Improved Prediction of Atrial Fibrillation by Identifying ECG Patient
Trajectories Over Time

Myrte Barthels'?3, Henri Gruwez!**°, Thomas De Cooman?®, Noella Pierlet!, David Duncker®, Pieter
Vandervoort!?*

I Doctoral School of Medicine and Life Sciences, Hasselt University, Hasselt, Belgium
2 Department Future Health, Hospital East-Limburg, Genk, Belgium
3 Qompium NV, Hasselt, Belgium
4 Department of Cardiology, Hospital East-Limburg, Genk, Belgium
5 Department of Cardiovascular sciences, University of Leuven, Leuven, Belgium
6 Department of Cardiology and Angiology, Hannover Medical School, Hannover, Germany

Abstract

Atrial fibrillation (AF) risk can be predicted from a
single-point ECG one month before onset. This study in-
vestigates whether this AF risk score can be improved by
combining the risk score of multiple consecutive ECGs
over time. We compare the predictive performance of
a single-point risk score with the average and maximum
ECG risk scores within one year prior to AF onset as well
as trajectories of one-year interval averaged and maxi-
mized scores up to five years before onset. K-means clus-
tering was used to visualize trajectory patterns among pa-
tients. We included 13036 patients with an AF prevalence
of 22.6%. The results showed a slight increase in perfor-
mance for the one-year interval maximized approach, but
no further improvement was observed using the trajectory
approach. Trajectory clustering revealed substantial vari-
ability in AF onset patterns, suggesting diversification in
the development of AF across patients.

1. Introduction

Atrial fibrillation (AF) is a cardiac arrythmia that causes
irregular hearbeats with high risk for stroke and mortality
when left untreated. At onset, AF is paroxysmal and often
of asymptomatic nature causing AF to remain undiagnosed
and untreated in 13% to 35% of people with AF [1]. The
landmark study from Attia et al. demonstrated to detect AF
from sinus rthythm (SR) ECGs up to 31 days before onset
with an area under the receiver operator curve (AUROC) of
0.87, indicating early identification of AF risk even at the
paroxysmal stage [2]. However, ECG recordings within 31
days prior to onset are often scarce, especially for asymp-
tomatic patients who are unaware of their condition. More
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early risk prediction using routine care ECGs could pro-
vide a solution, as studies have demonstrated to predict AF
risk one, two, and five years before onset with AUROCs of
0.85, 0.73, and 0.91, respectively. These findings highlight
the presence of early signs of AF in the ECG. [3-5].

Despite these advances, the pathway to AF development
is poorly understood, and the variability in symptoms and
outcomes among patients suggests that multiple pathways
to AF may exist. Traditional AF prediction models based
on single-point assessments fail to capture the temporal
context and exposure duration. Investigating the relation-
ship between consecutive ECGs over time may provide
deeper insights into AF patterns and enhance prediction
accuracy. Rahman et al. investigated these longitudinal
patterns within the CHARGE-AF score and its underly-
ing risk factors [6]. They reported increased risk of inci-
dent AF for systolic blood pressure trajectories, however,
no improvement was found in other risk factors and the
composite CHARGE-AF score over using the single-point
score. On the contrary, Melzi et al. reported that assessing
longitudinal patterns of consecutive neural network predic-
tion scores revealed differences depending on ECG follow-
up frequency and AF diagnosis certainty [7].

In this study we hypothesized that an AF risk score de-
rived from a single-point ECG can be improved by com-
bining the risk score of multiple ECGs over time. Assess-
ing patterns in longitudinal risk prediction could allow for
early stratification of at-risk patients.

2. Materials and methods

2.1. Data

The dataset was obtained from a retrospective study at
Ziekenhuis Oost-Limburg (ZOL, Genk, Belgium) and was
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previously described by Gruwez et al. [8]. It contains all
10-second 12 lead ECGs along with diagnostic labels from
patients older than 18 years obtained at ZOL between Oc-
tober 1, 2002 and August 31, 2021. AF risk scores were
derived using a pretrained AF prediction model described
by Gruwez et al. [8]. We defined a window-of-interest in-
cluding all ECGs taken five years prior to a patient specific
reference date. For patients with a history of AF rhythms
(AF and atrial flutter), the reference date was the acqui-
sition date of the first AF ECG. For patients with no AF
rhythms, the reference date was set five years before the
last measured SR ECG, to ensure the patient was likely
free from AF episodes. To avoid data leakage, the same
train, test and validation set were used as in the original AF
prediction model. This study was reviewed and approved
by the medical ethical committee of ZOL.

2.2.  Extrapolation from multiple ECGs

We defined two approaches to extrapolate the informa-
tion of multiple ECGs over time. The first approach com-
puted the average/maximum of the ECG risk scores within
a fixed interval before AF onset [2]. Since our dataset
is collected retrospective from routine care, patients have
varying ECG frequencies and timings. We chose the op-
timal interval length n as the balance between including
multiple ECGs, to obtain summary statistics, and mini-
mizing time to onset, to ensure closeness of AF onset. We
evaluated intervals of one month, six months, and one year.
We discarded intervals shorter than the average inter-ECG
follow-up time and selected the shortest interval with an
ECG frequency closest to 1.

The second approach included temporal context by
defining AF risk score trajectories. The five year win-
dow was segmented into intervals of length n, obtaining %
timesteps, represented by the average or maximum ECG
score. To ensure adequate temporal spread, patients were
included if they had ECGs in at least k different intervals,
with k the average number of ECGs per patient within the
five-year window. Gaps, intervals with no ECGs, were in-
terpolated from the ECG scores within the surrounding in-
tervals.

2.3. Model and evaluation metrics

The primary outcome of the study was to compare the
last available single-point assessment of the AF risk score
to the two multi-ECG approaches. For the trajectory ap-
proach, the final AF risk score was derived from a new pre-
diction model trained on top of the trajectory vector. We
modelled a fully connected (FC) neural network consisting
of two hidden dense layers with 64 and 32 units, respec-
tively, each using ReLU activation and a dropout rate of
0.5, and a final layer that produces a probability between 0

and 1 using the Sigmoid activation. The model was trained
for 10 epochs using the Adam optimizer, an initial learn-
ing rate of 0.001 and a binary cross-entropy loss. AF pre-
diction performance was compared using AUROC and the
area under the precision recall curve (AUPRC). Two-sided
95% confidence intervals (CI) for the AUROC were esti-
mated using the Sun and Xu optimization of the Delong
method. The AUPRC was approximated as the average
precision, and the CI was calculated using the bi-normal
interval approximation.

In a secondary analysis, K-means clustering was em-
ployed to visualize different trajectory patterns among pa-
tients. The optimal number of clusters was determined us-
ing the Elbow, Silhouette, and Davies-Bouldin methods.
For each cluster, the prevalence of AF, the average age and
the gender prevalence was assessed to identify common
patterns among patient groups.

3. Results

3.1. Data

We identified 45878 patients with at least one ECG five
years prior to the reference date, of which 20% developed
future AF. The average time in between follow up ECGs
was 0.7 £ 0.7 years. This discarded both the one month
and six month interval, and fixes n at one year. Patients
had on average 0.7 £ 1.3 ECGs within the interval. The
average number of ECGs within the five-year window-of-
interest was 3.5 + 3.6 ECGs, from which k& was set as
3. After restraining the selected windows to at least k
non-empty intervals, 13036 patients remained with an AF
prevalence of 22.6%, indicating more longitudinal data is
available for at-risk AF patients. Demographic details for
the train, validation and test set are presented in Table 1.

Table 1. Dataset demographics. AF = atrial fibrillation.

Demographics Train Validation Test
Patients 9130 1301 2605
Female (%) 40.0 40.0 40.2
Mean age 67.2 66.7 67.4
(years) +12.0 +12.2 +12.2
AF patients (%) 22.1 23.9 23.5

3.2. Performance

Table 2 summarizes the performance metrics, compar-
ing the single-point AF prediction to the one-year interval
outcome and the full five-year trajectory for the average
and maximum mode.
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Table 2. Performance in terms of AUROC-score [95% CI]
and AUPRC-score [95% CI]. AUROC = area under the re-
ceiver operating curve, AUPRC = area under the precision
recall curve, CI = confidence interval.

Approach | Mode AUROC AUPRC
Single-point ECG
Last 0.80[0.78,0.82]  0.58 [0.54,0.62]

" Last one-year segment
Average 0.80[0.78,0.82]  0.59 [0.55,0.63]
Max 0.81[0.79,0.83]  0.60 [0.56,0.64]

* Five-year trajectory
Average 0.80[0.78,0.82]  0.59 [0.55,0.63]
Max 0.811[0.79,0.83] 0.61 [0.57,0.64]

No major improvements were observed in AUROC
when comparing modes as well as the prediction ap-
proaches. The AUPRC showed a slight increase in perfor-
mance using the maximum mode in both the last one-year
segment and the trajectory. However, using the trajectory
model did not improve prediction over the one-year seg-
ment outcome.

In the secondary analysis, the optimal number of clus-
ters determined by the Elbow, Silhouette, and Davies-
Bouldin methods were 4, 4, and 5, respectively. Therefore,
we opted to use 4 clusters for the final analysis. Figure
1 displays the mean trajectory for each of the 4 clusters.
Each point represents the average outcome of the trajec-
tory input (maximum mode) at that timestamp across all
cluster members, with CIs around the mean depicted by
the colored band. The trajectories for all 4 clusters are
parallel, showing a decrease in cluster membership (from
63.7% to 4.7%) and an increase in AF prevalence (from
11.4% to 74.7%) and mean age (from 64.2 &+ 12.1 to 76.2
4 9.1) with increasing cluster number (Table 3). Within
each cluster, AF patients showed a steeper trajectory slope
in the last one-year segment compared to non-AF patients.

Figure 2 represents the results with 10 clusters. As com-
pared to the 4 cluster model, more variability and overlap-
ping trajectories were observed.

Table 3. Cluster distribution. AF = atrial fibrillation, mem.
= members, prev. = prevalance.

Cluster 0 1 2 3
Members (%) 63.7 22.1 9.4 4.7
Female (%) 40.3 38.1 39.6  49.6
Mean age 64.2 72.0 748  76.2
(years) +12.1 +£10.3 +9.5 49.1
AF mem. (%) 31.0 31.3 22.7 15.0
AF prev. (%) 11.4 33.3 56.7  T4.8
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Figure 1. K-Means results showing 4 trajectory clus-

ters. Continuous lines represent the non-AF patient group
within the cluster while dashed lines represent the AF pa-
tient group. AF = atrial fibrillation.
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Figure 2. K-means results showing 10 trajectory clusters.
AF = atrial fibrillation.

4. Discussion and conclusion

This retrospective study evaluated whether a single-
point ECG AF risk score could be improved by using
multiple consecutive ECGs. Performance results showed
a modest improvement when using the one-year interval
maximum AF risk score. No further improvements were
found using five-year trajectories. However, the data selec-
tion procedure, tailored to extract multi-ECG trajectories,
revealed that at-risk AF patients have in general more ECG
measurements in time.

The secondary analysis using K-means clustering iden-
tified four distinct trajectory patterns based on the maxi-
mized AF risk score. As demonstrated in Figure 1, the
clusters show a parallel progression in AF risk, which val-
idates why trajectories do not provide additional informa-
tion over a single-point assessment. As AF risk increases
with age, the gradual increase, seen over all four clusters,
might merely reflect the aging over time.
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Distinction between AF and non-AF patients within tra-
jectory clusters is expressed only in the last one-year in-
terval of each cluster, confirming the inferior results for
the trajectory approach in the primary analysis. This dif-
ferentiation is most pronounced in cluster 3, however, the
limited number of cluster members and the large CI inter-
val hamper generalizabilty to all AF patients. Moreover,
more than 60% of AF patients remain within the lower
clusters (0 and 1), were the prevalence of non-AF patients
is much higher. Expanding to more clusters as shown in
Figure 2 results in a high diversity of patterns in the lower
clusters. This suggests that while the current single-point
AF prediction model serves as a general predictor, it may
not capture the nuanced development of AF in all patients.
This aligns with the study of Bagqal et al., indicating that
an ECG-based AF prediction model struggled to predict
AF after a cardiac procedure [9], highlighting the need for
caution in applying these models across different patient
populations.

Several limitations should be noted. First, non-AF pa-
tients appearing in high score trajectories may be unde-
tected due to the paroxysmal and often asymptomatic na-
ture of AF. Additionally, the use of non-controlled retro-
spective data necessitated summarization techniques con-
cealing frequency and timing details of ECGs. Lastly, re-
sults indicate that the last one-year interval allows for im-
proved performance, however, further exploration within
this interval was not possible due to the low ECG density.

Future research should focus on time-aware models that
can handle varying input lengths. Additionally, work is
needed to understand the underlying physical process re-
lated to AF onset. Personalized risk scores that account
for individual variability and relative ECG changes could
increase prediction accuracy. It remains to be investigated
if the ECG is rich enough to reflect these subtle changes.

In conclusion, combining multiple consecutive ECG AF
risk scores within one year prior to AF onset offers a mod-
est enhancement in prediction performance over a single-
point assessment. Results suggest that AF development
should be actively monitored within the last year and indi-
cate high diversity toward AF onset among patients.
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