
The AI-ECG diagnostic interface is divided into four 
quadrants (Fig.  1). The upper left quadrant displays the 
prior ECGs, which can be paged if multiple prior ECGs 
exist. The upper right quadrant shows the ECG to be 
diagnosed this time; the lower left quadrant shows the 
patient’s key information tags, which are screened by 
an AI model. Based on theoretical medical knowledge 
as well as clinical experience, we trained the AI model 
using machine learning to filter out clinical key informa-
tion that may leave a trace in the ECG, including prelimi-
nary cardiovascular diagnosis, laboratory tests, cardiac 



Page 3 of 10Guo et al. BMC Medical Education          (2023) 23:936 

Fi
g.

 1
 T

he
 in

te
rf

ac
e 

of
 a

rt
ifi

ci
al

 in
te

lli
ge

nc
e-

as
si

st
ed

 E
CG

 d
ia

gn
os

tic
 s

ys
te

m
. E

CG
, e

le
ct

ro
ca

rd
io

gr
ap

h

 



Page 4 of 10Guo et al. BMC Medical Education          (2023) 23:936 

ultrasound diagnosis, abnormal ECG measurements, 
and clinical medications. The contents of the lower left 
quadrant tags are subdivided into five sections of related 
diagnoses, abnormal cardiac echocardiographic indica-
tions, related abnormal laboratory indications, related 
abnormal ECG values, and related medication indica-
tions. The rules for AI learning and extracting tags are 
set in advance. The lower right quadrant is a template of 
ECG diagnostic terms based on the AHA consensus [7, 
8], which allows doctors to select the appropriate diagno-
sis and leave comments.

The interface of a common ECG diagnostic system is 
similar to AI-ECG system but without the tabs in the 
lower left quadrant.

Study design
During the timeframe between June 2021 and Decem-
ber 2021, the AI-ECG system was meticulously devel-
oped and underwent extensive testing. In the subsequent 
period from January 2022 to March 2022, a specific ECG 
testing dataset was carefully selected. Finally, from April 
2022 to June 2022, doctors were recruited for clinical 
study.

The clinical study flow is outlined in Fig.  2. Doctors 
were asked to independently interpret the set of 50 ECGs 
using a common ECG diagnosis system devoid of any 
clinical information. They were not told the purpose of 
the study. After a two-week washout period, the same 
set of ECGs was reinterpreted by each physician using 
the AI-ECG platform. The doctors were unaware that the 
same set of ECGs was used. Two cardiologists indepen-
dently gave diagnostic criteria for 50 ECGs, and discrep-
ancies were resolved by consensus or, if necessary, by a 
third cardiologist. Each response was scored by one of 
the investigators according to the criteria. As most ECGs 
have more than one answer, diagnostic accuracy was 
graded as correct in all answers/ in main answers = 1 or 

incorrect = 0. If multiple diagnoses including the correct 
main answers were listed, the item was scored as correct.

Statistical analysis
The study was designed as a matched pair study. SPSS 
statistical software (SPSS 25.0, SPSS Inc., Chicago, IL, 
USA) and R programming (version 4.2.2; R Foundation 
for Statistical Computing, Vienna, Austria) were used 
for the statistical analysis. P-values of 0.05 or lower were 
considered statistically significant. Unmodified Kol-
mogorov-Smirnov goodness-of-fit tests were used to test 
for the distribution of the variables. Since each ECG was 
interpreted twice by the common ECG diagnosis system 
and AI-ECG platform respectively, the analysis had to be 
perceived as a matched pair design, which led to the stu-
dent paired t-test or non-parametric Wilcoxon rank-sum 
tests for the method comparison.

Results
A total of 19 doctors were included in this study, of whom 
five were cardiologists and 14 were postgraduate trainees, 
representing all 3 training years (4 first-, 3 s-, and 7 third-
year postgraduate training). ECG interpretation accuracy 
for testing ECGs of each doctor is shown in Table 1. The 
mean diagnostic accuracy for all 50 diagnoses was 30.21% 
by the common ECG diagnosis system and 36.21% by the 
AI-ECG platform. As shown in Fig.  3, the overall accu-
racy using the AI-ECG platform with the help of key clin-
ical information was significantly improved compared 
to the common ECG diagnosis system (student paired 
t-test, 36.2 ± 14.5% vs. 30.2 ± 15.2%, P = 0.002).

Of 10 life-threatening diagnoses including Brugada 
syndrome, complete atrioventricular block, long QT 
interval, atrial fibrillation combined with Wolff–Parkin-
son–White syndrome, Torsades de Pointes, and ventricu-
lar tachycardia, the mean accuracy was only improved by 
5.26% using the AI-ECG system compared to the com-
mon system without statistical significance (P = 0.188).

Testing ECGs were divided into five categories based 
on the main diagnosis: (1) arrhythmia; (2) conduction 
disturbances; (3) hypertrophy; (4) ischemia or infarction; 
and (5) others (including Brugada syndrome, S1Q3T3 
pattern, Epsilon wave, long QT interval, and Takotsubo 
cardiomyopathy). The AI-ECG system can significantly 
improve the diagnostic accuracy of ECGs about ischemia 
or infarction (P = 0.028) and has a trend toward improv-
ing the diagnostic accuracy of arrhythmia (P = 0.069) and 
other special conditions (P = 0.059), while this phenom-
enon was not prominent in the categories of conduction 
disturbances, and hypertrophy (Fig. 4).

The overall diagnostic accuracy of interpretation dif-
fered depending on the level of cardiology training. 
Subgroup analysis shows that the postgraduate train-
ees’ accuracy in ECG interpretation was significantly 

Fig. 2  Study flow chart. ECG, electrocardiograph; AI-ECG system, artificial 
intelligence-assisted ECG diagnostic system

 



Page 5 of 10Guo et al. BMC Medical Education          (2023) 23:936 

D
ia

gn
os

tic
 C

la
ss

ifi
ca

tio
n

Ph
ys

ic
ia

ns
Se

ni
or

 o
r 

ju
ni

or
A

ll 
EC

G
s 

Li
fe

 th
re

at
en

in
g 

di
ag

no
si

s
A

rr
hy

th
m

ia
 

H
yp

er
tr

op
hy

 
Is

ch
em

ia
, o

r 
in

fa
rc

tio
n

Co
nd

uc
tio

n 
di

st
ur

ba
nc

es
ot

he
rs

Co
m

m
on

-E
CG

A
I-E

CG
Co

m
m

on
-E

CG
A

I-E
CG

Co
m

m
on

-E
CG

A
I-E

CG
Co

m
m

on
-E

CG
A

I-E
CG

Co
m

-
m

on
-

EC
G

A
I-E

CG
Co

m
-

m
on

-
EC

G

A
I-E

CG
Co

m
-

m
on

-
EC

G

A
I-E

CG

01
ca

rd
io

lo
-

gi
st

s
37

 (7
4%

)
37

 (7
4%

)
8 

(8
0%

)
8 

(8
0%

)
15

 (8
3.

33
%

)
16

 
(8

8.
89

%
)

2 
(4

0%
)

1 
(2

0%
)

10
 

(7
1.

43
%

)
11

 
(7

8.
57

%
)

7 (1
00

%
)

6 (8
5.

71
%

)
3 

(5
0%

)
3 

(5
0%

)

02
tr

ai
ne

es
5 

(1
0%

)
7 

(1
4%

)
3 

(3
0%

)
3 

(3
0%

)
2 

(1
1.

11
%

)
3 (1

6.
67

%
)

0 
(0

%
)

0 
(0

%
)

2 (1
4.

29
%

)
3 (2

1.
43

%
)

1 (1
4.

29
%

)
2 (2

8.
57

%
)

1 (1
6.

67
%

)
0 

(0
%

)

03
tr

ai
ne

es
11

 (2
2%

)
16

 (3
2%

)
4 

(4
0%

)
6 

(6
0%

)
7 

(3
8.

89
%

)
5 (2

7.
78

%
)

0 
(0

%
)

1 
(2

0%
)

2 (1
4.

29
%

)
5 (3

5.
71

%
)

2 (2
8.

57
%

)
4 (5

7.
14

%
)

0 
(0

%
)

1 (1
6.

67
%

)

04
ca

rd
io

lo
-

gi
st

s
18

 (3
6%

)
19

 (3
8%

)
7 

(7
0%

)
5 

(5
0%

)
7 

(3
8.

89
%

)
8 (4

4.
44

%
)

1 
(2

0%
)

0 
(0

%
)

3 (2
1.

43
%

)
4 (2

8.
57

%
)

5 (7
1.

43
%

)
4 (5

7.
14

%
)

1 (1
6.

67
%

)
0 

(0
%

)

05
tr

ai
ne

es
8 

(1
6%

)
11

 (2
2%

)
3 

(3
0%

)
2 

(2
0%

)
5 

(2
7.

78
%

)
4 (2

2.
22

%
)

0 
(0

%
)

1 
(2

0%
)

1 (7
.1

4%
)

6 (4
2.

86
%

)
2 (2

8.
57

%
)

0 
(0

%
)

0 
(0

%
)

0 
(0

%
)

06
ca

rd
io

lo
-

gi
st

s
18

 (3
6%

)
27

 (5
4%

)
4 

(4
0%

)
6 

(6
0%

)
10

 (5
5.

56
%

12
 

(6
6.

67
%

)
0 

(0
%

)
3 

(6
0%

)
4 (2

8.
57

%
)

4 (2
8.

57
%

)
2 (2

8.
57

%
)

6 (8
5.

71
%

)
1 (1

6.
67

%
)

2 (3
3.

33
%

)

07
tr

ai
ne

es
18

 (3
6%

)
25

 (5
0%

)
3 

(3
0%

)
4 

(4
0%

)
8 

(4
4.

44
%

)
12

 
(6

6.
67

%
)

2 
(4

0%
)

2 
(2

0%
)

4 (2
8.

57
%

)
5 (3

5.
71

%
)

2 (2
8.

57
%

)
2 (2

8.
57

%
)

2 (3
3.

33
%

)
4 (6

6.
67

%
)

08
tr

ai
ne

es
20

 (4
0%

)
20

 (4
0%

)
7 

(7
0%

)
7 

(7
0%

)
8 

(4
4.

44
%

)
6 (3

3.
33

%
)

1 
(2

0%
)

0 
(0

%
)

4 (2
8.

57
%

)
8 (5

7.
14

%
)

6 (8
5.

71
%

)
6 (8

5.
71

%
)

1 (1
6.

67
%

)
0 

(0
%

)

09
ca

rd
io

lo
-

gi
st

s
26

 (5
2%

)
24

 (4
8%

)
7 

(7
0%

)
6 

(6
0%

)
11

 (6
1.

11
%

9 
(5

0%
)

1 
(2

0%
)

3 
(6

0%
)

8 (5
7.

14
%

)
3 (2

1.
43

%
)

5 (7
1.

43
%

)
6 (8

5.
71

%
)

1 (1
6.

67
%

)
3 

(5
0%

)

10
tr

ai
ne

es
15

 (3
0%

)
22

 (4
4%

)
5 

(5
0%

)
5 

(5
0%

)
8 

(4
4.

44
%

)
8 (4

4.
44

%
)

1 
(2

0%
)

2 
(4

0%
)

1 (7
.1

4%
)

5 (3
5.

71
%

)
4 (5

7.
14

%
)

4 (5
7.

14
%

)
1 (1

6.
67

%
)

2 (3
3.

33
%

)

11
tr

ai
ne

es
10

 (2
0%

)
13

 (2
6%

)
3 

(3
0%

)
2 

(2
0%

)
5 

(2
7.

78
%

)
6 (3

3.
33

%
)

0 
(0

%
)

0 
(0

%
)

2 (1
4.

29
%

)
4 (2

8.
57

%
)

3 (4
2.

86
%

)
2 (2

8.
57

%
)

0 
(0

%
)

1 (1
6.

67
%

)

12
tr

ai
ne

es
5 

(1
0%

)
17

 (3
4%

)
2 

(2
0%

)
7 

(7
0%

)
4 

(2
2.

22
%

)
6 (3

3.
33

%
)

0 
(0

%
)

1 
(2

0%
)

0 
(0

%
)

4 (2
8.

57
%

)
1 (1

4.
29

%
)

5 (7
1.

43
%

)
0 

(0
%

)
1 (1

6.
67

%
)

13
tr

ai
ne

es
9 

(1
8%

)
11

 (2
2%

)
2 

(2
0%

)
2 

(2
0%

)
4 

(2
2.

22
%

)
7 (3

8.
89

%
)

0 
(0

%
)

0 
(0

%
)

2 (1
4.

29
%

)
1 (7

.1
4%

)
2 (2

8.
57

%
)

3 (4
2.

86
%

)
0 

(0
%

)
1 (1

6.
67

%
)

14
ca

rd
io

lo
-

gi
st

s
18

 (3
6%

)
21

 (4
2%

)
3 

(3
0%

)
5 

(5
0%

)
7 

(3
8.

89
%

)
9 

(5
0%

)
1 

(2
0%

)
0 

(0
%

)
3 (2

1.
43

%
)

5 (3
5.

71
%

)
6 (8

5.
71

%
)

6 (8
5.

71
%

)
0 

(0
%

)
1 (1

6.
67

%
)

15
tr

ai
ne

es
9 

(1
8%

)
8 

(1
6%

)
3 

(3
0%

)
3 

(3
0%

)
2 

(1
1.

11
%

)
4 (2

2.
22

%
)

0 
(0

%
)

0 
(0

%
)

3 (2
1.

43
%

)
1 (7

.1
4%

)
4 (5

7.
14

%
)

2 (2
8.

57
%

)
0 

(0
%

)
0 

(0
%

)

16
tr

ai
ne

es
16

 (3
2%

)
15

 (3
0%

)
3 

(3
0%

)
3 

(3
0%

)
5 

(2
7.

78
%

)
6 (3

3.
33

%
)

2 
(4

0%
)

0 
(0

%
)

3 (2
1.

43
%

)
3 (2

1.
43

%
)

6 (8
5.

71
%

)
6 (8

5.
71

%
)

0 
(0

%
)

0 
(0

%
)

17
tr

ai
ne

es
15

 (3
0%

)
18

 (3
6%

)
3 

(3
0%

)
4 

(4
0%

)
7 

(3
8.

89
%

)
7 (3

8.
89

%
)

2 
(4

0%
)

3 
(6

0%
)

0 
(0

%
)

2 (1
4.

29
%

)
6 (8

5.
71

%
)

5 (7
1.

43
%

)
0 

(0
%

)
0 

(0
%

)

Ta
bl

e 
1 

Th
e 

EC
G

 in
te

rp
re

ta
tio

n 
ac

cu
ra

cy
 o

f e
ac

h 
ph

ys
ic

ia
ns



Page 6 of 10Guo et al. BMC Medical Education          (2023) 23:936 

improved using the AI-ECG system (24.3 ± 9.4% vs. 
30.9 ± 10.6%, P = 0.005). However, no difference in ECG 
interpretation accuracy of cardiologists was observed 
either using the common system or AI-ECG system 
(46.8 ± 16.7% vs. 51.2 ± 14.1%, P = 0.307) (Fig. 5). Surpris-
ingly, cardiologists are more likely to change the correct 
answer to the wrong one with more clinical information 
using the AI-ECG system (P = 0.009) (Table 2).

Discussion
Compared to the common ECG diagnostic system, we 
have demonstrated a strong and advantageous effect of 
artificial intelligence-assisted ECG diagnostic system 
on the accuracy of ECG interpretation. To our knowl-
edge, this is the first bold attempt to explore a new way 
of changing and improving the diagnosis based on the 
original ECG, providing a proof-of-concept of introduc-
ing artificial intelligence for real-world applications in the 
clinical environment.

The AI-ECG system can significantly improve the 
accuracy of doctors’ ECG diagnoses comparing to the 
common system, which can be attributed to the follow-
ing reasons: (1) The system integrates the clinical exper-
tise and wisdom of experts when extracting key clinical 
information; (2) It significantly reduces the time doc-
tors spend on reviewing complex clinical information, 
thereby improving efficiency and minimizing omissions; 
(3) The information is well synchronized in AI-ECG sys-
tem, as the latest clinical information is extracted based 
on the completion time of the electrocardiogram. It 
should be noted that although the AI-ECG system accu-
rately extracts the key clinical information required for 
ECG diagnosis, the accuracy of the diagnosis primarily 
relies on the level of training and expertise of the doc-
tor. Compared to common systems, this AI-ECG system, 
when used for training doctors, enables the integration of 
ECG and clinical knowledge, efficient error correction, 
and potentially the development of more personalized 
training modes in the future.

As summarized by a systematic review and meta-anal-
ysis in 2020, which identified 78 studies on the accuracy 
of ECG interpretations by doctors, accuracy scores var-
ied widely across studies, ranging from 4 to 95%, and 
the median accuracy across all training levels was rela-
tively low (54%) and scores increased as expected with 
progressive training and specialization [1]. Our study 
reported 30.2% mean ECG diagnostic accuracy. Even 
with the help of the AI-ECG system, the mean accuracy 
only increased to 36.2%. The performance of doctors in 
this study seems not to be as good as in previous stud-
ies. However, the ECGs included in this study were much 
more complicated than those in previous studies, which 
can be explained by the following aspects. First, a larger 
number of testing ECGs than before [9–11], and 28% had 
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more than one main diagnosis, which meant that the dis-
ease was more complicated to diagnose. Furthermore, 
the ECG came from actual inpatients in the department 
of cardiology, leading to atypical ECGs affected by treat-
ment and other conditions. Third, most doctors (58%) 
have not yet completed 3 years of postgraduate internal 
medicine training. Fourth, although participants volun-
teered to participate in the study, it is important to con-
sider the variations in their mindset and determination to 
complete the study as they face the challenges of diagnos-
ing a large number of complex ECG.

Although previous reports have suggested that there is 
only a minimal clinical effect of ECG misinterpretation 
[12], the wrong diagnosis may potentially expose patients 
to unnecessary additional testing, incorrect or delayed 
treatment, and overlook potentially life-threatening con-
ditions of long QT interval and ventricular tachycardia. 
Of note, this study’s subgroup analysis indicates that AI-
assisted ECG diagnostic systems did not improve the 
accuracy of life-threatening ECG diagnosis. The impor-
tance of being able to recognize a life-threatening disease 
using ECG cannot be overemphasized. Though the lim-
ited number of participating doctors may have an impact, 
the improvement of AI-ECG and the specialization of 
doctors are also important.

Otherwise, though the performance of cardiologists 
was significantly better than postgraduate trainees in 
ECG interpretation with complex ECGs, the accuracy 
rate of 51.2% in this study remains unsatisfactory. As far 
back as 20052, studies cast doubt on doctors’ ability to 
interpret ECGs, and Sibbald et al. in 20143 further sug-
gested that cardiologists may not be as competent in 
ECG interpretation as we thought. Therefore, AI-assisted 
ECG diagnostic systems need to be further improved, 
not only to identify and extract key clinical information 

such as critical QT prolongation but also to design more 
effective reminders to ensure that doctors are fully aware 
of this finding. In addition, it is imperative to explore the 
value of AI automatic diagnosis systems in medical stu-
dent and resident training, providing doctors with a more 
intelligent and efficient training platform.

Limitations
Firstly, only 19 doctors were studied, and the perfor-
mance of the AI-ECG system could have been better 
explored if more doctors with different cardiology train-
ing had been included. Moreover, the real-world clinical 
environment is often more complex. Postgraduate train-
ees with limited cardiology training may have trouble 
processing the abnormal information extracted by AI. 
Finally, this was not a critical examination, increasing the 
possibility that an individual’s motivation to complete the 
examination to the best of their ability might have been 
varied.

Conclusion
Our AI-ECG system, which intelligently extracts and 
summarizes key clinical information that may leave a 
trace in ECG, can significantly improve the accuracy of 
ECG interpretation by doctors. There was a significant 
effect of expertise on diagnostic accuracy but no effect 
of the AI-ECG system on cardiologists, suggesting that 
efforts should be made at all levels of medical education 
to increase the awareness and knowledge of the medical 
community about ECG interpretation.

Fig. 3  Diagnostic accuracy in all included doctors. (A) a bar chart showing individual accuracy of ECG interpretation by the common system and AI-ECG 
system; (B) a boxplot graph showing the accuracy of the common system compared to the accuracy of the AI-ECG system
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Fig. 4  Comparison between common system and AI-ECG system on accuracy of ECG interpretation in various diagnostic categories. (A) life-threatening 
disease; (B) arrhythmia; (C) conduction disturbances; (D) ischemia or infarction; (E) hypertrophy; (F) others
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Table 2  Number of ECGs reinterpreted with a different diagnosis 
for the second time

Cardiologists Postgraduate 
trainees

P-
val-
ue

The number of increased 
correct answers

9.4 ± 3.9 6.9 ± 3.4 0.184

The number of increased 
wrong answers

7.2 ± 2.8 4.0 ± 1.8 0.009

Fig. 5  Subgroup analysis by cardiology training. Junior doctors were postgraduate trainees and senior doctors were cardiologists
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