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Abstract

Atrial fibrillation (AF) is the most prevalent cardiac arrhythmia and can lead to severe complications such
as stroke. Artificial intelligence (AI) has emerged as a vital tool in predicting and detecting AF, with machine
learning (ML) models trained on electrocardiogram (ECG) data now capable of identifying high-risk
patients or predicting the imminent onset of AF. Precision medicine aims to tailor medical interventions for
specific sub-populations of patients who are most likely to benefit, utilizing large genomic datasets. Genetic
studies have identified numerous loci associated with AF, yet translating this knowledge into clinical
practice remains challenging. This paper explores the potential of Al in precision medicine for AF and
examines its advantages, particularly when integrated with or compared to genomics. Al-driven ECG
analysis provides a practical and cost-effective method for early detection and personalized treatment,
complementing genomic approaches. Al-based diagnosis of AF allows for near-certain prediction,
effectively relieving cardiologists of this task. In the context of preventive identification, Al enhances the
accuracy of predictive models from 75% to 85% when ML is employed. In predicting the exact onset of
AF—where human capability is virtually nonexistent—AI achieves a 74% accuracy rate, offering significant
added value. The primary advantage of utilizing ECGs over genomic data lies in their ability to capture
lifetime variations in a patient’s cardiac activity. Al-driven analysis of ECGs enables dynamic risk
assessment and personalized adaptation of therapeutic strategies, optimizing patient outcomes. Genomics,
on the other hand, enables the personalization of care for each patient. By integrating Al with ECG and
genomic data, truly individualized care becomes achievable, surpassing the limitations of the “average
patient” model.
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Introduction

The aim of precision medicine is to optimize a specific preventive, diagnostic, or therapeutic intervention
for a given sub-population of patients who are most likely to benefit from it [1]. The application of precision
medicine to cardiovascular disease (CVD) has the potential to improve health and revolutionize prevention
and treatment options, just as has happened in the field of oncology [2].

Artificial intelligence (Al) algorithms are emerging as a promising approach for predicting
cardiovascular events, particularly atrial fibrillation (AF), facilitating enhanced prevention, detection, and
treatment. These algorithms may prove to be at least as effective as genomic approaches.

The objective of this paper is to explore the potential of precision medicine in the context of AF, the
most prevalent arrhythmia in cardiology through the integration of genomics and Al

Semantic aspects

Predictive medicine seeks to determine an individual’s predisposition to certain diseases with the aim of
delaying or even preventing their onset [3]. In this context, prediction primarily involves genome analysis,
interpreting the information encoded in DNA. However, this concept can be broadened to include all
techniques that enable the prediction of disease occurrence in an individual.

In computational terms, prediction refers to the output of a model—such as machine learning (ML)—
generated from the data input into it. This output could be a diagnosis, like disease screening. For instance,
using ML to screen for AF has become a well-established practice [4]. Another potential output is the
identification of patients at high risk of developing a disease, enabling long-term prevention strategies. Al
can also be tasked with providing short-term forecasts, such as predicting AF episodes just minutes before
they occur, with the accuracy of these predictions increasing as the event approaches, like meteorology: the
closer you are to the event, the higher the probability of accurate prediction (Table 1).

Table 1. The three prediction tasks for Al and clinical and therapeutic matches

ML task Medical task Therapeutic strategy
AF detection AF diagnosis Anticoagulant
Identifying patients who will develop AF AF prevention Lifestyle changes
Predicting the onset of AF AF avoidance PITP

Al: artificial intelligence; ML: machine learning; AF: atrial fibrillation; PITP: pill in the pocket

It’s crucial to acknowledge that the prediction tasks where Al brings the most significant value are
often the most challenging. Accurately predicting the onset of inherently unpredictable events like AF is
particularly difficult. After all, we are dealing with cardiac “accidents” or cerebrovascular “accidents”. While
preventing such incidents is possible, precisely forecasting their occurrence remains a far more complex
and demanding task.

Al predictions are based on the constitution of a model, an algorithm, into which data are placed as
input. The model is generally given the results we know and want to obtain as output. Learning the model

involves adjusting the importance given to the parameters (the weights) to obtain the best predictions
(Figure 1).
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Figure 1. The Al model uses input data (RR intervals; HRV; raw ECG; ECG features) to make a prediction (output). RR
intervals: intervals between successive heartbeats; Al: artificial intelligence; HRV: heart rate variability; ECG: electrocardiogram

Al-powered electrocardiogram: a breakthrough in AF risk
Prediction for diagnosis

AF can be entirely asymptomatic, which makes early detection critical to preventing its most common and
serious complication: stroke. One of the primary objectives of AF screening is to reduce the risk of ischemic
stroke by detecting AF before it leads to severe outcomes. Screening can be performed using various
methods, such as simple pulse or blood pressure measurements, but the diagnosis must ultimately be
confirmed by an electrocardiogram (ECG) [5]. This is a task well-suited for Al The effectiveness of AF
screening is closely tied to its prevalence within the population being screened, as outlined by Bayes’
theorem. For instance, the Apple Watch study demonstrated the feasibility of large-scale screening through
a connected device, but it also highlighted the low cost-effectiveness of such screening in populations with a
low prevalence of the disease; only 0.52% of participants received notifications for irregular pulse [6]. This
emphasizes the critical need to target specific groups for screening to maximize efficiency. The detection
stage is the most straightforward and, consequently, the most widely discussed. This is because it occurs at
the latest stage of disease progression, often when AF is at its most advanced, just before complications like
stroke develop (Figure 2). A PubMed search using the terms “atrial fibrillation prediction” yielded more
than 15,000 articles, many of which report impressive accuracy rates exceeding 99% for AF diagnosis using
Al Prediction is often perceived differently depending on the context, and it is important to remember that
these 15,000 articles are almost exclusively about AF screening, not about identifying patients who will
develop AF but are still in sinus rhythm. The number of articles on prediction in the latter category can be
counted on the fingers of two hands. For obvious economic reasons, AF patients should be detected
preferentially in high-risk groups. Clinical risk scores have been developed and validated for this purpose
[7]- Groups to be targeted include all patients with diagnosed/established coronary artery disease as it
remains one of the strongest risk factors for AF [8], elderly people > 65 years of age [9, 10], those with heart
failure [11] and those with dementia as AF is very closely associated with dementia [12]. Genetic analysis
could also be used to select at-risk patients [13].

Identification Detection
> NSR >> AF >> Stroke>
Prediction
Forecast

Figure 2. Timeline of the three Al tasks: identification when patients are still in NSR; forecast a few minutes or hours
before the AF event; detection for AF screening to prevent stroke events in patients already in AF. Al: artificial
intelligence; NSR: normal sinus rhythm; AF: atrial fibrillation
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Prediction-identification for prevention

The CHA,DS,-VASc and CHARGE-AF scores, used to initiate anticoagulant therapy, can also be applied to
predict the risk of developing AF [7]. The CHARGE-AF score shows an area under the receiver operating
characteristic curve (AUC) of around 70% in the groups studied (internal validation: 75%, external
validation: 65%) for developing predictive models of AF based on clinical variables. More recently, the
C,HEST score, which is based on clinical factors, has been proposed to assess the risk of AF within one year
[14]. Therefore, it is reasonable to estimate that a prediction based solely on clinical criteria in at-risk
groups can achieve a maximum prediction accuracy of 75%.

The ECG database from the Prediction Challenge 2001 [AF Prediction Database (AFPDB)] is the most
widely used AF prediction dataset [15, 16]. It includes 200 ECG recordings from 100 patients, with each
patient contributing 2 recordings (only 53 recordings in total related to AF). Each recording lasts 30 min.
The first part of the challenge was to identify which patients would develop AF based on sinus rhythm
tracings, while the second part aimed to determine which recording in each pair immediately preceded an
AF episode. The AFPDB, however, represents a small sample of selected ECGs, making it statistically
unlikely that this dataset is truly representative of the broader population of AF patients. Since then, several
teams have used the AFPDB to predict the onset of AF episodes, but unfortunately, these results have not
been consistently reproducible [17].

A small number of teams have focused on predicting AF while patients are still in sinus rhythm. Their
results are broadly comparable, although the methods and the level of patient risks differ. Table 2
summarizes the main characteristics of these studies.

Table 2. Main features of AF prediction studies based on ECGs in sinus rhythm

Input data Model N ECGs N AF ECGs Time to onset of AF AUC (%)
12 lead ECG [18] CNN 80,125 13,824 < 31 days 87
12 lead ECG [19] DNN 1,632,487 9,377 <1 year 85
12 lead ECG [20] RNN 1,057 1,355 <1day 79
12 lead ECG [21] CNN 45,770 2,171 <5 years 82
12 lead ECG [22] CNN 907,858 28,117 > 31 days 86
12 lead ECG [13] ResNet 669,782 22,695 <5 years 78
2 lead ECG [23] CNN 29,884 3,307 <15 days; > 1 day 79
1 lead ECG [24] CNN 169,013 13,553 NA 62
1 lead ECG [24] CNN 166,447 15,052 NA 62
1 lead ECG [24] CNN 143,503 10,951 NA 80

AF: atrial fibrillation; ECGs: electrocardiograms; N ECGs: number of ECGs; AUC: area under the receiver operating
characteristic curve; CNN: convolutional neural network; DNN: deep neural network; RNN: recurrent neural network; ResNet:
residual network; NA: not available

Prediction for the onset of AF (forecasting AF)

This is the most challenging for Al. The smaller the forecasting window for an event, the more difficult the
prediction task becomes. Successive results from different teams using AFPDB data have shown
improvements in accuracy, ranging from 79% to nearly 100%. However, it is important to note that the
dataset was derived from selected data, which may limit its generalizability. A deep neural network (DNN)
model was able to identify patients at risk of developing AF within two weeks following a 24-hour Holter
monitoring in sinus rhythm [23]. The model successfully predicted future AF episodes with an AUC of 79%.
A gradient-boosted decision trees model achieved an AUC of 73% and an accuracy of 74% in forecasting the
onset of AF events from Holter monitoring data (Table 3) [25].

AF and genetics

The growing awareness of the significant role of genetics in the development of AF has led to the
characterization of its genetic architecture, particularly through genome-wide association studies (GWAS)
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Table 3. Approximations of the performances obtained by using the classical statistics used by humans compared to
those obtained by Al for the three different predictions

Entity Detection Identification Forecast
Human 100% 70-75% [7, 14] 0%
Al 99% 85% [18] 74% [25]

Note that the score attributed to the human for detection is necessarily 100% since it is the human who sets the reference value
(the ground truth). Al: artificial intelligence

[26-28]. In 2003, the first AF gene (KCNQ1), which encodes the cardiac potassium channel, was identified
[29]. The identification of KCNQ1 as responsible for AF led to the screening of other potassium and cardiac
ion channels as candidate genes. Over 100 loci in the genome are now known to be associated with AF [30].
Nevertheless, in the general population, genetic variations in AF that have a significant impact are very rare.
Translating genetic risk into clinical practice remains a significant challenge and may not be the best
approach for achieving precision medicine. Nevertheless, medical advancements in genetics and Al offer
promising prospects for more personalized approaches to treatment, paving the way for truly
individualized care [28].

Precision medicine meets Al: transforming ECG analysis

The genetic code contains the blueprint that makes each individual unique. Similarly, an individual can be
uniquely identified by their ECG, which, like the genetic code, carries distinct information specific to that
person. A growing body of research supports this analogy. Conducting an ECG for screening purposes is
significantly more feasible than performing genetic analysis for several reasons. ECGs are widely available,
inexpensive, non-invasive, and can be performed quickly, even in primary care settings. In contrast, genetic
analysis is more costly, time-consuming, and may require specialized equipment and expertise. This makes
Al-enhanced ECGs a preferable option for large-scale or routine screening efforts, especially in settings
where access to genetic testing is limited.

This applies to AF. Notably, Al has the ability to predict the onset of AF more than a year before the first
episode in patients who are still in normal sinus rhythm (NSR), offering significant potential for early
intervention and preventive care [19]. Moreover, Al can also identify several other frequent CVDs from a
simple ECG [31]. Al thus enables individualized predictive cardiology. It is only a step away from being
integrated into precision cardiology. It should be noted that in the case of AF, Al allows for the optimization
of treatment in accordance with the desired outcomes, which may include the avoidance of specific disease
consequences (Table 1).

ECGs have several advantages over DNA: they can be performed repeatedly as an individual ages, and
changes that may increase the risk of developing heart disease can be detected and prevented at the most
appropriate time. In addition, performing ECGs in at-risk sub-populations increases the performance of Al
according to Bayes’ theorem [24, 32]. Moreover, ECGs are less complex and costly to perform than genomic
analyses. A recent study showed that deep learning applied to a resting 12-lead ECG during sinus rhythm
can effectively predict the risk of new-onset AF with high performance in a tertiary cardiac care center
population, outperforming existing clinical and polygenic scores [13].

Al-based ECG analysis is therefore perfectly suited to personalization, as all the recommendation
algorithms at work in cultural sites and social networks clearly demonstrate, since the implicit principle of
Al techniques is to adapt the processing of each person’s data, whether biometric or not, based on the
actual processing applied to all those who resemble them. Each person is considered individually but based
on what has worked for those who resemble them. There is no reason that this principle should not find its
way into the practice of medicine.

Moving from the gene to diagnosis or treatment remains challenging, especially for common CVDs
where multiple loci or genes are involved. It may be easier to go the other way, i.e., to use large amounts of
data from groups of individuals with the same traits and eventually focus on one. It would be interesting to
bring the two approaches together as if they were at different ends of the road leading to the patient. Al
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could be used to identify monogenic heart diseases from the genome and polygenic ones from the ECG. Al
functions like a powerful lens, uncovering detailed insights from an ECG that even the most skilled
cardiologist might overlook. This brings us to the equation: one genome = one individual = one ECG. In
other words, applying Al-driven ECG analysis could enable precision medicine based on ECGs, much like
how it is currently achieved through genetic analysis. This approach holds the potential to deliver
individualized care tailored to a person’s unique heart profile, just as genomics informs treatment decisions
today (Figure 3).

EPIGENOME

GENOTYPE
A 200K-300K ECG
» coding or not 100K

coding genes

PHENOTYPE
of a unique
individual
Al-based sequence AI-DNN
analyzer

Figure 3. Discrimination of an individual using two complementary Al methods: on the left, a sequencer based on deep
learning, and, on the right, a DNN based on an ECG. Al: artificial intelligence; ECG: electrocardiogram; DNN: deep neural
network

The goal: personalized medicine powered by Al and simple techniques

Traditionally, advancements in patient care have been achieved by focusing on the average patient, as
represented by the center of the Gaussian curve. However, targeting the average can ultimately lead to
mediocrity: while we may avoid the worst outcomes, we also miss the chance to achieve the best. This
represents a significant missed opportunity.

While the use of clinical scores to guide treatment decisions represents an undeniable advancement in
the field of medicine, the true challenge for Al in medicine is to enable the widespread adoption of precision
medicine. This will require a shift from group medicine to a more individualized approach, reminiscent of
what Al generally allows in other domains: such as personalized marketing or consumer profiling and
recommendation. The true potential of Al lies in its ability to tailor treatments to the individual patient,
utilizing simple techniques like ECG rather than relying on costly technological interventions. However,
although Al has been a part of medicine since its inception, experiencing various “winters” and “springs”, it
will still take time before Al fully realizes its potential and finds its rightful place in personalized healthcare.

The need for prospective studies in AF prediction and intervention

Most studies on AF prediction are retrospective. Prospective studies are essential to validate the superiority
of Al-optimized patient selection for screening over traditional clinical scoring methods. Furthermore,
prospective research should confirm the feasibility of short-term AF prediction to justify therapeutic
interventions, such as a pill in the pocket (PITP)-like strategy. A potential application could involve the use
of a connected watch or wearable device that can alert the patient when a signal indicating an incoming AF
episode is received. In such cases, the patient can be prompted to take appropriate medication to prevent
an AF episode. In the current context, there is no clinical proof of this concept, and this justifies the need for
prospective studies. In this case, the goal is to reduce the AF burden in patients who are already receiving
anticoagulant therapy in the hope of slowing the progression to long-term permanent AF. In patients with
pacemakers, integrating an ML prediction algorithm before the atrial overdrive pacing algorithm could
significantly reduce the burden of AF in those at high risk of developing a persistent form, particularly when
ablation is either undesired or unsuccessful [33].
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Challenges and limitations in Al predictions

Ensuring data quality is critical for obtaining reliable predictions. Therefore, it is essential to verify input
ECGs for potential artifacts. Caution is advised when using DNNs, as they often operate as black boxes,
limiting their justification to statistical results obtained by cross-validation. Whenever possible,
interpretable ML models should be prioritized [34]. These models provide insights into input features,
enhancing reliability and trustworthiness. Exceptionally high performance may indicate overfitting—a
phenomenon where a model learns not only the underlying patterns but also the noise and specific details
of the training data. This over-specialization compromises the model’s ability to generalize effectively to
unseen data, reducing its predictive accuracy in real-world scenarios.

In addition to technical challenges, numerous ethical concerns may arise. One critical question is: who
is held accountable in the event of an error in diagnosis or treatment based on an Al prediction? Should the
responsibility lie with the algorithm’s developer, the medical institution, or the clinician? ECGs and other
medical data are highly sensitive, and their use in training Al models requires strict protocols to ensure
confidentiality and safeguard against breaches or leaks.

Over-reliance on Al could diminish the role of clinicians in the decision-making process, potentially
leading to the dehumanization of care. Furthermore, Al tools often operate with inherent levels of
uncertainty, which are not always clearly communicated to physicians. This lack of transparency can result
in decisions based on incomplete or misinterpreted information. Additionally, excessive reliance on
automated systems may erode clinicians’ skills over time, further complicating their ability to provide high-
quality, independent care.

Conclusions

Precision medicine through Al offers transformative possibilities for AF diagnosis and treatment, moving
beyond the limitations of traditional approaches. By leveraging ML and ECG data, Al enhances predictive
accuracy and enables early intervention, paving the way for more personalized, effective care. While
challenges remain, particularly in predicting complex events like AF onset, the integration of Al with
genomic and clinical data promises a future where individualized care becomes the standard, optimizing
patient outcomes and revolutionizing cardiovascular healthcare.
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