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Abstract
Background and Aims: Detecting subclinical atrial fibrillation (AF) and initiating anticoagulation therapy are critical for 
secondary stroke prevention after cryptogenic stroke. This study aimed to evaluate the effectiveness of traditional AF risk 
scores commonly used in clinical practice and compare with an artificial intelligence (AI)-driven ECG-derived AF prediction 
score. Methods: A retrospective tertiary care center study identified all cryptogenic stroke/TIA patients admitted between 
2017-2023 who received an implantable cardiac monitor (ICM). The European Society of Cardiology (ESC)-recommended risk 
factors and risk score components (i.e.,CHA2DS2-VA, Brown ESUS-AF, and HAVOC) from the 2024 guidelines for AF 
management, were analyzed using multivariate logistic regression to predict AF within one-year post-ICM insertion. The 
predictive performance of these risk scores and an AI-driven ECG algorithm for AF detection was assessed and compared.
Results: 230 cryptogenic stroke/TIA patients underwent ICM insertion. Only age (OR: 1.033, 95%CI 1.002-1.066) was 
associated with an increased likelihood of AF detection within one-year post-ICM insertion. The ECG-AI score demonstrated 
higher predictive power over CHA2DS2-VA and HAVOC (p=.002), and was the only score exceeding an AUROC value of 0.7, but 
did not outperform Brown ESUS-AF (p=.210). Patients with high scores had a more than two-fold increased likelihood of AF 
detection (HR: 2.7, 95%CI 1.2-5.8, p=.01). Conclusions: In patients with cryptogenic stroke receiving an ICM, the ECG-AI score 
showed modest discrimination for AF detection, outperforming CHA2DS2-VA and HAVOC, but not Brown ESUS-AF. Age was 
the only significant clinical predictor. These findings indicate a possible role for AI-driven ECG analysis in risk stratification.

Keywords
cryptogenic stroke, atrial fibrillation, ICM, risk score, prediction, implantable cardiac monitor, artificial intelligence, 
electrocardiogram, digital health

Received: 14 October 2025; Revised: 18 June 2026; Accepted: 19 June 2026

1Limburg Clinical Research Center/Mobile Health Unit, Faculty of Medicine and Life Sciences, Hasselt University, Diepenbeek, Belgium
2Department Future Health, Ziekenhuis Oost-Limburg, Genk, Belgium
3Department of Cardiology, Ziekenhuis Oost-Limburg, Genk, Belgium
4Department of Cardiovascular Sciences, University of Leuven, Leuven, Belgium
5Department of Neurology, Ziekenhuis Oost-Limburg, Genk, Belgium
6Department of Anesthesiology, Ziekenhuis Oost-Limburg, Genk, Belgium

Corresponding author: 
Femke Wouters, Faculty of Medicine and Life Sciences, UHasselt Campus Diepenbeek, Agoralaan Gebouw D, Diepenbeek 3950, Belgium. 
Email: femke.wouters@uhasselt.be

Creative Commons Non Commercial CC BY-NC: This article is distributed under the terms of the Creative Commons 
Attribution-NonCommercial 4.0 License (https://creativecommons.org/licenses/by-nc/4.0/) which permits non-commercial use, 
reproduction and distribution of the work without further permission provided the original work is attributed as specified on the SAGE and 
Open Access pages (https://us.sagepub.com/en-us/nam/open-access-at-sage).

https://uk.sagepub.com/en-gb/journals-permissions
https://doi.org/10.1177/20552076261466413
https://journals.sagepub.com/home/dhj
https://orcid.org/0000-0002-4420-6372
https://orcid.org/0009-0008-0565-5870
https://orcid.org/0000-0002-2691-0569
https://orcid.org/0000-0002-1746-7585
https://orcid.org/0000-0002-9169-265X
https://orcid.org/0000-0002-8518-3330
https://orcid.org/0000-0001-9603-2370
https://orcid.org/0009-0005-8947-0467
https://orcid.org/0000-0001-9390-3273
https://orcid.org/0000-0002-3258-4720
https://orcid.org/0000-0003-4005-5586
https://orcid.org/0000-0001-7031-6500
mailto:femke.wouters@uhasselt.be
https://creativecommons.org/licenses/by-nc/4.0/
https://us.sagepub.com/en-us/nam/open-access-at-sage
http://crossmark.crossref.org/dialog/?doi=10.1177%2F20552076261466413&domain=pdf&date_stamp=2026-07-31


Introduction
Approximately one-third of ischemic stroke patients have no identifiable cause and are classified as cryptogenic.1 Detecting 
atrial fibrillation (AF) as a potential cause is essential to initiate appropriate treatment strategies, such as oral anticoagulation 
therapy.2 Prolonged electrocardiographic (ECG) monitoring with implantable cardiac monitors (ICMs) significantly 
increases AF detection rates compared to standard 24-hour ECG monitoring, identifying AF in up to 30% of cryptogenic 
stroke patients after three years of monitoring.3 Both the European Society of Cardiology (ESC) and the American Heart 
Association (AHA) recommend prolonged cardiac monitoring for this purpose.2,4

The latest ESC guidelines for the management of AF emphasize the use of prolonged cardiac monitoring based on risk 
factors such as increasing age, left atrial enlargement, cortical stroke location, large or small vessel disease, an increased 
number of premature atrial contractions per 24 h, rhythm irregularities, and risk stratification scores such as CHA2DS2-VA, 
Brown ESUS-AF, HAVOC, and C2HEST.2 The use of artificial intelligence (AI) in healthcare has expanded significantly in 
recent years, demonstrating its potential to enhance diagnostic and predictive capabilities. One notable application is the use 
of AI in analyzing 12-lead ECGs. Studies have shown that AI algorithms can effectively identify subtle patterns in ECGs 
recorded during sinus rhythm, enabling the identification of patients at risk for subclinical AF. This approach has the potential 
to improve risk stratification, particularly in patients who may not yet exhibit clinical AF.5–7 These risk scores and factors 
could optimize resource allocation by prioritizing invasive, prolonged cardiac monitoring for high-risk patients. This is 
particularly relevant given evidence that AF detection is not distributed equally across sociodemographic groups, with lower 
detection reported in Black and Hispanic patients despite a higher burden of AF risk factors. Targeted monitoring may 
therefore help reduce under-detection in groups at greater risk of being missed, while also limiting unnecessary monitoring in 
low-risk patients and allowing clinicians to focus on alternative potential stroke mechanisms.8,9

The current study aims to identify clinical risk factors associated with AF diagnosis after cryptogenic stroke or transient 
ischemic attack (TIA) and evaluate the effectiveness of traditional AF risk scores compared with an AI-driven ECG AF risk 
score. This will enable more targeted (prolonged) cardiac monitoring and treatment of high-risk patients.

Methods
Study design

A retrospective study was conducted in the single tertiary care center Ziekenhuis Oost-Limburg (Genk, Belgium). Approval 
from the medical ethics committees of Ziekenhuis Oost-Limburg and Hasselt University (Hasselt, Belgium) were obtained 
(reference: 20/0037R, 2020/038), with a waiver for informed consent.

Study population

All consecutive cryptogenic stroke or TIA patients admitted to our center between January 1, 2017 and January 1, 2023, who 
received an ICM were retrospectively identified. Only the index event was taken into consideration in case of stroke or TIA 
recurrence during this period. All patients underwent a complete evaluation to determine the stroke cause. This diagnostic 
workup included brain imaging, non-invasive vascular imaging, routine laboratory investigations, transesophageal 
echocardiography, 12-lead ECG, ECG monitoring for at least 24 hours during hospital stay, and ambulatory 7-day Holter.10 If 
there was no determining pathology, the stroke was classified as cryptogenic according to the Trial of Org 10172 in Acute 
Stroke Treatment (TOAST) criteria.11

Data collection

Demographic and clinical data were collected from the electronic medical records (HiX, Chipsoft, Amsterdam, The 
Netherlands). The following parameters were assessed: confirmed detection of AF on ICM lasting more than 30 seconds, 
OAC use, stroke or TIA recurrence, one-year mortality, cumulative number of premature atrial contractions over the entire 7- 
day Holter monitoring period, and comorbidities (e.g., hypertension, diabetes, …). Furthermore, the following risk scores 
were calculated. CHA2DS2-VA (range: 0-8; 1 point each for congestive heart failure, hypertension, diabetes, vascular 
disease, and age (65-74); 2 points each for age (≥75 years) and prior stroke/TIA), Brown ESUS-AF (range: 0-4; 1 point for 
age (65-74); 2 points each for age (≥75 years) and moderate or severe left atrial enlargement), HAVOC (range: 0-14; 1 point 
each for peripheral vascular disease and obesity (body mass index >30); 2 points each for hypertension, age (≥75 years), 
valvular heart disease, and coronary artery disease; 4 points for congestive heart failure). Patients missing any variables 
required to calculate a given risk score were excluded from that analysis. The C2HEST score, although referenced in ESC 
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guidelines, was not evaluated because several required components were not collected in this cohort, making retrospective 
calculation infeasible. Cut-off values for the risk scores were determined in accordance with the ESC recommendations for 
Brown ESUS-AF and HAVOC and based on findings from previous studies for CHA2DS2-VA.8,12,13 Finally, the ECG-AI 
algorithm was applied to the first available 10-second 12-lead ECG in sinus rhythm obtained within 30 days of the index 
stroke or TIA. Raw electrocardiographic data were extracted from the MUSE data management system together with the 
electrocardiographic parameters provided by the GE Marquette software. All ECGs were acquired at a sampling rate of 
500 Hz. The algorithm, trained internally and externally validated as described by Gruwez and Barthels et al., estimates the 
risk of underlying AF from a 12-lead ECG in sinus rhythm within 31 days. A detailed description of the model development, 
including training and validation procedures, has been published previously.7 The primary endpoint was AF detection within 
one-year post-ICM insertion in cryptogenic stroke or TIA patients. AF detection was assessed over this one-year period, 
which represented the minimum duration of continuous monitoring available for all patients and ensured uniform follow-up 
and consistent monitoring duration across the cohort. Labeling of the ICM data was performed in two steps. First, the ICM 
device algorithm identified episodes of heart rhythm irregularity potentially consistent with AF or other arrhythmias. 
Subsequently, these episodes were adjudicated by dedicated healthcare professionals from the remote monitoring team 
according to standard clinical practice, blinded to the ECG-AI score.

Statistical analysis

The acquired data was analyzed using Statistical Package for Social Sciences release 29.0 (IBM® SPSS® Inc., Chicago, 
Illinois, USA) and RStudio version 2023.12.1 +402 (Posit, Boston, Massachusetts, USA). All assumptions were checked 
before carrying out the concerning statistical test. A p-value< .05 was considered statistically significant. The Shapiro-Wilk 
statistic evaluated the normality of the continuous data.

Continuous data were expressed as means ± standard deviation or medians and interquartile range (IQR) when ap
propriate and were compared with an unpaired t-test or Mann-Whitney U test. Categorical data were expressed as absolute 
numbers and percentages and compared with the Pearson Chi-square or Fisher’s exact test when appropriate.

Furthermore, univariate logistic regression analysis was conducted for each comorbidity separately, with AF within one- 
year post-ICM insertion as the outcome. Subsequently, an exploratory multivariate logistic regression analysis was 
performed, incorporating significant covariates (p < .25) and applying backward elimination until only significant variables 
remained (p < .05). Finally, the risk scores were evaluated in our population using the area under the receiver operating 
characteristics curve (AUROC), sensitivity, specificity, negative predictive value (NPV), and positive predictive value 
(PPV). The discrimination of each risk score for AF was assessed using Harrell’s concordance index (C-index) (higher values 
indicating better concordance).14 DeLong’s test was used to perform pairwise comparisons of AUROCs, including only 
patients with both scores available for each comparison. As an exploratory analysis in this study, the optimal cut-off value of 
the ECG-AI risk score was derived using the Youden index to classify patients as low or high risk for underlying subclinical 
AF. The time to first AF detection following ICM insertion was analyzed using Cox regression to compare low- and high-risk 
groups, as defined by the ECG-AI score and its training population-based and optimal cut-off value. The results were 
visualized using a Kaplan-Meier curve.

Results
Demographics

Among 924 cryptogenic stroke or TIA patients admitted during the study period, 230 received an ICM and were included in 
the analyses. Mean follow-up time was 934 ± 338 days post-ICM insertion. Most (199 (86.5%)) patients received a Reveal 
LINQ (Medtronic, Minneapolis, MN, USA), of which 15 patients received the Reveal LINQ II. Furthermore, 25 (10.9%) 
patients had a BIOMONITOR (Biotronik, Berlin, Germany) inserted, and 6 (2.6%) a Confirm Rx (Abbott, Lake County, IL, 
USA). AF was detected in 40 (17.4%) patients within one year after ICM insertion after a median of 65 [19 - 227] days post- 
ICM insertion. Table 1 shows the between-group differences in baseline characteristics.

Patients with AF detected within one-year post-ICM insertion were older (p = .01), had a higher score on the NIH Stroke 
Scale on admission (p = .02), a higher Brown ESUS-AF score (p = .004), a higher ECG-AI score (p < .001), and had more 
premature atrial contractions on AF-negative 7-day Holter (p = .002). Smoking and hypercholesterolemia were less 
prevalent in those with AF detected (p = .009 and p = .045, respectively). Notably, 13 (5.7%) patients were reported with a 
stroke or TIA recurrence after ICM insertion with no difference (p = .475) between those with and without AF detected.
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Predictors of atrial fibrillation

An exploratory multivariate logistic regression analysis with backward elimination was conducted to evaluate the impact of 
ESC-recommended risk factors and components of the risk scores on the likelihood of detecting AF within one-year post- 
ICM insertion. Age (OR: 1.033, 95%CI: 1.002 – 1.066) was the only factor associated with an increased likelihood of AF 
detection (Table 2).

Table 1. Baseline characteristics of study population.

Characteristic All (n = 230) No AFa (n = 190) AF (n = 40) p-valueb

Age, years 67 [57 - 76] 66 [57 - 74] 74 [66 - 79] .010
Sex, female 97 (42.2%) 82 (43.2%) 15 (37.5%) .510
Index event .664

Stroke 178 (77.4%) 146 (76.8%) 32 (80.0%)
TIA 52 (22.6%) 44 (23.2%) 8 (20.0%)

Prior stroke or TIA 34 (14.8%) 29 (15.3%) 5 (12.5%) .655
Recurrent stroke or TIAc 13 (5.7%) 12 (6.3%) 1 (2.5%) .475
Score on NIH Stroke Scale 2 [0 - 4] 1 [0 - 4] 3 [1 - 6] .020
ASPECT 10 [10 - 10] 10 [10 - 10] 10 [9 - 10] .101
One-year mortality 3 (1.3%) 1 (0.5%) 2 (5.0%) .079
Days between stroke - death 885 ± 463 983 ± 389 623 ± 632 .497
Days between stroke – ICM insertion 103 [69 - 156] 102 [70 - 156] 110 [60 - 154] .552
Comorbidities

Current smoker 54 (23.5%) 51 (26.8%) 3 (7.5%) .009
Excessive alcohol consumptiond 18 (7.8%) 14 (7.4%) 4 (10.0%) .527
Hypertension 142 (61.7%) 118 (62.1%) 24 (60.0%) .803
Diabetes mellitus 37 (16.1%) 34 (17.9%) 3 (7.5%) .104
Hypercholesterolemia 136 (59.1%) 118 (62.1%) 18 (45.0%) .045
Obesitye 56 (24.3%) 44 (23.2%) 12 (30.0%) .359
Congestive heart failure 11 (4.8%) 10 (5.3%) 1 (2.5%) .694
Chronic kidney disease 30 (13.0%) 26 (13.7%) 4 (10.0%) .529
Peripheral vascular disease 22 (9.6%) 20 (10.5%) 2 (5.0%) .383
Prior myocardial infarction 14 (6.1%) 11 (5.8%) 3 (7.5%) .715
Atherosclerotic disease 129 (56.1%) 104 (54.7%) 25 (62.5%) .369
PFO 68 (30.8%) 58 (31.5%) 10 (27.0%) .589
Closed PFO (n = 68) 17 (25.0%) 15 (25.9%) 2 (20.0%) 1.000
Valvular heart disease 38 (16.5%) 31 (16.3%) 7 (17.5%) .855
Coronary artery disease 47 (20.4%) 39 (20.5%) 8 (20.0%) .940
Premature atrial contractions (7-day Holter) 386 [134 - 1839] 316 [118 - 1220] 1815 [471 - 4264] .002

LVEF: .476
Normal 220 (95.7%) 180 (94.7%) 40 (100.0%)
Low-normal 9 (3.9%) 9 (4.7%) -
Reduced 1 (0.4%) 1 (0.5%) -

Left atrium size: .316
Normal 181 (83.4%) 150 (84.7%) 31 (77.5%)
Mild 28 (12.9%) 22 (12.4%) 6 (15.0%)
Moderate dilated 8 (3.7%) 5 (2.8%) 3 (7.5%)

Risk scores
CHA2DS2-VA 4 [3 - 5] 4 [3 - 5] 5 [4 - 5] .231
Brown ESUS-AF 1 [0 - 2] 1 [0 - 1.5] 1 [1 - 2] .004
HAVOC 2.5 [1.75 - 4] 2 [1 - 4] 3 [2 - 4] .253
ECG-AI 5.6 [1.9 - 13.9] 4.9 [1.7 - 11.8] 14.0 [5.4 - 26.1] <.001

Data are expressed as mean ± SD, number (percentage), or median (IQR).
aAF detected within one-year post-ICM insertion.
bPearson Chi-Square test, Fisher’s exact test, and Mann-Whitney U test were used in the analyses.
cRecurrent stroke or TIA after ICM insertion.
dMore than two units/day.
eBMI ≥ 30. 
AF, atrial fibrillation; ASPECT, Alberta stroke program early CT score; ICM, implantable cardiac monitor; LVEF, left ventricular ejection 
fraction; NIH Stroke scale, national institutes of health stroke scale; PFO, patent foramen ovale; TIA, transient ischemic attack.
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Performance of the risk scores

The ability of the risk scores (i.e., CHA2DS2-VA, Brown ESUS-AF, and HAVOC) to predict AF within one year following a 
cryptogenic stroke or TIA was limited, as reflected by low AUROC and C-index values in Table 3 and visualized in ROC 
curves in Figure 1. None of the risk scores demonstrated acceptable performance, with no AUROC exceeding 0.7. The only 
risk score exceeding this threshold was the ECG-AI score, with an AUROC of .710. Moreover, it had the highest NPV and 
C-index. Pairwise comparisons using DeLong’s test indicated that the ECG-AI score had a significantly higher AUROC than 
the CHA2DS2-VA (p = .002) and HAVOC (p = .002) scores, but not compared with the Brown ESUS-AF score (p = .210). 
The Brown ESUS-AF score also showed a significantly higher AUROC than CHA2DS2-VA (p = .030). The remaining 
pairwise comparisons did not reach statistical significance.

While the AUROC of the ECG-AI score tended to be slightly higher for longer AF episode durations (AUROC: AF > 
6 min = .712 [95%CI .569 - .856], AF > 1h = .747 [95%CI .588 - .907], AF > 6h = .714 [95%CI .463 - .964]), DeLong’s test 
indicated that these differences were not statistically significant (all p > .05).

As an exploratory analysis, the optimal cut-off value for the ECG-AI score was determined to be 13.4% (Youden index = 
.359), yielding a sensitivity of 54.8% (95%CI 36.0% - 72.7%), specificity of 80.0% (95%CI 72.4% - 86.3%), PPV of 37.8% 
(95%CI 23.8% - 53.5%), and NPV of 88.9% (95%CI 82.1% - 93.8%). This threshold is higher than the optimal cut-off 
identified in the training population (i.e., 5.6%, Youden index = .261). Patients with a high ECG-AI risk score (based on the 
training-population threshold ≥5.6%) had a more than two-fold increased risk of subsequent AF detection within one year 
after ICM insertion (HR: 2.7, 95%CI 1.2 - 5.8, p=.01, Figure 2). The score was low in 49.7% and high in 50.3% of patients, 
with AF detected in 10.6% and 25.6%, respectively. Patients with a high ECG-AI risk score (based on the optimal threshold in 
this selected ICM population ≥ 13.4%) had a four-fold increased risk of subsequent AF detection within one year after ICM 
insertion (HR: 4.0, 95%CI 2.0 - 8.1, p < .001). The score was low in 73.7% and high in 26.3% of patients, with AF detected in 
11.1% and 37.8%, respectively.

Table 2. Predictors of atrial fibrillation within one year after ICM insertion.

Predictor Univariate 
OR (95% CI)

p-value

Age 1.033 (1.002 - 1.066) .040
Diabetes 0.372 (0.108 - 1.277) .116
Left atrial enlargementa 1.613 (0.691 - 3.765) .269
Peripheral vascular disease 0.447 (0.100 - 1.996) .292
Obesity 1.422 (0.668 - 3.027) .361
Congestive heart failure 0.462 (0.057 - 3.711) .467
Prior stroke or TIA 0.793 (0.287 - 2.193) .655
Hypertension 0.915 (0.456 - 1.838) .803
Valvular heart disease 1.088 (0.442 - 2.681) .855
Premature atrial contractions during 7-day Holter 1.000 (1.000 - 1.000) .914
Coronary artery disease 0.968 (0.413 - 2.267) .940

aModerate or severe.

Table 3. Diagnostic performance of risk scores for the prediction of atrial fibrillation within one year after ICM 
insertion.

CHA2DS2-VA ≥ 4 (n = 230) Brown 
ESUS-AF ≥ 2 (n = 217)

HAVOC ≥ 4 (n = 230) ECG-AI ≥ 
5.6 (n = 171)

AUROC .559 (.465 - .653) .639 (.543 - .734) .557 (.469 - .645) .710 (.608 - .811)
Sensitivity 77.5 (61.5 - 89.2) 45.0 (29.3 - 61.5) 47.5 (31.5 - 63.9) 71.0 (52.0 - 85.8)
Specificity 34.7 (28.0 - 42.0) 75.1 (68.1 - 81.3) 62.1 (54.8 - 69.0) 54.3 (45.7 - 62.7)
PPV 20.0 (14.0 - 27.2) 29.0 (18.2 - 41.9) 20.9 (13.1 - 30.7) 25.6 (16.8 - 36.1)
NPV 88.0 (78.4 - 94.4) 85.8 (79.3 - 90.9) 84.9 (77.8 - 90.4) 89.4 (80.8 - 95.0)
C-index .560 (.478 - .643) .630 (.551 - .709) .557 (.480 - .633) .683 (.596 - .770)

Values are presented with 95% confidence intervals in parentheses. AUROC, area under receiver operating characteristic curve; 
C-index, Harrell’s concordance index; ICM, implantable cardiac monitor; NPV, negative predictive value; PPV, positive predictive 
value.
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Discussion
This study aimed to identify clinical risk factors associated with AF diagnosed using ICM after cryptogenic stroke or TIA. 
Additionally, it evaluated the effectiveness of current clinical risk scores compared to an AI-driven ECG generated risk score 
to predict AF in clinical practice.

AF was detected in 17.4% of cryptogenic stroke or TIA patients within one year following ICM insertion. This rate 
exceeds the ones reported in the CRYSTAL-AF and STROKE-AF study (i.e., 12.4% and 12.1%), but aligns with findings 

Figure 1. ROC curve of risk scores to predict atrial fibrillation during follow-up of cryptogenic stroke and TIA patients with an ICM. 
The Brown ESUS-AF, CHA2DS2-VA, HAVOC scores, and ECG-AI score to predict AF within one-year post-ICM insertion.

Figure 2. Time to first detection of AF after ICM insertion. High risk patients (ECG-AI score ≥ 5.6%) have a 2.7-fold increased risk of AF 
detection within one year post-ICM insertion compared to low risk patients (ECG-AI score < 5.6%).
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from more recent studies, corroborating the need for prolonged cardiac monitoring.3,13,15,16 Patients with AF were older and 
exhibited a higher prevalence of premature atrial contractions, as well as increased NIHSS and Brown ESUS-AF scores. 
Stroke or TIA recurrence rate after ICM was 5.7%. These recurrence rates were in line with those reported in literature.17,18

Older age was associated with a higher likelihood of AF detection, highlighting its role as a significant risk factor in our 
multivariate analysis. However, given the limited number of AF events, these findings should be considered exploratory. 
Although age is included in all ESC-recommended risk scores, these established scores demonstrated suboptimal per
formance for AF prediction in our cohort.

Despite significantly higher Brown ESUS-AF scores in patients with AF detected within one-year post-ICM insertion, none 
of the clinically recommended scores (including CHA2DS2-VA and HAVOC) demonstrated acceptable discriminatory power 
for AF prediction, as all AUROC values fell below the generally accepted threshold of 0.7. This likely reflects that CHA2DS2- 
VA and HAVOC capture general comorbidity burden rather than atrial-specific substrate, whereas the Brown ESUS-AF score 
incorporates a more directly relevant marker of atrial cardiomyopathy, namely severe left atrial enlargement, which may explain 
its comparatively better performance. Nevertheless, their low discriminatory power aligns with previous literature and 
highlights the ongoing challenge of identifying individuals at risk of subclinical AF using conventional clinical risk scores.8,13

In contrast, the ECG-AI score exhibited stronger predictive performance, with an AUROC just above 0.7, and high-risk 
patients showing more than a two-fold increased likelihood of AF detection within one year after ICM insertion compared to 
low-risk patients. An ECG-AI score of 5.6 resulted in an NPV of 89.4% allowing good discrimination of patients with a very 
low likelihood of AF. In this study, 85 (49.7%) patients had an ECG-AI score < 5.6. During follow-up, AF was detected on 
ICM in 9 (10.6%) patients. With the exception of one patient, all AF episodes lasted one hour or less; a single patient had an 
episode exceeding six hours in duration. The ECG-AI score could therefore be applied to select patients in whom AF is 
unlikely or clinically insignificant, thereby sparing them from the need for costly ICMs.

The ECG-AI score threshold of 5.6% was originally derived from the training population in which AF detection relied on 
12-lead ECG findings. Importantly, the training and testing cohorts differed not only in population but also in outcome 
ascertainment. The training cohort consisted of all patients presenting to the hospital for any indication with a normal baseline 
ECG, in whom the presence or absence of AF was determined based on AF occurrence on a subsequent in-hospital 12-lead 
ECG recording. In contrast, the testing cohort in this study comprised high-risk patients with cryptogenic stroke or TIA who 
underwent long-term rhythm monitoring using ICMs, providing a more sensitive and clinically robust method for AF 
detection over extended follow-up.

In our exploratory analysis, we aimed to determine the optimal threshold for our high-risk subgroup with prolonged 
rhythm monitoring. The threshold increased to 13.4%, resulting in increased specificity and PPV. Furthermore, patients with 
a high score (≥13.4%) now had a four-fold increased risk of AF identified within one year post-ICM insertion compared to 
those with a low score.

These differences in population and reference standard for AF detection likely explain the observed variation in optimal 
thresholds for the ECG-AI score. This highlights the need for recalibration when applying the model across settings with 
different populations and outcome definitions, and underscores the importance of external validation in cohorts with 
standardized, continuous AF monitoring to ensure robust and generalizable performance prior to clinical implementation.

This study highlights the potential of AI-driven models to enhance risk stratification of patients for identifying AF post 
cryptogenic stroke. While derived from a selected cohort undergoing ICM implantation, these findings support further 
evaluation of such approaches with the long-term goal of optimizing the allocation of invasive cardiac monitoring methods in 
post-stroke patients.

An AI-driven approach could offer a novel, scalable strategy for identifying high-risk individuals who may benefit from 
intensive monitoring. This approach also identifies a group of low-risk patients who do not need continuous invasive monitoring 
but can easily and safely be monitored using regular spot-check measurements with ambulatory ECG or PPG technology. This 
approach could improve resource allocation to high-risk patients, reduce unnecessary expensive and invasive monitoring in the 
low-risk population which can be safely replaced by low cost spot-check measurements and reducing burden on remote 
monitoring staff. However, further research is needed on how to integrate the ECG-AI score into routine clinical practice and 
determine prospectively its impact on cost/benefit and patient outcomes.6,19–21 Implementation will require appropriate 
infrastructure, including high-quality digital ECG systems utilizing a sampling frequency of 500 Hz, secure data storage, and 
computational resources, as well as workflow integration. External validation in diverse populations and healthcare settings will 
be essential to ensure generalizability, and prospective studies should assess not only predictive performance but also effects on 
clinical decision-making. Importantly, improved AF detection does not necessarily translate into improved clinical outcomes, 
as the net benefit of anticoagulation in device-detected AF remains dependent on absolute stroke risk and bleeding trade-offs.22

Finally, incorporating non-ECG–derived parameters may further enhance model performance, as AF is not solely an 
electrical disorder characterized by electrophysiological abnormalities but also a clinical manifestation of cardiomyopathy, 
reflecting broader functional and structural remodeling, including atrial fibrosis and dilation.23–25
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Our study has several limitations that should be considered when interpreting the results. First, the predictive performance 
of the established clinical risk scores in our study differed from prior research, likely due to variations in patient 
characteristics, AF burden, and methodology. The CHA2DS2-VA score, originally designed to assess stroke risk in AF 
patients, was not intended to predict AF occurrence and showed reduced sensitivity in our ICM cohort.26 The HAVOC and 
Brown ESUS-AF scores were developed in populations with lower AF detection rates, where long-term ICM monitoring was 
not standard.27,28 Additionally, other studies included younger, healthier cohorts with different comorbidity profiles when 
evaluating these risk scores.8,13,18 These differences highlight the limited generalizability of existing scores to cryptogenic 
stroke patients with high comorbidity burdens, emphasizing the need for tailored predictive models. Second, the ret
rospective design may introduce indication bias, as the decision to insert ICMs was based on clinical judgment. ICMs were 
more commonly inserted in younger patients, males, those who experienced a stroke (as opposed to a TIA), and patients with a 
PFO. This indicates that ECG-AI performance was assessed within a selected patient population, which could hinder 
generalizability. Moreover, this may have influenced the performance of age-weighted clinical risk scores (i.e., CHA2DS2- 
VA, Brown ESUS-AF, and HAVOC) relative to ECG-AI, as these scores may perform differently in an older, unselected 
post-stroke population. Furthermore, the median time to ICM implantation was 103 days post-stroke, which may have led to 
missed AF episodes during this interval. Additionally, given the retrospective nature of the study, not all variables 
recommended by the latest ESC guidelines or the components of the suggested risk scores were available in our dataset, 
potentially limiting our ability to comprehensively assess and stratify patients’ risk. Furthermore, an ECG-AI score could not 
be derived for 59 patients, who were therefore excluded from the ECG-AI-based analyses. This was due to the absence of an 
ECG within 30 days after the stroke or TIA event (31 patients) or an ECG of insufficient quality (i.e., due to low sampling rate) 
(28 patients). Finally, the study was conducted at a single tertiary care center, which could reduce the generalizability of our 
findings.

Conclusion
This retrospective study demonstrated that an AI-driven algorithm applied to a sinus rhythm ECG had higher but still modest 
discriminative power than established clinical risk scores such as CHA2DS2-VA and HAVOC, though not compared with 
Brown ESUS-AF. It was able to identify patients with AF identified within one year after ICM insertion following a 
cryptogenic stroke. Specifically, patients with a high ECG-AI score exhibited a more than two-fold increased likelihood of 
AF detection compared to low-risk patients. These findings highlight the potential of AI-driven ECG analysis as a risk 
stratification tool and determine different rhythm monitoring strategies for AF detection in low- and high-risk patient cohorts 
post-cryptogenic stroke, though further validation in unselected stroke/TIA populations is warranted.
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AF atrial fibrillation
AHA American Heart Association
AI artificial intelligence
AUROC area under the receiver operating characteristics curve
C-index Harrell’s concordance index
ECG electrocardiogram
ESC European Society of Cardiology
ICM implantable cardiac monitor
NPV negative predictive value
OAC oral anticoagulation
PFO patent foramen ovale
PPV positive predictive value
TIA transient ischemic attack
TOAST Trial of Org 10172 in Acute Stroke Treatment.
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