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AI-enabled electrocardiography alert 
intervention and all-cause mortality:  
a pragmatic randomized clinical trial
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The early identification of vulnerable patients has the potential to 
improve outcomes but poses a substantial challenge in clinical practice. 
This study evaluated the ability of an artificial intelligence (AI)-enabled 
electrocardiogram (ECG) to identify hospitalized patients with a high risk of 
mortality in a multisite randomized controlled trial involving 39 physicians 
and 15,965 patients. The AI-ECG alert intervention included an AI report and 
warning messages delivered to the physicians, flagging patients predicted 
to be at high risk of mortality. The trial met its primary outcome, finding that 
implementation of the AI-ECG alert was associated with a significant reduction 
in all-cause mortality within 90 days: 3.6% patients in the intervention group 
died within 90 days, compared to 4.3% in the control group (4.3%) (hazard 
ratio (HR) = 0.83, 95% confidence interval (CI) = 0.70–0.99). A prespecified 
analysis showed that reduction in all-cause mortality associated with 
the AI-ECG alert was observed primarily in patients with high-risk ECGs 
(HR = 0.69, 95% CI = 0.53–0.90). In analyses of secondary outcomes, patients 
in the intervention group with high-risk ECGs received increased levels of 
intensive care compared to the control group; for the high-risk ECG group of 
patients, implementation of the AI-ECG alert was associated with a significant 
reduction in the risk of cardiac death (0.2% in the intervention arm versus 2.4% 
in the control arm, HR = 0.07, 95% CI = 0.01–0.56). While the precise means by 
which implementation of the AI-ECG alert led to decreased mortality are to be 
fully elucidated, these results indicate that such implementation assists in the 
detection of high-risk patients, prompting timely clinical care and reducing 
mortality. ClinicalTrials.gov registration: NCT05118035.

The overall burden of critical illness is greater than commonly recog-
nized and is expected to escalate with an aging population1. It is widely 
acknowledged that providing intensive care to critically ill patients 
reduces mortality2. Delays in providing intensive care for critically ill 

patients results in catastrophic outcomes3. Most in-hospital cardiac 
arrests are potentially preventable; however, the early signs of dete-
rioration might be difficult to identify4. Rapid response systems (RRS), 
including afferent and efferent limbs, have been introduced in hospitals 
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The 12-lead electrocardiogram (ECG) is a commonly used diag-
nostic tool in clinical practice, particularly in emergency departments 
(EDs) and inpatient departments (IPDs), where it is used on a large 
proportion of patients. We developed an AI-enabled ECG (AI-ECG) for 
mortality risk stratification and to predict all-cause mortality14. In an 
external validation, the performance of the AI-ECG achieved an area 
under the curve (AUC) of 0.858 on 1-year mortality prediction14, which 
is compatible with an AUC of 0.855 (ref. 15) from previous research, 
which is much better than the predictions by a single parameter7 or 
aggregated weighting scores11. Importantly, we found that our AI-ECG 
exhibited better performance in predicting 30-day mortality with an 
AUC of 0.906 compared to 1-year mortality14, emphasizing its strength 
for critically ill patients. Furthermore, this AI-ECG score demonstrated 
the associations with subtle changes of several underlying cardiovas-
cular diseases, exhibiting its potential capabilities beyond physicians14. 
Although the AI-ECG serves as an effective TTS, there is no pertinent 
RCT to date16.

We sought to apply the AI-ECG to the TTS to identify deteriorating 
patients whose clinical conditions are possibly reversible to evaluate 

to manage clinical deterioration5. The afferent limb, also known as the 
track-and-trigger system (TTS), is the key to activating RRS. With the 
popularization of electronic health records (EHRs), these TTS may be 
embedded into the hospital to generate real-time alerts, which could 
potentially improve the quality of critical care6.

Previous TTS could be categorized into two approaches. The first 
approach relies on single medical data, which is applicable but lacks 
accuracy, resulting in alert fatigue7. The second approach involves 
aggregated weighting scores, such as the National Early Warning Score 
(NEWS)8, modified early warning score (MEWS)9 or artificial intelli-
gence (AI) models of physiological data10. Although offering improved 
accuracy11, potential missing data without proper protocolized proce-
dures are the Achilles’ heel of this approach12. Notably, existing aggre-
gated weighting scores only integrate established information, which 
might be critical to elucidate the minimal impact of this particular RRS 
on the reduction of mortality during randomized controlled trials 
(RCTs)13. To facilitate comprehensive care by physicians, an effective 
TTS may necessitate three key components: utmost accuracy; simplic-
ity; and the inclusion of additional concealed information.
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Fig. 1 | CONSORT-AI flow diagram. This flowchart illustrates a randomized  
control trial investigating the effectiveness of AI-enabled electrocardiogram  
(AI-ECG) analysis in emergency and inpatient departments. The study enrolled  
39 physicians and analyzed 16,335 patients who cared by participants, divided into 

intervention and control groups, to compare outcomes with and without AI-ECG 
support. Exclusion criteria included patients under 18 years and delays over two 
hours in AI-ECG analysis post-ECG upload. The intervention involved real-time  
AI-ECG alerts for high mortality risk, while control group reports were delayed.
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the potential benefits of the simple TTS without conducting addi-
tional ECG and altering routine daily practice. The aim of this multisite 
single-blind RCT was to evaluate whether a warning message to the 
treating physician generated by the AI-ECG, identifying patients at 
high risk for all-cause mortality based on a single ECG in an ED or IPD, 
would prompt management decisions leading to a decrease in deaths.

Results
Participant and patient characteristics
The primary clinical hypothesis of this RCT was that the AI-ECG would 
identify human-unrecognized deteriorating signs and prompt early 
intervention to reduce mortality. A total of 39 attending physicians 
participated in this trial and their characteristics are shown in Supple-
mentary Table 1. Mean age was 45.6 ± 6.2 years and 97.4% were male. As 
shown in Fig. 1, the final analysis included 8,001 and 7,964 patients in the 
intervention and control groups, respectively. Among the intervention 
and control groups, the AI-ECG identified 709 (8.9%) and 688 (8.6%) 
patients with a high risk of mortality, respectively; participating physi-
cians received AI-ECG alerts for these patients in the intervention group. 
Participating physicians carefully assessed the patient’s current condi-
tion on receiving the AI-ECG alert and arranged appropriate intensive 
monitoring or intensive care accordingly. Moreover, given the AI-ECG’s 

demonstrated capability in identifying and predicting heart failure17 
and paroxysmal atrial fibrillation18 beyond human knowledge, addi-
tional cardiac tests were considered for patients without overt cardiac 
abnormalities. Mean age was 60.9 ± 18.5 and 61.5 ± 18.2 years; 50.9% and 
52.3% were male in the intervention and control groups, respectively 
(Table 1). Because of the differences in intervention approaches and 
the definition of follow-up periods between the high-risk and low-risk 
subgroups, our prespecified statistical analysis plan also encompassed 
stratified analyses according to AI-ECG predictions. Consequently, 
we have presented the patient characteristics for these subgroups in 
Table 1. Furthermore, Supplementary Tables 2 and 3 provide detailed 
information on the MEWS components and the ECG features.

Performance and components of the AI-ECG risk score
Supplementary Tables 4 and 5 show the patient characteristics and 
ECG features based on AI-ECG stratification. Extended Data Fig. 1 pre-
sents the overt risk features that were most correlated with the AI-ECG 
risk score. We found that age had the highest correlation, but this was 
mainly driven by further stratification of low-risk patients, which may 
have limited clinical significance. In comparison, MEWS and heart rate 
showed stronger associations with the AI-ECG risk score in medium to 
high-risk patients. Extended Data Fig. 2 compares the AI-ECG alerts with 

Table 1 | Patient characteristics stratified according to randomization

All patients High risk as identified by the AI-ECG Low risk as identified by the AI-ECG

Intervention 
group (n = 8,001)

Controls(n = 7,964) Intervention 
group(n = 709)

Controls(n = 688) Intervention 
group(n = 7,292)

Controls(n = 7,276)

Stratification using the AI-ECG

 High risk of mortality 709 (8.9) 688 (8.6)

 Low risk of mortality 7,292 (91.1) 7,276 (91.4)

Hospitalization type

 Academic medical 
center

7,404 (92.5) 7,390 (92.8) 678 (95.6) 655 (95.2) 6,726 (92.2) 6,735 (92.6)

 Community hospital 597 (7.5) 574 (7.2) 31 (4.4) 33 (4.8) 566 (7.8) 541 (7.4)

Patient source

 ED 4,610 (57.6) 4,569 (57.4) 386 (54.4) 372 (54.1) 4,224 (57.9) 4,197 (57.7)

 IPD 3,391 (42.4) 3,395 (42.6) 323 (45.6) 316 (45.9) 3,068 (42.1) 3,079 (42.3)

Demographics and comorbidities

 Sex (male) 4,076 (50.9) 4,168 (52.3) 385 (54.3) 385 (56.0) 3,691 (50.6) 3,783 (52.0)

 Age (mean ± s.d.) 60.9 ± 18.5 61.5 ± 18.2 71.6 ± 16.0 71.4 ± 16.2 59.9 ± 18.4 60.6 ± 18.1

 Age group

 <65 years 4,369 (54.6) 4,224 (53.0) 224 (31.6) 223 (32.4) 4,145 (56.8) 4,001 (55.0)

 65–74 years 1,773 (22.2) 1,853 (23.3) 167 (23.6) 171 (24.9) 1,606 (22.0) 1,682 (23.1)

 ≥75 years 1,859 (23.2) 1,887 (23.7) 318 (44.9) 294 (42.7) 1,541 (21.1) 1,593 (21.9)

 Coronary artery disease 2,098 (26.2) 2,089 (26.2) 267 (37.7) 240 (34.9) 1,831 (25.1) 1,849 (25.4)

 Heart failure 884 (11.0) 903 (11.3) 213 (30.0) 166 (24.1) 671 (9.2) 737 (10.1)

 Atrial fibrillation 592 (7.4) 580 (7.3) 143 (20.2) 119 (17.3) 449 (6.2) 461 (6.3)

 Diabetes mellitus 2,074 (25.9) 2,146 (26.9) 305 (43.0) 299 (43.5) 1,769 (24.3) 1,847 (25.4)

 Hypertension 3,442 (43.0) 3,434 (43.1) 420 (59.2) 412 (59.9) 3,022 (41.4) 3,022 (41.5)

MEWSa

 Score (mean ± s.d.) 1.5 ± 1.0 1.5 ± 1.1 2.5 ± 1.7 2.6 ± 1.9 1.4 ± 0.9 1.4 ± 0.9

MEWS group

 0–2 (low risk) 7,009 (87.6) 6,988 (87.7) 280 (39.5) 280 (40.7) 6,591 (90.4) 6,570 (90.3)

 3 and 4 (medium risk) 797 (10.0) 764 (9.6) 346 (48.8) 312 (45.3) 589 (8.1) 590 (8.1)

 ≥5 (high risk) 195 (2.4) 212 (2.7) 83 (11.7) 96 (14.0) 112 (1.5) 116 (1.6)

All values shown are n (%) unless otherwise stated. aA total of 1,079 (6.8%) individuals had missing data for at least one component of MEWS. To account for these missing values, a score of zero 
was imputed in the analysis.
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all baseline characteristics. Even applying all available characteristics, 
the performance of the model to predict AI-ECG alerts had an AUC of 
0.844; the baseline logistical model using only patient characteris-
tics achieved an AUC of 0.722. Notably, the AI-ECG outperformed the 
combination of all baseline characteristics in predicting the 90-day 
mortality risk, with an AUC of 0.886, indicating its capability beyond 
baseline characteristics.

Extended Data Fig. 3 shows the ability of the AI-ECG to perform 
risk stratification as stratified by each cause of death. After adjusting 
for sex and age, the high-risk group had a hazard ratio (HR) of 7.53 (95% 
confidence interval (CI) = 5.94–9.54) on all-cause mortality. We first 
distinguished cause of death into cardiac and noncardiac deaths; we 
found that its predictive ability (HR = 10.78 and 95% CI = 4.59–25.32) 
for cardiac death was higher when compared to noncardiac death 
(HR = 7.33 and 95% CI = 5.73–9.38). This interesting finding revealed 
that the AI-ECG might identify more information on cardiac-related 
deaths, although it was trained using the label of all-cause mortality 
in this study. For a more detailed cause-of-death analysis, the AI-ECG 
presented the highest predictive ability for death due to arrhythmia, 
followed by death due to myocardial infarction and death due to can-
cer. Particularly, while no future information regarding tachycardia, 
atrial fibrillation and heart failure was provided during model training, 
Extended Data Fig. 4 illustrates that risk stratification based on this 
model exhibited predictive capabilities for these diseases. This dem-
onstrates its utility in detecting subtle changes of several underlying 
cardiovascular diseases.

Primary outcomes
In the overall population, Fig. 2a shows that the cumulative propor-
tion of death within 90 days was significantly different between the 
groups (3.6% in the intervention group versus 4.3% in the control group, 
HR = 0.83 and 95% CI = 0.70–0.99, P = 0.040). As shown in Fig. 2b, this 
mortality risk reduction originated from the high-risk cases identi-
fied by the AI-ECG (P for the intervention group × risk group interac-
tion = 0.026). An active warning message in the intervention group 

significantly reduced mortality risk from 23.0% to 16.0% (HR = 0.69 and 
95% CI = 0.53–0.90, P = 0.006). An opportunity to review the AI-ECG 
reports only provided limited help in the AI-defined low-risk popula-
tion (HR = 0.97 and 95% CI = 0.77–1.22, P = 0.777).

Secondary outcomes
We initially categorized causes of death into cardiac and noncardiac. 
Figure 3a shows a significant reduction in the overall risk of cardiac 
death with the aid of the AI-ECG (HR = 0.27 and 95% CI = 0.11–0.67, 
P = 0.005). Subsequently, in Fig. 3b, stratification according to AI-ECG 
prediction further demonstrated a significant decrease in the risk of car-
diac death in the high-risk subgroup (HR = 0.07 and 95% CI = 0.01–0.56, 
P = 0.012). Figure 3c shows that the AI-ECG exhibited an overall HR of 
0.88 for noncardiac death (95% CI = 0.74–1.05, P = 0.170). In Fig. 3d, 
further stratified analysis showed a significant reduction in noncardiac 
death risk in the high-risk subgroup in the intervention arm compared 
to the control group (HR = 0.76 and 95% CI = 0.58–0.99, P = 0.045). 
However, because of the small number of events, the interaction tests 
for intervention group × risk group did not show significant results 
regarding either cardiac or noncardiac deaths. Extended Data Fig. 5 
presents the impact of the AI-ECG on predefined detailed causes of 
death. The only significant result emerged from the interaction tests 
in deaths due to cancer (P for intervention group × risk group inter-
action = 0.044) before correction for multiple comparisons. How-
ever, because of the limited sample size, there was no significant risk 
reduction observed even in the high-risk subgroup (HR = 0.62 and 95% 
CI = 0.37–1.05, P = 0.078).

Table 2 shows the details of the prespecified subsequent tests. A 
significantly higher proportion of patients in the intervention group 
were admitted to the intensive care unit (ICU) (HR = 1.40 and 95% 
CI = 1.06–1.85, P = 0.016), received amiodarone treatment (HR = 1.58 
and 95% CI = 1.19–2.10, P = 0.002) and underwent echocardiography 
(HR = 1.36 and 95% CI = 1.15–1.61, P < 0.001), N-terminal pro-brain 
natriuretic peptide (NT-proBNP) (HR = 1.26 and 95% CI = 1.08–1.46, 
P = 0.002), free calcium (HR = 1.22 and 95% CI = 1.05–1.42, P = 0.016) and 
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Fig. 2 | Prespecified primary analysis. a, Overall effect of the AI-ECG 
intervention on mortality. b, Effect of the AI-ECG intervention stratified 
according to AI-ECG prediction (high or low risk). For a patient identified as 
high risk by the AI-ECG in the intervention group, the corresponding physician 
received a short message as an alert. For a patient identified as low risk by the 
AI-ECG in the intervention group, an AI-ECG report was made available only for 

review. Cox proportional hazards, mixed-effect models without covariates were 
used for the statistical test, which was two-sided, with no adjustment for multiple 
comparisons. The blue and brown lines represent the intervention and control 
groups, respectively. The tables show the at-risk population and cumulative risk 
for the given time intervals in each group.
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magnesium tests (HR = 1.19 and 95% CI = 1.03–1.38, P = 0.020). These 
additional medical interventions were not significantly increased in 
low-risk cases recognized by the AI-ECG (P for intervention group × risk 
group interaction < 0.05 for all).

With increased echocardiographic and NT-proBNP tests in the 
high-risk subgroup, more new echocardiographic findings (HR = 1.64 
and 95% CI = 1.02–2.64, P = 0.042) and NT-proBNP abnormalities 
(HR = 1.35 and 95% CI = 1.13–1.60, P = 0.001) were identified in the inter-
vention than in the control group. Detailed analyses of specific echocar-
diographic findings identified merely a significant increase on mitral 
regurgitation (MR) (HR = 2.45 and 95% CI = 1.08–5.57, P = 0.032). How-
ever, electrolyte abnormalities, including free calcium and magnesium, 
were similar between the two groups, despite more tests being arranged.

Prespecified exploratory outcomes
We performed stratified analyses to investigate how the interven-
tion would affect low-risk and high-risk subgroups. For the primary 

endpoint, we found a significant effect on mortality in the high-risk but 
not the low-risk subgroup (Fig. 2). However, in an analysis of specific 
causes of death, the high-risk subgroup did not benefit from the AI-ECG 
more than the low-risk subgroup, possibly because of the limited sam-
ple size (Fig. 3). In the case of the secondary endpoints, we observed 
significant effects for the high-risk but not the low-risk subgroup on 
ICU admission, amiodarone use, echocardiogram, NT-proBNP test, free 
calcium test, magnesium test, new echocardiographic findings and MR 
(Table 2). Notably, high-sensitivity troponin I (TnI) was the only sec-
ondary endpoint for which a significant difference between the inter-
vention and control arms was observed for the low-risk group. These 
results, indicating greater effectiveness of the AI-ECG for high-risk 
compared to low-risk patients, are consistent with the expected effects 
of an RRS. In a stratified analysis based on baseline characteristics, the 
impact of the intervention on mortality risk reduction was largely con-
sistent across subgroups (all P for intervention group × characteristic 
group interaction > 0.05) (Fig. 4).
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Fig. 3 | Prespecified analysis of cause of death. a, Overall effect of the AI-ECG 
intervention on cardiac deaths. b, Effect of the AI-ECG intervention on cardiac 
deaths stratified according to AI-ECG prediction. c, Overall effect of the  
AI-ECG intervention on noncardiac deaths. d, Effect of the AI-ECG intervention 
on noncardiac deaths stratified according to the AI-ECG prediction. Cox 

proportional hazards, mixed-effect models without covariates were used 
for the statistical test, which was two-sided, with no adjustment for multiple 
comparisons. The blue and brown lines represent the intervention and control 
groups, respectively. The tables show the at-risk population and the cumulative 
risk for the given time intervals in each group.
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Table 2 | Prespecified secondary endpoints after ECG testing

Event High-risk individuals identified by the AI-ECG Low-risk individuals identified by the AI-ECG P for 
interaction

Intervention 
group(n = 709), 
number ofevents 
(%)

Controls(n = 688), 
number ofevents (%)

HR (95% 
CI)and P

Intervention 
group(n = 7,292), 
numberof events (%)

Controls(n = 7,276), 
numberof events (%)

HR (95% 
CI)and P

Intervention or test

 ICU admission (3 days) 120 (16.9) 86 (12.5) 1.40 
(1.06–1.85), 
P = 0.016

167 (2.3) 188 (2.6) 0.89 
(0.72–1.09), 
P = 0.256

0.009

 Amiodarone use 
(3 days)

123 (17.3) 78 (11.3) 1.58 
(1.19–2.10), 
P = 0.002

79 (1.1) 92 (1.3) 0.86 
(0.63–1.16), 
P = 0.310

0.004

 Digoxin use (3 days) 63 (8.9) 43 (6.2) 1.45 
(0.99–2.14), 
P = 0.059

86 (1.2) 95 (1.3) 0.90 
(0.67–1.21), 
P = 0.491

0.054

 Diltiazem use (3 days) 49 (6.9) 45 (6.5) 1.07 
(0.71–1.61), 
P = 0.739

130 (1.8) 135 (1.9) 0.96 
(0.75–1.22), 
P = 0.742

0.648

 Lidocaine use (3 days) 61 (8.6) 50 (7.3) 1.20 
(0.82–1.74), 
P = 0.345

344 (4.7) 350 (4.8) 0.98 
(0.84–1.14), 
P = 0.772

0.323

Defibrillation (3 days) 19 (2.7) 10 (1.5) 1.85 
(0.86–3.98), 
P = 0.114

9 (0.1) 6 (0.1) 1.50 
(0.53–4.21), 
P = 0.444

0.746

 Echocardiogram 
(7 days)

316 (44.6) 240 (34.9) 1.36 
(1.15–1.61), 
P < 0.001

1,347 (18.5) 1,357 (18.7) 0.99 
(0.92–1.07), 
P = 0.802

0.001

 NT-proBNP test (3 days) 378 (53.3) 320 (46.5) 1.26 
(1.08–1.46), 
P = 0.002

1,273 (17.5) 1,301 (17.9) 0.97 
(0.90–1.05), 
P = 0.468

0.007

 TnI test (3 days) 486 (68.5) 452 (65.7) 1.09 
(0.96–1.23), 
P = 0.207

2,677 (36.7) 2,714 (37.3) 0.98 
(0.93–1.03), 
P = 0.468

0.282

 Coronary angiography 
(3 days)

41 (5.8) 26 (3.8) 1.55 
(0.95–2.54), 
P = 0.080

259 (3.6) 284 (3.9) 0.91 
(0.77–1.07), 
P = 0.255

0.042

 Free calcium test 
(3 days)

360 (50.8) 304 (44.2) 1.22 
(1.05–1.42), 
P = 0.010

984 (13.5) 971 (13.3) 1.01 
(0.93–1.10), 
P = 0.806

0.047

 Magnesium test 
(3 days)

386 (54.4) 338 (49.1) 1.19 
(1.03–1.38), 
P = 0.020

1,074 (14.7) 1,092 (15.0) 0.98 
(0.90–1.06), 
P = 0.621

0.033

 Potassium test (3 days) 562 (79.3) 537 (78.1) 1.03 
(0.92–1.16), 
P = 0.581

4,729 (64.9) 4,694 (64.5) 1.00 
(0.96–1.04), 
P = 0.871

0.732

 Sodium test (3 days) 554 (78.1) 530 (77.0) 1.03 
(0.92–1.16), 
P = 0.591

4,694 (64.4) 4,655 (64.0) 1.00 
(0.96–1.05), 
P = 0.853

0.821

 Chloride test (3 days) 351 (49.5) 340 (49.4) 1.02 
(0.88–1.18), 
P = 0.823

2,008 (27.5) 1,921 (26.4) 1.05 (0.99–
1.12), P = 0.117

0.634

Test results

New echocardiography 
findings (7 days)

45 (6.3) 27 (3.9) 1.64 
(1.02–2.64), 
P = 0.042

97 (1.3%) 79 (1.1) 1.20 
(0.89–1.61), 
P = 0.231

0.314

 New-onset low EF 
(7 days)

9 (1.3) 5 (0.7) 1.76 
(0.59–5.25), 
P = 0.311

9 (0.1) 12 (0.2) 0.75 
(0.32–1.78), 
P = 0.513

0.230

 New-onset pulmonary 
arterial hypertension 
(7 days)

4 (0.6) 10 (1.5) 0.39 
(0.12–1.23), 
P = 0.109

35 (0.5) 34 (0.5) 1.03 
(0.64–1.65), 
P = 0.907

0.126

 New-onset pericardial 
effusion (7 days)

6 (0.8) 1 (0.1) 5.87 
(0.71–48.78), 
P = 0.101

3 (0) 3 (0) 1.00 
(0.20–4.95), 
P = 0.998

0.192
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Discussion
Although many RCTs report the limited effectiveness of RRS13, the 
heterogeneous nature of RRS and its dependency on user factors sug-
gest the need for case-by-case discussions on intervention and design 
in each RCT19. This study evaluates the efficacy of AI models in RRS and 
demonstrates that the use of an AI-ECG led to a significant reduction in 
mortality. Importantly, mortality reduction was largely attributed to the 
high-risk subgroup, as our RRS effectively and timely communicated 
warning messages to physicians. Our results highlight that the deploy-
ment of real-time AI-ECG analysis in TTS provides an opportunity to 
reduce mortality in the ED and IPD.

Alert fatigue may be the most important limitation of RRS. It has 
been reported that 49–96% of clinical alerts by TTS were overridden20. 
Most alerts were ignored by frontline clinicians, which led to failed 
improvement in quality of care by RRS deployment21. Therefore, the 
success of the proposed RRS using an AI-ECG may be attributed to the 
increased attention of the enrolled physicians. The proportion of high 
risk in mortality cases and the cumulative mortality rate were 49.5% 
and 23.0%, respectively in the control group, which was consistent 

with previous studies14,15 and much improved sensitivities and posi-
tive predictive values of most RRS when using aggregated weighting 
scores11. Compared to the other AI models developed to detect patient 
deterioration10, we suggest that the accuracy of our AI-ECG was not 
inferior. Moreover, alert fatigue may happen more commonly, leading 
to a cycle of increased alert fatigue22. This high mortality risk (23.0%) 
is enough to interest physicians in investing more time in patient care 
and break the cycle of alert fatigue. Moreover, one potential explana-
tion for the reduction of alert fatigue in this study may be linked to the 
novelty of the AI-ECG. In this study, 39 enrolled physicians received 
only 709 alerts in 4.5 months, which enhanced their willingness to 
order further intensive care. In the future, when the AI-ECG results and 
alerts are accessible in real time for all patients, we anticipate an aver-
age of fewer than ten alerts per month for each physician. This burden 
remains within an acceptable range and is conducive to maintaining 
quality of care.

The efferent limb of the RRS is triggered by the identified ‘calling 
criteria’. Many hospitals have a rapid response team, including interdis-
ciplinary members usually led by an attending physician, for providing 

Event High-risk individuals identified by the AI-ECG Low-risk individuals identified by the AI-ECG P for 
interaction

Intervention 
group(n = 709), 
number ofevents 
(%)

Controls(n = 688), 
number ofevents (%)

HR (95% 
CI)and P

Intervention 
group(n = 7,292), 
numberof events (%)

Controls(n = 7,276), 
numberof events (%)

HR (95% 
CI)and P

 New aortic stenosis or 
progression (7 days)

6 (0.8) 1 (0.1) 5.87 
(0.71–48.78), 
P = 0.101

8 (0.1) 5 (0.1) 1.60 
(0.52–4.89), 
P = 0.411

0.288

 New aortic 
regurgitation or 
progression (7 days)

6 (0.8) 6 (0.9) 0.97 
(0.31–3.02), 
P = 0.964

15 (0.2) 9 (0.1) 1.67 
(0.73–3.81), 
P = 0.226

0.454

 New MR or progression 
(7 days)

20 (2.8) 8 (1.2) 2.45 
(1.08–5.57), 
P = 0.032

34 (0.5) 37 (0.5) 0.89 
(0.56–1.42), 
P = 0.633

0.041

 New pulmonary 
regurgitation or 
progression (7 days)

4 (0.6) 6 (0.9) 0.65 
(0.18–2.30), 
P = 0.503

13 (0.2) 8 (0.1) 1.62 (0.67– 
3.92), 
P = 0.280

0.243

 New tricuspid 
regurgitation or 
progression (7 days)

20 (2.8) 13 (1.9) 1.50 
(0.75–3.03), 
P = 0.251

46 (0.6) 28 (0.4) 1.53 
(0.97–2.43), 
P = 0.068

0.840

 NT-proBNP 
abnormality (3 days)

285 (40.2) 224 (32.6) 1.35 
(1.13–1.60), 
P = 0.001

476 (6.5) 443 (6.1) 1.07 
(0.94–1.22), 
P = 0.282

0.052

 TnI abnormality 
(3 days)

147 (20.7) 131 (19.0) 1.11 
(0.87–1.40), 
P = 0.403

157 (2.2) 197 (2.7) 0.79 
(0.64–0.98), 
P = 0.030

0.039

 Percutaneous coronary 
intervention (3 days)

28 (3.9) 17 (2.5) 1.61 
(0.88–2.95), 
P = 0.120

113 (1.5) 137 (1.9) 0.82 
(0.64–1.05), 
P = 0.121

0.042

 Free calcium 
abnormality (3 days)

225 (31.7) 214 (31.1) 1.04 
(0.86–1.25), 
P = 0.707

614 (8.4) 603 (8.3) 1.02 
(0.91–1.14), 
P = 0.780

0.872

 Magnesium 
abnormality (3 days)

160 (22.6) 145 (21.1) 1.09 
(0.87–1.36), 
P = 0.470

283 (3.9) 308 (4.2) 0.92 
(0.78–1.08), 
P = 0.290

0.232

 Potassium abnormality 
(3 days)

194 (27.4) 180 (26.2) 1.05 
(0.86–1.29), 
P = 0.616

737 (10.1) 718 (9.9) 1.02 
(0.92–1.13), 
P = 0.675

0.810

 Sodium abnormality 
(3 days)

241 (34.0) 231 (33.6) 1.03 
(0.86–1.23), 
P = 0.779

928 (12.7) 927 (12.7) 1.00 
(0.91–1.09), 
P = 0.950

0.831

 Chloride abnormality 
(3 days)

170 (24.0) 170 (24.7) 0.98 
(0.80–1.22), 
P = 0.889

558 (7.7) 522 (7.2) 1.07 
(0.95–1.20), 
P = 0.275

0.506

P values for the interaction are two-sided, with no adjustment for multiple comparisons. Detailed echocardiography findings are shown in italics.

Table 2 (continued) | Prespecified secondary endpoints after ECG testing
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high levels of care5. In this study, there was no fixed team to handle 
the AI-ECG alerts. The enrolled physicians might apply appropriate 
medical resources to respond to the activation of the RRS. While we 
did not implement a system to capture the responses of each individual 
physician, the intervention group indeed received more diagnos-
tic testing and medical interventions than the control group in the 
high-risk subgroup, supporting the activation of RRS by the AI-ECG 
alerts. Note that subsequent intensive care had no specific form; it 
is fully dependent on the condition of the individual patient, rang-
ing from adding diagnostic testing and medical support to intensive 
monitoring23. Because of the diverse care for each individual critically 
ill patient, it is challenging to comprehensively list and analyze the full 
spectrum of medical interventions. Therefore, the list of prespecified 
secondary endpoints only included a limited number of anticipated 
items before the trial. However, we observed that the AI-ECG alerts 
prompted a significant number of prespecified treatments or tests. 
As expected, more new echocardiogram findings and NT-proBNP 
abnormalities were uncovered because of increased testing, resulting 
in early diagnoses of cardiac diseases, which provide beneficial effects 

for disease management24,25. An interesting finding in this study was 
that despite AI-ECG alerts triggering more electrolyte tests, electro-
lyte abnormalities were not increased. This observation indicates 
that current electrolyte management may be adequate. Collectively, 
the efferent limb of our AI-ECG-based RRS could effectively conduct 
its task; participating physicians paid more attention to the patients 
identified as high risk by the AI-ECG.

It is interesting that a simple AI-ECG intervention has led to a dra-
matic reduction in mortality, even though the precise mechanism is 
not fully understood. There are two potential explanations. First, the 
AI-ECG exhibits exceptional risk stratification capabilities, allowing 
physicians to pay more attention to patients with a higher mortal-
ity risk (23.0%) rather than those with a lower risk (2.4%). Previous 
meta-analyses comparing the outcomes between high-intensity and 
low-intensity ICU proposed a 29% reduction in mortality for critically 
ill patients2, which is consistent with our finding of 31%. Second, the 
AI-ECG identified subtle changes in underlying cardiac conditions 
from unknown ECG features, particularly in patients with low ejection 
fraction (EF)17 and paroxysmal atrial fibrillation18. Although previous 

Intervention versus control

Hospital

Source

Sex

Age group

Coronary artery disease

Heart failure

Atrial fibrillation

Diabetes mellitus

Hypertension

MEWS group

Academic medical center
Community hospital

ED

IPD

Male

Female

<65 years

65−74 years

≥75 years

Without

With

Without

With

Without

With

Without

With

Without

With

0−2

3 and 4

≥5

96/678 (14.2)

0/31 (0)

43/386 (11.1)

53/323 (16.4)

52/385 (13.5)

44/324 (13.6)

19/224 (8.5)

19/167 (11.4)

58/318 (18.2)

73/442 (16.5)

23/267 (8.6)

76/496 (15.3)

20/213 (9.4)

81/566 (14.3)

15/143 (10.5)

54/404 (13.4)

42/305 (13.8)

44/289 (15.2)

52/420 (12.4)

38/418 (9.1)

39/208 (18.8)

19/83 (22.9)

132/655 (20.2)

5/33 (15.2)

70/372 (18.8)

67/316 (21.2)

75/385 (19.5)

62/303 (20.5)

38/223 (17.0)

26/171 (15.2)

73/294 (24.8)

101/448 (22.5)

36/240 (15.0)

102/522 (19.5)

35/166 (21.1)

121/569 (21.3)

16/119 (13.4)

80/389 (20.6)

57/299 (19.1)

49/276 (17.8)

88/412 (21.4)

66/418 (15.8)

46/174 (26.4)

25/96 (26.0)

0.72 (0.55–0.94)

0 (0, Inf)

0.60 (0.41–0.88)

0.78 (0.54–1.12)

0.71 (0.50–1.02)

0.67 (0.45–0.99)

0.49 (0.28–0.85)

0.78 (0.43–1.41)

0.75 (0.53–1.06)

0.73 (0.54–0.99)

0.61 (0.36–1.02)

0.80 (0.60–1.08)

0.44 (0.25–0.77)

0.69 (0.52–0.91)

0.79 (0.39–1.61)

0.66 (0.46–0.93)

0.73 (0.49–1.09)

0.88 (0.59–1.33)

0.58 (0.41–0.82)

0.59 (0.39–0.87)

0.70 (0.46–1.08)

0.90 (0.49–1.63)

0.3 0.5 0.7 1.0 1.5

0.014

0.999

0.009

0.177

0.061

0.042

0.012

0.411

0.099

0.041

0.062

0.149

0.004

0.009

0.522

0.017

0.129

0.551

0.002

0.009

0.109

0.720

event/n (%)

Intervention
event/n (%)

Control
HR (95% CI) P P for interaction

High risk identified by the AI-ECG

P = 0.998

P = 0.315

P = 0.860

P = 0.418

P = 0.507

P = 0.068

P = 0.733

P = 0.664

P = 0.138

P = 0.478

Fig. 4 | Prespecified exploratory outcomes in patients identified as high 
risk by the AI-ECG for all-cause mortality within 90 days, stratified using 
baseline characteristics. The black squares represent the point estimates of the 

HR, while the error bars indicate the 95% CI. Cox proportional hazards, mixed-
effect models without covariates were used for the statistical test, which was 
two-sided, with no adjustment for multiple comparisons.
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RCTs based on NEWS or MEWS for RRS indicated that automatic alerts 
provided only marginal assistance in enhancing patient outcomes13, 
this might be attributed to the fact that significant vital sign changes 
themselves prompted intensive care, even in the absence of RRS assis-
tance26. The correlation between AI-ECG and MEWS in our study was 
relatively low, with less than 15% of patients in the AI-ECG high-risk 
subgroup having a MEWS score of five or higher. This emphasizes AI’s 
ability to identify high-risk patients who may not be recognized by 
human experts, potentially leading to timely treatments and reduced 
mortality. In our prespecified exploratory stratified analysis, we also 
observed a nonsignificant trend with more favorable impacts on 
younger patients or those with lower MEWS scores, who were sup-
ported by our AI-ECG system. However, whether the mechanisms 
underlying the reduction in mortality rates from AI-ECG alerts are 
attributed to the identification of deteriorating signs by the AI-ECG in 
these patients with subclinical characteristics require further valida-
tion in future large-scale, multicenter RCTs.

In addition to treatment changes and comprehensive tests imme-
diately after the AI-ECG alerts, we suggest another potential mecha-
nism of intensive monitoring. Because of the limitations of our EHRs, 
detailed records of bedside monitoring are lacking in our hospital. 
However, before the trial, we designed several prespecified secondary 
endpoints related to arrhythmia treatment as an alternative indicator of 
intensive cardiac monitoring. Interestingly, the analytical results sug-
gested higher use of amiodarone in the AI-ECG high-risk intervention 
group compared to the control group. Increased use of amiodarone 
might be the result of more intensive monitoring, providing critical 
evidence of increased intensive cardiac monitoring after AI-ECG alerts. 
A study reported that 62% of inpatients who experienced cardiac arrest 
exhibited physiological instability for more than 6 h before the event, 
yet only 22% had explicit documentation27, highlighting the importance 
of intensive monitoring. Although physicians were unaware of the 
required immediate actions due to the ‘black box’ characteristics of 
the AI-ECG, increased attention and detailed assessment might reduce 
mortality. As mentioned earlier, further large-scale, multicenter RCTs 
are necessary to confirm the effects of intensive monitoring for the 
AI-ECG high-risk subgroup regarding mortality reduction. Just as the 
AI-ECG was successfully validated by an RCT for the early diagnosis of 
patients with low EFs28, this study revealed another excellent applica-
tion of the AI-ECG for the identification of deteriorating signs, resulting 
in significant reduction in mortality.

Some limitations should be addressed. First, during the study 
period, physicians enrolled in the study may have increased medical 
attention after receiving an AI-ECG alert, which suggests that the effect 
of the AI-ECG on reducing mortality may be lower in real-world settings 
because of the Hawthorne effect. Nevertheless, our study emphasizes 
the significant impact of physician awareness on reducing mortality. 
Second, participating physicians demonstrated increased medical 
attention in the control group during the study period compared to 
before the RCT. The Hawthorne effect may underestimate the effective-
ness of the AI-ECG on mortality reduction. Third, the effect of the RRS 
depends on the cutoff point selected to trigger the AI-ECG alert. In this 
RCT, we selected a cutoff point to identify the top 10% high-risk individu-
als using preliminary data, which was the consensus regarding clinical 
loading among the enrolled physicians before the trial. Fourth, the ECG 
tests were triggered by clinical issues but they were not conducted for 
all patients at regular intervals. Moreover, the heterogeneity of the RRS 
may result in variations in the efferent arm. The effectiveness of the 
AI-ECG may be highly dependent on local testing policy and physician 
decisions. Fifth, all study data were collected from EHRs; thus, incom-
plete information may lead to an underestimation of absolute values. 
However, this should have a consistent impact on both the intervention 
and control groups, making the effect estimation of the AI-ECG inter-
vention still reliable. Lastly, the study was conducted in a country with 
almost 100% insurance coverage. However, this study offers valuable 

insights for authorities to consider whether reimbursement of sub-
sequent medical costs after an AI-ECG alert is worthy of investment.

This trial establishes a pragmatic framework for the further devel-
opment of RRS, which is similar to A/B testing29,30, providing an easily 
importable system for continuous improvement of RRS by AI models31. 
Physicians who received an alert from the AI-ECG paid more attention 
to high-risk patients, leading to timely medical interventions and 
reduced mortality. As the ECG is a low-cost test frequently performed 
for several purposes, the AI model run using existing ECGs may be 
applied to most patients in EDs and IPDs. Future research may involve 
the improvement of the RRS by understanding better how the AI-ECG 
alerts result in lowered mortality, which may substantially improve the 
quality of care for critically ill patients.
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Methods
Trial design and ethics statement
This trial was registered before initiation (ClinicalTrials.gov registra-
tion: NCT05118035); the trial protocol is shown in Supplementary Note 1.  
We followed the guidelines outlined in the CONSORT-AI extension 
checklist32. This work was approved by the institutional review board 
of the Tri-Service General Hospital, Taipei, Taiwan (A202105120). As 
the research team did not have direct contact with the patients and 
relied on EHRs to collect patient data, informed consent was obtained 
from the attending physicians before commencing the trial; patient 
consent was waived.

We conducted this RCT at both an academic medical center 
and a community hospital in Taiwan. Thirty-nine eligible attending 
physicians in the Department of Internal Medicine or EDs provided 
informed consent. Physicians who did not provide informed consent 
were excluded from the AI-ECG report system. Although patients were 
not considered ‘participants’ in this study, we analyzed patient-level 
data collected from EHRs to explore the effect of the AI-ECG inter-
vention. Patient data were included in the analysis if patients in the 
EDs and IPDs received at least one ECG for any indication between 15 
December 2021 and 30 April 2022. At our hospital, ECG indications 
align with international healthcare systems that are primarily based 
on routine ward protocols and relevant clinical criteria, as follows33: 
(1) patients with middle-to-advanced age who require surgery or hos-
pitalization received routine ECGs; (2) patients with symptoms related 
to disturbances of heart rhythm (for example, syncope, palpitation 
and intermittent shortness of breath) and chest pain or suspected 
acute coronary syndrome; (3) patients with existing or suspected 
cardiovascular diseases (for example, congestive heart failure, hyper-
tension, pericarditis, valvular heart disease and cardiomyopathies); 
(4) evaluation of bradycardia or tachycardia; (5) evaluation of elec-
trolyte imbalances or drug toxicity; and (6) monitoring patients with 
implanted cardiac devices. Patients under 18 years old or with a time 
delay of more than 2 h between their ECG and the AI-ECG analysis were 
excluded. We only analyzed patients who were cared for by attending 
physicians who had provided informed consent.

Randomization
Randomization was conducted according to all possible medical num-
bers (Supplementary Fig. 1); this is a seven-digit-long serial number 
at our hospital, with a total of 107 combinations. The patient-level 
randomization process was implemented to ensure longer patient 
follow-up, avoiding potential loss of follow-up that could occur with 
physician-level assignment. This approach enhances the study’s reli-
ability by maintaining consistency in the care received by patients 
throughout the 90-day period. Before the start of the trial, we com-
pleted the randomization process using simple random sampling; half 
of possible medical numbers were allocated to the intervention group. 
In other words, the randomization process may have occurred before 
the creation of the medical record number.

The AI-ECG system
The AI-ECG system used in this study is a convolutional neural network; 
its technical details have been described in a previous publication14. It 
was trained on more than 450,000 ECGs, with the primary label being 
all-cause mortality, using survival data with censored events. The 
model’s original output was a value ranging from negative to positive 
infinity, representing the relative risk of death for patients, which 
was not easily interpretable. Therefore, we transformed the model’s 
output into a percentile score based on a hospital-based population, 
representing the patient’s risk of death higher than a specific per-
centage of individuals. Generally, patients with a percentile score 
below 75 were considered to have an extremely low risk of death. As 
this study was conducted in EDs and IPDs, these patients had higher 
percentile scores compared to the entire hospital population. Thus, 

we prespecified a high-risk threshold consisting of the 95th percentile, 
which approximated 10% of patients in EDs and IPDs. In this study, we 
categorized patients as ‘high risk’ or ‘low risk’ based on this prespeci-
fied threshold and implemented our TTS accordingly. It is important 
to emphasize that the percentile score had broad predictive ability for 
several future cardiovascular diseases14. Moreover, it was more accurate 
for short-term than long-term predictions; its accuracy surpasses that 
of physicians and existing clinical tools. Therefore, before the start of 
the trial, participating physicians were aware that patients with high 
percentile scores might require comprehensive cardiovascular disease 
assessment.

We conducted a series of analyses to demonstrate the performance 
of our AI-ECG’s percentile scores in this trial. First, we compared the 
differences in patient characteristics and ECG features between the 
AI-ECG high-risk and low-risk subgroups, using the Student’s t-test 
and chi-squared test as appropriate. Subsequently, the three most 
significant variables correlated with the AI-ECG percentile scores 
were selected for Spearman correlation coefficient analysis. We then 
used XGBoost to model the AI-ECG predictions using all variables and 
ranked their importance. The results of these machine learning models, 
including a baseline linear model of logistic regression, were compared 
with the AI-ECG scores for all variables. Finally, we used Cox propor-
tional hazards models to analyze the relationship between AI-ECG risk 
stratification and each cause of death. Additionally, we explored the 
AI-ECG’s predictive capability for future tachycardia, atrial fibrillation 
and heart failure based on the previous literature.

AI-ECG intervention and blinding
ECG recordings were collected using a Philips 12-lead ECG machine 
(PageWriter TC30 and PageWriter TC50); the ECG signal was recorded in 
digital format. The sampling frequency was 500 Hz, with 10 s recorded 
by each lead. At our hospital, ECGs are conducted by nurses. After the 
recording of a 10-s ECG signal, the nurse starts the process by clicking 
the ‘upload’ button. Subsequently, all ECGs are transmitted in real 
time to our private cloud server, where our AI-ECG platform operates 
on an NVIDIA DGX-1 for mortality risk predictions. As shown in Sup-
plementary Fig. 2, physicians can review the AI-ECG reports in EHRs.

Once the AI-ECG indicated a high risk of mortality, a warning 
message was immediately triggered and sent to the corresponding 
attending physician. The threshold for sending the AI-ECG alerts was 
predetermined. The decision to alert approximately 10% of patients 
in the trial was made to avoid alert fatigue. Notifications appeared in 
the recipient’s smartphone message system for prompt attention. The 
message notified the physician that: ‘an ECG was received for patient 
X, which indicates high risk of mortality. Please tend to your patient’s 
conditions. If you require further information, the following link con-
nects to the ECG and the result of AI-ECG prediction’. The short mes-
sage was only sent once for the earliest high-risk ECG for each patient. 
Before the trial, we encouraged physicians to conduct a comprehen-
sive assessment of patients on receiving the AI-ECG alert and provide 
appropriate tests and medical interventions based on known clinical 
conditions. Physicians may order additional tests based on previous 
evidence that the AI-ECG identified subtle changes in underlying car-
diac diseases34, particularly low EF17 and paroxysmal atrial fibrillation18. 
However, the criteria for treatment, ICU admission and surgery would 
not be adjusted based on AI-ECG alerts because the predictions of the 
AI-ECG were not incorporated into any medical guidelines before the 
trial. To ensure that additional medical interventions aligned with 
known clinical conditions, we manually reviewed the medical records of 
these patients. Therefore, we anticipated that patients might undergo 
additional tests and treatments as a result of identifying potential con-
ditions through the AI-ECG alerts. Notably, although we actively sent 
a warning message to high-risk cases, the AI-ECG report for low-risk 
cases still presented a degree of risk. Physicians could check the relative 
severity by accessing the EHRs of patients in the intervention group.
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In summary, physicians were able to review the AI-ECG report of 
patients in the intervention group, while patients in the control group 
received conventional care. This was a single-blind study as the AI-ECG 
report system presented different information for patients in the 
intervention and control groups. Importantly, regardless of whether 
patients were assigned to the intervention or control group, physicians 
were responsible for reviewing and interpreting the ECGs. Our AI-ECG 
was deemed an auxiliary tool for interpretation.

Data collection
Because the warning message may significantly adjust the medical 
pathway in the intervention group, we stratified our patients into 
high-risk and low-risk subgroups. For patients who had at least one 
high-risk ECG, whether in the intervention or control group, we used the 
first high-risk ECG identified by the AI-ECG as the start of the follow-up 
time, although patients in the control group were not covered by the 
active warning message service. For patients without a high-risk ECG, 
the start of the follow-up time was defined as the initial ECG assessment. 
The reason for selecting the first high-risk ECG as the index time is 
because it is the most likely time point at which medical interventions 
may be initiated, leading to improved patient outcomes. However, as 
there were no high-risk ECGs in the low-risk group, the first ECG was 
chosen as the index time.

Patient characteristics were obtained from our hospital’s infor-
mation system, including sex and age; disease history before AI-ECG 
analysis was identified using the corresponding International Classi-
fication of Diseases, Ninth (ICD-9) and Tenth Revision (ICD-10) codes, 
including coronary artery disease (ICD-9 codes 410.x to 414.x, and 
429.2, and ICD-10 codes I20.x to I25.x), heart failure (ICD-9 codes 428.x, 
398.91 and 402.x1, and ICD-10 codes I50.x), atrial fibrillation (ICD-9 
code 427.31 and ICD-10 codes I48.x), diabetes mellitus (ICD-9 codes 
250.x and ICD-10 codes E11.x) and hypertension (ICD-9 codes 401.x to 
404.x and ICD-10 codes I10.x to I16.x).

We also collected traditional ECG features using the Philips system. 
The Philips system provided an automatic analysis for each ECG; 35 
ECG patterns and eight ECG measurements were extracted from the 
XML documents. The eight ECG measurements included heart rate, 
percentile interval, QRS complex duration, QT interval, correct QT 
interval, and P, RS and T wave axes. The data for the eight variables were 
91–100% complete. Missing values were imputed using multiple impu-
tations by chained equations using the R package mice v.3.5.0. The 35 
ECG patterns were collected using statements from the Philips system, 
including sinus rhythm, sinus arrhythmia, sinus pause, ectopic atrial 
rhythm, junctional rhythm, pacemaker rhythm, early precordial R/S 
transition, ST elevation, ST depression, abnormal T wave, abnormal Q 
wave, RSR wave, low voltage, left and right axis deviation, left and right 
ventricular hypertrophy, left and right atrial enlargement, nonspecific 
intraventricular conduction delay, left fascicular block, right and left 
bundle branch block, first-degree and second-degree atrioventricu-
lar block, complete degree atrioventricular block, atrial fibrillation, 
atrial flutter, supraventricular tachycardia, Wolff–Parkinson–White 
syndrome, ventricular tachycardia, atrial premature complex and 
ventricular premature complex.

Primary and secondary endpoints
The primary endpoint was all-cause mortality. Previous research sug-
gested determination of all-cause mortality because it is less suscepti-
ble to clinician bias26, and long-term mortality was considered a marker 
beyond hospital mortality23. Patient status (dead or alive) was acquired 
via the EHRs. Although it is possible that some patients may have died 
outside our hospital and therefore were not recorded by the EHR, we 
ensured that censored patients had survived until their last recorded 
hospital encounter. The endpoint of this study was set as 31 July 2022 
because the follow-up period was 90 days for patients under the study 
as of 30 April 2022. The data for non-event visits were censored at the 

patient’s last known hospital encounter to limit bias from incomplete 
records. Moreover, according to a previous study of readmissions in 
Taiwan based on the National Health Insurance Research Database, 
only 0.16% of readmissions occurred at a different hospital35; therefore, 
we are confident that no unknown deaths were included in our trial.

The prespecified secondary endpoints included a cause-of-death 
analysis, in which we performed a manual review and classified cases as 
either cardiac (including myocardial infarction, arrhythmia and other 
conditions) or noncardiac (including cancer, sepsis and other condi-
tions) deaths. As the AI model that identified a high risk of mortality is 
based entirely on ECG information, we assumed that medical adjust-
ments in cardiac drugs and associated tests may be present. The pre-
specified secondary endpoints also included follow-up tests and medical 
treatment after the ECG, including ICU admission, arrhythmia-related 
interventions (amiodarone, digoxin, diltiazem, lidocaine and defibrilla-
tion), heart function tests (echocardiogram, NT-proBNP, TnI and coro-
nary angiography) and electrolyte tests (free calcium, and magnesium, 
potassium, sodium and chloride). In addition to arrhythmia-related 
interventions and ICU admission, the importance of other tests was to 
identify abnormal findings that may lead to further treatment affecting 
the risk of mortality. Therefore, we defined the abnormality of each test 
as follows: (1) echocardiogram: new-onset low EF (≤40%), new-onset 
pulmonary arterial hypertension (≥40 mmHg), new-onset pericardial 
effusion (≥10 mm) and new-onset moderate-to-severe valvular diseases 
(aortic stenosis, aortic regurgitation, MR, pulmonary regurgitation and 
tricuspid regurgitation), and progression of valvular diseases from mod-
erate to severe; (2) NT-proBNP (≥1,000 pg ml−1); (3) TnI (≥200 pg ml−1); 
(4) coronary angiography: percutaneous coronary intervention; (5) free 
calcium (<4.5 or >5.3 mg dl−1); (6) magnesium (<1.7 or >2.2 mg dl−1); (7) 
potassium (<3.5 or >5.1 mmol l−1); (8) sodium (<136 or >145 mmol l−1); 
and (9) chloride (<98 or >107 mmol l−1). Patients without examination 
within the follow-up time were considered normal in this analysis. Before 
the trial, we assumed that the effect of the AI-ECG intervention, most 
probably due to the warning message, lasted only 3 days. Additionally, 
because of the extended scheduling and execution time required for 
echocardiography at our hospital, which was known before the start 
of this trial, we defined a prespecified follow-up period of 7 days for 
echocardiography.

Sample size
A previous study reported that intensive care was associated with a 
lower mortality rate compared to conventional care (relative risk = 0.71, 
95% CI = 0.62–0.82)2. We performed sample size estimation using a 
two-sided significance level of 0.05, a statistical power of 0.80, a sample 
size ratio in the intervention and control groups of 1.0, a hypothetical 
ratio of 1.0 in patients from the ED and IPD, and a hypothetical propor-
tion of controls with a primary endpoint of 0.17 (ref. 14) and a relative 
risk of 0.71; the minimum number in the intervention and control 
groups was the same, that is, 801 per arm. Because we predesigned the 
study to identify approximately 10% of ECGs as high-risk to reduce alert 
fatigue, the final sample size of this trial was approximately 16,020. 
The trial started on 15 December 2021 when the AI-ECG support was 
turned on for patients in the intervention group and ended on 30 
April 2022 when the number of patients per arm approximated 8,000 
patients per arm.

Prespecified statistical analysis
The statistical analysis was performed using R v.3.4.4, with a two-sided 
significance level of P < 0.05. Patient characteristics and ECG features 
are presented as means and standard deviations or percentages where 
appropriate. A Cox proportional hazards, mixed-effect model was used 
to compare the intervention and control groups regarding primary 
and secondary endpoints with the enrolled physicians as the random 
effect; this was performed using the R package coxme v.2.2-18.1. HRs 
and 95% CIs were used as effect indicators; Kaplan–Meier curves were 
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used to visualize and calculate the cumulative incidence of events. 
Furthermore, the AI-ECG high-risk and low-risk groups differed in their 
intervention approaches and index time. Therefore, our prespecified 
analysis included testing the effects between the intervention and 
control groups regarding the differences of effects between high-risk 
and low-risk subgroups. To conduct this analysis, we used a Cox pro-
portional hazards model and included an additional interaction term.

Before the start of the trial, we formulated a prespecified explora-
tory analysis strategy aimed at understanding whether the effective-
ness of the AI-ECG intervention primarily came from the warning 
message. Assuming this to be the case, three validation hypotheses 
emerged: (1) no difference between the intervention and control groups 
in AI-ECG-defined low-risk cases; (2) a disparity between the interven-
tion and control groups in AI-ECG-defined high-risk cases; and (3) a 
statistically significant interaction between AI-ECG high and low risk 
and the intervention and control groups. This prespecified exploratory 
analysis includes all primary and secondary endpoints.

The prespecified exploratory analysis also includes subgroup 
analyses based on age, sex and baseline comorbidities. Subgroup 
effects, specifically whether the HRs were consistent across subgroups, 
were assessed by examining the significance of the interaction term 
incorporated into the Cox proportional hazards model. This told us 
which patients might benefit most from the AI-ECG intervention.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Patient data cannot be made publicly available due to privacy concerns. 
De-identified tabular data can be obtained from the corresponding 
author on approval from the ethics committee of the Tri-Service Gen-
eral Hospital. Approval from this committee can be requested from 
the Tri-Service General Hospital’s Clinical Trial Management System 
(https://tsgh.cims.tw/wiPtms/index.html), with an expected review 
period of approximately 2–3 months. After approval, researchers will 
be granted VPN access to perform analyses, ensuring data security 
and confidentiality (summary data can be exported), with measures 
in place to prevent any breach of personal information.

Code availability
The model weights of the AI algorithm used in this study cannot be 
made publicly available due to the proprietary nature of the algo-
rithm. However, the computer code for training is available from 
GitHub: https://github.com/Imshepherd/ECGSurvNet. This code 
can be used to train a survival deep learning model using public ECG 
databases with survival information, such as SaMi-Trop (https://
doi.org/10.5281/zenodo.4905617)36 and CODE-15% (https://doi.
org/10.5281/zenodo.4916205)37, both available from Zenodo.
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Extended Data Fig. 1 | The association between the AI-ECG predicted 
all-cause mortality risk score and traditional risk features. (a) Scatter plot 
and Spearman’s rho coefficient were used to examine the relationship. In this 
analysis, the ECG-risk score was transformed into percentiles (PR), with a PR of 
95 indicating that the patient’s ECG-risk score is higher than 95% of individuals, 
which was the threshold to send AI-ECG alert in this trial. These PR values were 
determined based on previous research based on all population. Therefore, there 
were approximately 10% patients in emergency department (ED) and inpatient 
department (IPD) with an ECG-risk score higher than 95 because their conditions 
were collectively worse than the overall population. Age, MEWS (Modified Early 
Warning Score), and heart rate (HR) were chosen as they exhibited the highest 

correlation. The scatter plot color-codes the data points, with red indicating the 
highest density, followed by yellow, green, light blue, and dark blue. To better 
present MEWS on the scatter plot, we assigned a random number (without 
changing the rank) to all values during plotting. (b) A segmented scatter plot. 
As the mortality risk is extremely low for patients with a PR < 75 reported by a 
previous study, we performed a stratified analysis for this group (even if PR75 
is not the cutoff point to send alarm message in this study, it still distinguishes 
between patients with low risk and median-to-high risk among these features). 
It can be observed that the correlation between age and ECG-risk score mainly 
occurs among relatively low-risk patients, while MEWS and HR are associated 
with relatively high-risk patients.
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Extended Data Fig. 2 | The comparison between AI-ECG and patient data.  
(a) The components of AI-ECG identified high-risk group. We trained three xgboost 
models using patient characteristics, ECG features, and combination of them to 
predict AI-ECG results. The bars are the related importance of the components 
to predict AI-ECG. (b) The prediction abilities of all patient data on the AI-ECG 
results (AUC). The error bars are the 95% confidence intervals (CI) of each AUC. 
c) The prediction abilities of all patient data on all-cause mortality within 90 days 

(C-index). The error bars are the 95% confidence intervals (CI) of each AUC. The sky-
blue and light-red bars represent the results of prediction using individual patient 
characteristics and ECG features, respectively. The blue-green bars represent 
predictions integrating features from xgboost and logistic regression. We used  
the continuous value of AI-ECG in this analysis and presented it in the gray bar.  
All analyses were based on the entire population data in this trial (n = 15,965).
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Extended Data Fig. 3 | Performance of AI-ECG on risk groups stratified by 
causes of death in the control group. Cox proportional hazard models were 
used for the statistical test; this was two-sided, with no adjustment for multiple 
comparison. The hazard ratios (HRs) were adjusted by age and sex. Red line and 
green line represent high risk [indicating an AI-ECG prediction greater than the 
operational cutoff (PR95)] and low risk [indicating an AI-ECG prediction less 
than the operational cutoff (PR95)] groups, respectively. The table shows the 

at-risk population and cumulative risk for the given time intervals in each risk 
group. In the analysis of causes of death, the patients died due to other cause 
were considered as censored data. The exact p values were 2.5 × 10−87 (all-cause 
mortality), 1.1 × 10−10 (all cardiac mortality), 4.4 × 10−78 (all non-cardiac mortality), 
2.1 × 10−6 (myocardial infarction death), 2.3 × 10−25 (cancer death), 1.8 × 10−43 
(sepsis death), and 5.3 × 10−13 (other non-cardiac death), respectively.
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Extended Data Fig. 4 | AI-ECG risk groups on subsequent heart rate of  
≥ 110 bpm, new-onset atrial fibrillation, and new-onset heart failure in the 
control group. Cox proportional hazard models were used for the statistical 
test; this was two-sided, with no adjustment for multiple comparison. The hazard 
ratios (HRs) were adjusted by age and sex. Red line and green line represent 
high risk [indicating an AI-ECG prediction greater than the operational cutoff 
(PR95)] and low risk [indicating an AI-ECG prediction less than the operational 
cutoff (PR95)] groups, respectively. The table shows the at-risk population and 

cumulative risk for the given time intervals in each risk group. For subsequent 
heart rate of ≥110 bpm, we only included patients with heart rate of <100 bpm on 
index ECG. For new-onset atrial fibrillation, we only included patients with sinus 
rhythm on index ECG and without history of atrial fibrillation. For new-onset 
heart failure, we only included patients without history of heart failure. The exact 
p values were 6.2 × 10−20 (subsequent heart rate ≥110), 1.4 × 10−31 (new-onset atrial 
fibrillation), and 3.9 × 10−39 (new-onset heart failure), respectively.
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Extended Data Fig. 5 | The pre-specified secondary analysis for effectiveness of AI-ECG for detailed causes of death. The black square represents the point 
estimate of the HR, while the error bars indicate the 95% confidence intervals (CI). Cox proportional hazard mixed effect models were used for the statistical test;  
this was two-sided, with no adjustment for multiple comparison.
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