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Abstract
Atrial fibrillation (AF) affects more than 30 million individuals worldwide, making it the most prevalent cardiac arrhythmia on a global scale. This systematic review summarizes recent advancements in applying artificial intelligence (AI) techniques for AF detection, prediction, and guiding treatment selection and risk stratification. In adherence with the PRISMA guidelines (Preferred Reporting Items for Systematic Reviews and Meta-Analyses), a total of 171 pertinent studies conducted between 2013 and 2023 were examined. Studies applying machine learning (ML) and deep learning (DL) to electrocardiogram (ECG), photoplethysmography (PPG), wearable data, and other sources were evaluated. For AF detection, most works employed DL (48 studies) and ML (28 studies) on ECG data. DL methods directly analyzed ECG waveforms and outperformed approaches relying on hand-crafted features. For prediction and risk stratification, 22 studies used ML while 7 leveraged DL on ECG. An emerging trend showed the growing potential of PPG for AF screening. Overall, AI demonstrated promising capabilities across various AF-related tasks. However, real-world implementation faces challenges including a lack of interpretability, the need for multimodal data integration, prospective performance validation, and regulatory compliance. Future research directions involve quantifying model uncertainty, enhancing transparency, and conducting population-based clinical trials to facilitate translation into practice.
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1. INTRODUCTION
Atrial fibrillation (AF) is a common heart rhythm disorder characterized by irregular and often rapid heart rhythm, AF is closely linked to a range of cardiovascular and systemic diseases. Notably, AF significantly increases the risk of stroke, accounting for approximately 20% of all strokes (Benjamin et al., 1998). It is also associated with heart failure, doubling the risk of its development (T. J. Wang et al., 2003). Overall, AF contributes substantially to healthcare costs, hospitalizations, resource utilization, and national socioeconomic burdens (Kim et al., 2018).
To effectively address these health challenges, accurate and timely detection of AF is crucial. Early diagnosis and intervention can significantly mitigate associated risks and healthcare costs. Hence, there is an urgent need to develop and implement advanced detection methods and technologies to combat the growing global burden of AF. The diagnosis of AF entails various measurement methods, each providing unique insights for a comprehensive assessment. The most common signal used for AF diagnosis is electrocardiography (ECG), which is a non-invasive technique that records the heart's electrical activity. The characteristic features of AF on ECG are the absence of consistent P-waves and irregular RR intervals (Faust et al., 2020). Whichever signal source is used, data interpretation and medical decision-making still heavily rely on human experts, leading to potential variability. Efforts are being made to mitigate these variabilities by standardizing protocols, providing clear guidelines, and conducting regular training and calibration sessions for operators. Standardization facilitates the automation of AF detection and the development of decision-support tools that operate on standardized data. Ongoing research aims to identify the most effective decision support tools for enhancing AF detection, risk stratification, and prediction, necessitating a comprehensive review of available AF detection algorithms.
This review paper aims to provide a comprehensive investigation into the application of AI methods for the detection and prediction of AF across diverse data sources. The key contributions of this review paper are listed below: 
· Our review covers a wide range of AI methods applied to diverse data sources for AF detection and prediction, including ECG, PPG, wearable sensors, and more. This comprehensive approach provides a holistic view of the current landscape of methodologies.
· We analyze and compare the application of both Machine Learning (ML) and Deep Learning (DL) algorithms for AF detection, offering insights into their respective advantages and limitations. This integration of multiple AI approaches provides a comprehensive understanding of their potential in AF diagnosis and prediction.
· We assess the diagnostic potential of AI methods in AF detection and explore their impact on healthcare, including their ability to improve early detection, risk stratification, and patient outcomes. This analysis provides valuable insights into the practical implications of AI in clinical practice.
· We highlight the limitations of previous review papers in terms of their scope and focus and position our review as a more comprehensive and up-to-date analysis of AI methods for AF detection and prediction. We encompass recent methodologies based on DL, as well as other relevant data sources beyond ECG and wearable sensors.

2. METHODS
To identify the most applicable articles involving the application of artificial intelligence in the context of atrial fibrillation, we closely adhered to the PRISMA guidelines. This method enabled the identification of studies utilizing both traditional machine learning techniques and advanced deep learning models for the detection, classification, and monitoring of atrial fibrillation.

2.1 Search strategy
We searched PubMed, the Institute of Electrical and Electronics Engineers (IEEE), Mendeley, and Scopus databases for articles published up to December 2023 using the keywords "Atrial Fibrillation", "Artificial Intelligence", "Machine Learning", "Deep Learning", "ECG", "Electrocardiogram", "PPG", "Photoplethysmography", "HRV", "Heart Rate Variability", and "Automated Detection" in their Boolean combinations. We excluded non-English publications, articles that were not peer-reviewed, review articles, pilot studies, abstracts, book chapters, articles published prior to 2013, and those not accessible in full-text format. Study authors (M.S., M.A., S.S.) reviewed abstracts and/or full manuscripts for relevance to the study. A final selection of 171 articles, focusing on AI and AF, were included in this review (Figure 1).
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Figure 1. Study search strategy in accordance with PRISMA guidelines. Papers published in non-Q1 journals were excluded from this review.


3. RESULTS

3.1 Atrial fibrillation detection
The works on AF detection (full list in Appendix Table A1) are categorized by the models employed into ML, DL, and hybrid groups, and are mostly based on ECG signal inputs (Figure 2). 
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Figure 2. Distribution of the papers based on the macro-technique employed for AF detection (a); and based on the data used (b). ECG was used in 81% of the studies reviewed, either exclusively or in combination with other inputs.

3.1.1 Atrial fibrillation detection with machine learning
Most ML models used ECG input signal for AF detection (Agliari et al., 2020; Alhusseini et al., 2020; Buscema et al., 2020; Domazetoski et al., 2022; K. He et al., 2022; Huang et al., 2021; Nickelsen et al., 2017; Pérez-Valero et al., 2019; Rad et al., 2021; Rouhi et al., 2021; Schaefer et al., 2014; Wesselius et al., 2022; Yao et al., 2021). Abdul-Kadir et al. (Abdul-Kadir et al., 2016) developed an AF recognition method based on dynamic ECG features extracted using the concept of a second-order dynamic system. They utilized these features to train a SVM which achieved accurate classification performance in detecting AF. Asgari et al. (Asgari et al., 2015) used SVM classifier and wavelet transform to detect AF episodes. In both Daqrouq et al. (Daqrouq et al., 2014) and Fuadah et al. (Fuadah & Lim, 2022), wavelet transform was performed, and average framing percentage energy was calculated from wavelet packet transform sub-signals to extract feature vectors used for downstream classification. Bashar et al. (Bashar et al., 2020; Bashar, Han, et al., 2021) combined features from P-wave characteristics and ECG R-R interval variability to detect AF. García-Isla et al. (García-Isla et al., 2021) and Gupta et al. (Gupta et al., 2023), employed local mean decomposition to decompose ECG data and extract entropy-based features, then they used an ensemble boosted trees classifier for AF detection. Hartikainen et al. (Hartikainen et al., 2019) used ECG data from Holter recordings using entropy measures to detect AF. Kollias et al. (Stergiou et al., 2018) assess the accuracy of AF detection of a 24 hour blood pressure device in elderly subjects, achieving a 100% sensitivity and 85% specificity. Huai-Ting Li et al. (H. T. Li et al., 2019) proposed a lightweight and robust ensemble framework that take advantage of eigenspace transformation for classifying compressed ECG signals and detecting AF. Their lightweight and hardware-friendly design demonstrated robustness to noise and interference, achieving an accuracy of 94.5%. Kalidas et al. (Kalidas & Tamil, 2019) used discrete-state Markov probabilities and random forests to classify AF based on RR-interval variability, normality, and entropy calculated from single-lead ECG recordings. A similar approach was followed by Keidar et al. (Keidar et al., 2021), who calculated the mean, normality, and variability of the entropy scale to quantify irregularities in heart rate patterns and identify AF episodes. Mandala et al. (Mandala et al., 2023)  evaluated the impact of wavelet basis function and decomposition level on AF detection from ECG signals. Wavelet coefficient features were extracted and classified with SVM. Lee et al. (Lee et al., 2013) introduced a novel method that calculated time-varying coherence function values from two time-varying transfer functions, which measure frequency variations between two adjacent beat segments, to detect AF. An approach proposed by Li et al. (X. Li et al., 2021) introduced a classification framework that distinguishes different levels of fibrillation organization by utilizing band-power features extracted from ECG signals. These features were then inputted into a linear discriminant analysis classifier to predict the occurrence of AF. Mateo et al. (Mateo & Joaquín Rieta, 2013) proposed a novel QRST cancellation technique utilizing a radial basis function neural network to detect AF from single or multi-lead ECG recordings. To detect AF, Chen et al. (E. Chen et al., 2020) and Dörr et al. (Dörr et al., 2019) applied AI algorithms to analyze combined PPG and single-lead ECG sensor signals from wearable wristband devices. They attained high accuracy rates. Instead of ECG, Bruser et al. (Brüser et al., 2013) recorded ballistocardiography (BCG) signals using a single bed-mounted vibration sensor to detect AF. They extracted time-domain and time-frequency features to train seven ML algorithms, which classified 30-second BCG epochs into sinus rhythm, AF, and artifact categories. Zalabarria et al. (Zalabarria et al., 2020) employed a neural network to detect AF using features extracted from arterial pulse wave foot point.  
Several other authors investigated heart rate variability (HRV) parameters for AF detection  (Baalman et al., 2020). The study conducted by Bus et al. (Buś et al., 2022) employed the minimum redundancy maximum relevance (MRMR) algorithm to select pertinent features related to heart rate variability (HRV) from an extensive range of parameters derived from ECG RR intervals. Various machine learning classifiers were then trained on subsets consisting of the highest-ranked HRV features. Lown et al. (Lown et al., 2020) and Duan et al. (Duan et al., 2022) also extracted HRV features from RR intervals, 
used style transfer to synthesize realistic ECGs, increasing the training data five-fold. Chen et al. (B. Chen et al., 2023) developed a clustering algorithm based on self-supervised contrastive learning to analyze ECG data. Asadi et al. (Asadi et al., 2023) proposed a novel approach for the accurate detection of paroxysmal AF using selecting parameters with MRMR and evaluating classifiers trained on feature sets. Luongo et al. (Luongo et al., 2022) implemented a ML approach to discriminate between patients with AF-induced heart failure (AF-HF) and controls using features extracted from single-lead ECG recordings. The system extracted 14 features from ECG RR intervals and employed a greedy forward selection process to determine the most predictive features. These features were then utilized to train a decision tree classifier. Other authors developed ML classifiers for AF detection using features extracted from PPG signals. Eerikäinen et al. (Eerikainen et al., 2020) applied a random forest classifier to features extracted from PPG waveforms and accelerometer data to classify AF. Liao et al. (Liao et al., 2022) tested a SVM and a random forest classifier to detect AF from a wrist PPG.
Saarinen et al. (Saarinen et al., 2023) validated a wrist-worn device for AF detection using PPG and intermittent ECG compared to Holter ECG. Lahdenoja et al. (Lahdenoja et al., 2018) and Navoret et al. (Navoret et al., 2013) both applied signal processing and ML techniques to accelerometer and gyroscope signals recorded from smartphones to extract features related to heartbeat timing, entropy measures, and signal complexity, to train classifiers like SVM to detect AF. Piekarski et al. (Piekarski et al., 2016) extracted motion features cine cardiovascular magnetic resonance images and employed a knowledge-based learning approach to discriminate AF accurately from sinus rhythm and premature ventricular contractions. Mehrang et al. (Mehrang et al., 2019) reported that both physician- and self-applied mechanocardiography, which measures acceleration and angular velocity signals with inertia sensors on smartphones, were able to feasibly detect AF with accuracies comparable to ECG labels, demonstrating the potential of the technique for AF screening and self-monitoring. 

3.1.2 Atrial fibrillation detection with deep learning
The majority of AF detection models are based on DL and ECG data (Figure 2).  Convolutional neural networks (CNNs) are commonly employed to extract features as well as perform classification from original ECG signal data (Biton et al., 2023; Christopoulos et al., 2022; Fernández-Ruiz, 2019; Lai et al., 2020; Ma & Xia, 2023; Mittal et al., 2021; Mousavi et al., 2021; Orchard et al., 2016; Rahul & Sharma, 2022; Seo et al., 2021; M. U. Yang et al., 2022). In their model for detecting paroxysmal AF, Pourbabaee et al. (Pourbabaee et al., 2018) applied deep CNNs on raw ECG time-series signals to learn representative features in the time-domain using only one fully connected layer. Wu et al. (H. Wu et al., 2022) proposed a fully automated DL-based paper ECG digitization algorithm that segmented the ECG image into leads to extract the signal of interest. The tool can facilitate the digitization of ECG repositories for DL projects. For detecting AF from ECGs of variable signal lengths, Zhang et al. (X. Zhang et al., 2023) developed a multi-path neural network called MP-DLNet that extracted temporal and detailed features from variable-duration ECGs. Techniques such as feature fusion and data balancing were incorporated to enhance the model's performance. Radhakrishnan et al. (Radhakrishnan et al., 2021) as well as Prabhakararao and Dandapat (Prabhakararao & Dandapat, 2022) created multi-task deep CNNs capable of classifying AF episodes using ECG signals as input. Gahungu et al. (Gahungu et al., 2021) proposed a system for automatically screening patients being evaluated for suspected obstructive sleep apnea, a condition linked to increased AF risk, to detect potentially underlying AF. Chen et al. (X. Chen et al., 2021) proposed a CNN with augmented stroke attention to detect AF from ECG data.  Kumar et al. (Kumar et al., 2023) investigated the relationship between false positives detected by a DL model and ambulatory contexts using an ECG dataset. The authors found that activities like changes in body position and movement accelerations were associated with many of the false positives detected by the DL model when applied to ECG data collected in free-living conditions. Laghari et al. (Laghari et al., 2023) proposed DL dense network combined with bidirectional recurrent neural network for automated AF detection from ECG data. An attention mechanism was used to extract important features. Zhang et al. (P. Zhang et al., 2023) developed a DL model to automatically screen patients for AF from 24-hour Holter monitoring data. The model extracted RR interval data and classified samples as AF or non-AF to detect AF episodes. 
Some studies detect AF from a single-lead ECG (M. Jiang et al., 2021; Z. Li et al., 2019; Yu et al., 2022; O. Zhang et al., 2021). Fang et al. (Fang et al., 2023) developed a dual-channel neural network for AF detection. It utilized time-frequency spectra and Poincare plots as inputs to extract features and classify cardiac rhythms. Ukil et al. (Ukil et al., 2022) developed AFSense-ECG, an intelligent single-lead ECG sensor capable of accurately detecting AF. Kumar et al. (Kumar et al., 2022) proposed a DL model comprising convolutional and recurrent neural networks that analyzed temporal and morphological features from the ECG data to classify AF versus normal sinus rhythm. Faust et al. (Faust et al., 2018) applied a long short-term memory network with RR interval signals for automated detection of AF. Kong et al. (Kong et al., 2019) constructed an AF classification method based on deep CNNs using a waveform dataset and assessed its efficiency and generalizability on different devices and data sources. Mannhart et al. (Mannhart et al., 2023) compared the performance of manufacturers' algorithms and a DL-based algorithm for AF detection on single-lead ECG from 5 smartwatches. The DL algorithm significantly reduced the number of inconclusive results while maintaining high diagnostic accuracy for AF detection.
Other researchers have developed systems that read 12-lead ECG data to detect AF episodes (Baek et al., 2021; Cai et al., 2020). Cao et al. (Cao et al., 2019) proposed a novel deep densely connected neural network that accurately detected AF from 12-lead ECGs without the need for expert feature engineering or extraction. Ribeiro et al. (Ribeiro et al., 2020) developed an AI approach that analyzed standard 12-lead ECGs using a pretrained CNN, which attained expert-level accuracy in diagnosing AF and other ECG abnormalities. Hennings et al. (Hennings et al., 2023) developed a DL method for AF detection from Holter ECG recordings that showed high correlation and agreement with the assessment performed by physicians. Petroni et al. (Petroni et al., 2023) presented MUSE, a novel technique for AF detection relying on principal component analysis of sub-beat ECG signals from one or more leads, classified using deep learning. Testing on public datasets demonstrated its high reliability in detecting AF. Holter data were also used by various researchers (P. Zhang et al., 2022; X. Zhang et al., 2023). Fiorina et al. (Fiorina et al., 2022) evaluated the performance of an AI-based Holter analysis platform using DL compared to a conventional platform in a clinical setting. The AI platform was found to be non-inferior in accuracy for arrhythmia detection but faster compared with the latter. Ríos-Muñoz et al. (Ríos-Muñoz et al., 2022) used a CNN-based approach to detect AF starting from endocardial electrograms (EGMs). 
Several researchers have explored various learning strategies within DL frameworks, such as transfer learning, contrastive learning, or adversarial learning (Diamant et al., 2022). A system for detecting AF was developed by Shi et al. (Shi et al., 2020) that integrated transfer learning and active learning in an incremental learning approach. Their innovative framework combined AF diagnosis, label querying, and model fine-tuning using a pretrained convolutional neural network (CNN) along with a unique active learning strategy. Weimann et al. (Weimann & Conrad, 2021) evaluated utilizing transfer learning to enhance CNN classification of heart rhythms from limited ECG data. CNNs were pre-trained on a sizable ECG database and then fine-tuned on a smaller set for AF classification. Xiong et al. (Xiong et al., 2022) certified generative adversarial network and neural architecture search, which showed promising results.
Recently, researchers have started to adopt explainable AI and uncertainty quantification (UQ) into their DL models (Jo et al., 2021). Using UQ, models can indicate how confident they are in their predictions for individual cases, revealing when a prediction may be unreliable. Mousavi et al. (Mousavi et al., 2020) proposed a hierarchical attention network model for interpretable AF detection using ECG signals. In experiments on two databases, the model attained comparable performance with respect to existing methods. Of note, visualization of the attention layers indicated that the model was able to learn clinically meaningful patterns for detection. Salinas-Martínez et al. (Salinas-Martínez et al., 2021) used a CNN to detect brief AF episodes on the electrocardiomatrix, a method that depicts the temporal information of 2-dimensional ECG for comprehensive beat-to-beat analysis. The CNN decisions were explained using layer-wise relevance propagation, which highlighted the reliance on rhythm and waves. Chen et al. (B. Chen et al., 2022) focused on quantifying the uncertainty of deep neural networks in detecting AF with limited labeled data. Ivaturi et al. (Ivaturi et al., 2021) proposed a model-agnostic framework that applied global and local explanation methods to DL models for explaining the time series classification of AF using ECG signals. Parmar et al. (Parmar et al., 2023) proposed an end-to-end very large-scale integration architecture for AF classification for wearable applications that combined CNNs, integer wavelet transform, and an approximate multiplier to lower the power requirement. To identify target regions of the atria for pulmonary vein isolation during AF ablation, Cámara-Vázquez et al. (Cámara-Vázquez et al., 2021) posed the localization of the position of AF drivers using body surface potentials (without the need for invasive intracardiac ECG) as a supervised classification challenge. 
Some authors have focused on AF detection using PPG signals. Liu et al. (S. Liu et al., 2022) developed a CNN model to classify cardiac rhythms using PPG signals. Their model was able to classify supraventricular tachycardia, ventricular tachycardia, premature atrial contraction, and premature ventricular contraction. The model attained an overall accuracy of 85.0%. Aldughayfiq et al.(Aldughayfiq et al., 2023) proposes a DL model combining 1D CNN and BiLSTM for atrial fibrillation classification using ECG and PPG time series data. Bedi et al. (Bedi et al., 2023)presented a case where a smartwatch notified a young patient of an irregular heartbeat which was later diagnosed as atrial fibrillation. The authors employed a DL algorithm that analyzed ECG and PPG data to detect AF. Kwon et al. (Kwon et al., 2020) and Kudo et al. (Kudo et al., 2023) proposed training pipelines for PPG-based arrhythmia classification by comparing different DL models, including 1D CNNs and recurrent neural networks, to determine the best combination for performance and generalizability. Kwon et al. (Kwon et al., 2020) developed a CNN model that classified AF from normal sinus rhythm using PPG features extracted from smartwatch data. Ding et al. (Ding et al., 2023) proposed a GAN for PPG signal augmentation to improve training of AF detection models. It introduces spectral information into GAN's loss function and shows LSM-GAN improves AF detection performance compared to other augmentation methods. Cheng et al. (Cheng et al., 2020) proposed a methodology combining time-frequency analysis and deep learning to detect AF episodes from PPG signals. Zhang et al. (O. Zhang et al., 2021) employed a deep neural network to process PPG data for AF detection. They also proposed explainability metrics to facilitate the assessment of PPG signals. Wasserlauf et al. (Wasserlauf et al., 2019) developed an AF-sensing Apple Watch equipped with a PPG sensor, which used a CNN trained on heart rate, activity, and ECG data to classify heart rhythms. Liu et al. (Z. Liu et al., 2022) proposed a multiscale grouped convolutional neural network that detected AF automatically based on PPG-based RR interval sequences as inputs. The model used grouped convolutions, self-attention, and de-noising coding to enhance efficiency and noise robustness. 
Several studies have employed DL techniques on data types other than ECG and PPG. Denas et al. (Denas et al., 2021) implemented a program that allowed general practitioners to opportunistically screen for AF using an automated blood pressure device with arrhythmia detection capabilities. Akerman et al. (Akerman et al., 2023) presented a DL model using a 3D CNN to detect heart failure with preserved ejection fraction using only apical 4-chamber echocardiogram video clips.  Other authors reported on the remote extraction of PPG-like systolic peak signals from videos of faces. Liu et al. (X. Liu et al., 2022) introduced VidAF, a motion-robust model for AF screening, which comprised a CNN for detecting pulse signals from facial videos combined with phase-driven attention mechanism and denoise coding strategy to reduce motion disturbances. A similar approach was employed by Yan et al. (Yan et al., 2020).

3.1.3 Atrial fibrillation detection with hybrid methods
In this section, we discuss studies that employ a combination of ML and DL techniques, which we refer to as "hybrid models". Hybrid models aim to leverage the complementary strengths of different AI approaches. For instance, integrating explainable machine learning methods with the feature learning power of deep learning. Noseworthy et al. (Noseworthy et al., 2022) and Golovchiner et al. (Golovchiner et al., 2022) combined ML and DL in their models, which detected AF using vocal features analysis, and attained high accuracy and reliability in identifying AF episodes. Bachi et al. (Bachi et al., 2023) developed an ECG simulator with time-varying signal characteristics for modeling of arrhythmias, noise, and other factors relevant to AF analysis. The study demonstrated the usefulness of the simulator in data augmentation for AI models, as well as in evaluating AF detection performance. Gündüz et al. (Fatih Gündüz & Fatih Talu, 2023)    investigated different combination between ML and DL models for AF detection from ECG data. Spectral features, P waves and RR interval differences were used as input to a BiLSTM network, achieving the best performance among compared methods. Hurnanen et al. (Hurnanen et al., 2017) also developed a hybrid model to detect AF using time-frequency analysis of seismocardiograms, which are vibrations generated by the heart recorded using body surface accelerometers. Lai et al. (X. Li et al., 2021) proposed a CNN-SVM model the predicted for AF recurrence based on preoperative AF signals, improving on the performance for differentiating linear versus nonlinear data compared with multilevel perception-based.

3.1.4 Most influential studies for AF detection
The most influential recent studies for AF detection, particularly in terms of novelty, are summarized in Table 1. Using a DL approach, the authors (Asadi et al., 2023) achieved an accuracy of over 99% when using ECG signals. In a promising study, Parmar et al. (Parmar et al., 2023) integrated the ECG signal with the PPG signal, demonstrating higher performance compared to using the ECG alone.  Some authors employed DL models to perform AF detection using only PPG signals (Cheng et al., 2020; O. Zhang et al., 2021). Cheng et al. (Cheng et al., 2020) introduced a novel time-frequency analysis methodology combined with DL for AF detection from PPG signals, reaching a sensitivity of 98.2%. Zhang et al. (O. Zhang et al., 2021) proposed novel explainability metrics leveraging domain expertise to validate a DL model for PPG-based AF detection. Furthermore, some authors extracted additional features from the ECG signal, such as HRV and RR intervals, to provide more comprehensive input for AI models used to detect AF (Buś et al., 2022; Lown et al., 2020). Lown et al. (Lown et al., 2020) developed an inexpensive wearable heart rate monitoring approach using ML for real-world AF screening while Bus et al. (Buś et al., 2022)employed a novel algorithm for optimal heart rate variability feature selection for AF detection. Notably, most of these studies aid in developing lighter-weight models that are well-suited for continuous monitoring applications in real-world settings.

Table 1. Summary of most influential studies on AI methods for AF detection

	Author, year
	Data type
	Novelty
	Results

	(Cheng et al., 2020)
	PPG
	A time-frequency analysis with DL model for the AF detection based on PPG
	Sensitivity: 98.2%; Specificity: 
98%; Accuracy: 98.1%

	(Lown et al., 2020)
	RR intervals from ECG
	An inexpensive wearable heart rate monitor, coupled with a ML algorithm, was created for AF detection.
	Sensitivity: 99.2%; Specificity: 99.5%

	(O. Zhang et al., 2021)
	PPG
	A novel explanatory metrics leveraging domain expertise to validate a DL model.
	Sensitivity: 99.4%; Specificity: 97.9%; Accuracy: 98.9% 

	(Buś et al., 2022)
	ECG and HRV
	The minimum redundancy maximum relevance (MRMR) algorithm was employed to select a minimal set of heart variability parameters for AF detection.
	Accuracy: 97.2%

	(Asadi et al., 2023)
	ECG
	A certified generative adversarial network and neural architecture search for accurate paroxysmal AF detection.
	Accuracy: 99%

	(Parmar et al., 2023)
	ECG and PPG
	An end-to-end edge-enabled machine learning-based VLSI (Very Large Scale Integration) architecture was proposed for classifying ECG excerpts as either with or without AF.
	Accuracy: 92.3%




3.2 Related works for treatment selection and risk stratification 
This section explores the use of AI in treatment decision-making and risk assessment. AI models can be used to aid the selection of appropriate treatment strategies for patients with AF, e.g., from analysis of patient history, imaging results, and diagnostic tests. Additionally, AI can contribute to risk stratification by predicting the likelihood of adverse outcomes and complications associated with AF. In contrast to AF detection, most of the models involved ML and used more diverse data sources (Figure 3, complete list in Appendix Table A2). 
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Figure 3. Distribution of the papers based on the macro-technique employed for treatment selection and risk stratification (a); and based on the data used (b). ECG is the most common data source for AF risk stratification.

3.2.1 Atrial fibrillation risk stratification with machine learning
Pereira et al. (Pereira et al., 2020), Ahmad et al. (Ahmad et al., 2021), and Hill et al. (Hill et al., 2020) developed AI-assisted systems for the analysis of AF. The approach involved the use of ML algorithms to process ECG data and identify patterns indicative of AF or assess the risk of AF. Moss et al. (Moss et al., 2017) introduced an AI model that aimed to analyze and identify clinical data and patient characteristics to predict AF episodes in critically ill patients. Yang et al. (M. Yang et al., 2020) used AI-assisted analysis to examine the relationship between fine particulate matter exposure and incident cardiac arrhythmia, including AF, among outpatients attending Shanghai community hospitals. He et al. (J. He et al., 2023) incorporated baseline risk predictors like age, presence of atrial premature beats, atrial flutter, left ventricular hypertrophy, hypertension, and heart disease into their ML model to predict AF risk. Insights gained assisted personalized AF risk assessment and management. Ngufor et al. (Ngufor et al., 2023) used ML methods to analyze clinical data to study the treatment effects of oral anticoagulants among patients with AF. They applied a causal tree algorithm and targeted maximum likelihood estimation to identify subgroups of patients who responded differently to the treatment. Jiang et al. (J. Jiang et al., 2023) developed ten ML models to evaluate risk factors for AF recurrence after Cox-Maze IV surgery. Feature importance and SHapley Additive exPlanations analysis identified potential predictors like AF duration and preoperative left ventricular function. Pieszko et al. (Pieszko et al., 2023) developed an ML model to predict left atrial appendage thrombus based on clinical features. Model threshold could avoid 40% of routine transesophageal echocardiography studies while maintaining high sensitivity for thrombus detection. Yue et al. (Yue et al., 2019) and Wu et al. (Z. Wu et al., 2021) both utilized ML methods to analyze large datasets and identify predictors of outcomes related to AF. Specifically, their approaches focused on risk stratification and conditional inference for survival analysis. By stratifying patients according to their predicted risk levels, their method assisted clinicians in decision-making regarding appropriate treatment pathways.

3.2.2 Atrial fibrillation risk stratification with deep learning
Among DL methods, CNNs were the most commonly used. Tran et al. (Tran et al., 2023)  developed a CNN to analyze ECG data, exploring the impact of false ECG alerts on patient-reported health outcomes. Giskes et al. (Giskes et al., 2023) deployed AF self-screening stations in clinical waiting areas incorporating software to screen patient records and ECGs, identifying those potentially benefiting from treatment. The program addressed the time barriers for clinician-based screening and yielded a successful screening rate that was almost four times higher than standard practice. 
In one work, authors simultaneously preform AF detection and risk stratification. Desteghe et al. (Desteghe et al., 2017) studied the feasibility, accuracy, and const-effectiveness of MyDiagnostick and AliveCor devices in AF screening and risk stratification among patients in cardiology and geriatric wards. 

3.2.3 Atrial fibrillation risk stratification with hybrid methods
Tse et al. (Tse, Zhou, et al., 2020) developed a novel hybrid AI algorithm for risk stratification in heart failure that involved analyzing specific features and patterns on ECG signals. Weil et al. (Weil et al., 2022) employed a hybrid AI approach to calculate an AF risk score based on ECG data. Using this method, the authors achieved an overall accuracy of 83% for risk stratification when evaluating ECGs acquired during each patient's first month of monitoring. Barrett et al. (Barrett et al., 2023; Saglietto et al., 2023) developed an AI framework using clustering, reinforcement learning and variation autoencoders to guide rhythm management treatment selection in atrial fibrillation using EHR data. The method aimed to identify clinically meaningful patient subgroups and determine optimal treatment strategies, showing association with improved outcomes when treatment agreed with the model. Han et al. (C. Han et al., 2022) focused on the application of AI for risk prediction in AF patients. They utilized diverse clinical and demographic data in their study to predict adverse outcomes in AF patients. Insights highlighted AI-based risk prediction's potential to enhance patient management and personalized care strategies.

3.2.4 Most influential studies for AF risk stratification
The most influential recent studies for AF risk stratification and treatment selection are summarized in Table 2. Compared to methods designed solely for AF detection, models employed for therapy selection or risk stratification have demonstrated slightly lower overall performance on average. This decrease in accuracy is likely due to the increased challenge of these multi-factorial tasks. While ECG signals remain extensively studied due to their diagnostic richness (D. Han et al., 2022; Tran et al., 2023), promising works have also leveraged diverse, complementary data sources. Han et al. (D. Han et al., 2022)  employed a hybrid ML learning approach for assessing AF risk in ischemic stroke patients while Tran et al. (Tran et al., 2023) developed an innovative DL method for detecting false AF alerts. Some studies have achieved good performance utilizing non-ECG sources such as PPG signals (Pereira et al., 2020) or integrating clinical variables from electronic health records (Giskes et al., 2023; Yue et al., 2019). Pereira et al. (Pereira et al., 2020) study introduced novel explainability metrics to validate PPG for AF analysis using DL. Yue et al. (Yue et al., 2019) conducted a novel comparative transcriptome analysis to identify genes associated with AF treatment response, reaching an overall accuracy of 98.7%. Finally, Giskes et al. (Giskes et al., 2023) evaluated an innovative AF self-screening clinic model to improve screening rates.

Table 2. Summary of most influential studies on AI methods for AF risk stratification.

	Author, year
	Data type
	Novelty
	Results

	(Yue et al., 2019)
	Clinical data
	Comparative transcriptome analysis was conducted to identify genes that exhibit differential expression in AF patients treated with colchicine compared to those not treated with colchicine.
	Accuracy: 98.7%

	(Pereira et al., 2020)
	PPG, ECG
	Explainability metrics were employed to assess the quality of photoplethysmography using DL networks.
	Accuracy: 95%

	(C. Han et al., 2022)
	ECG
	Hybrid model was employed to evaluate the risk of paroxysmal AF in noncardioembolic ischemic stroke.
	Accuracy: 99%

	(Giskes et al., 2023)
	Clinical data
	A DL model to assess whether AF self-screening stations improve AF screening, diagnosis, and stroke risk management.
	AF self-screening
stations improved AF screening

	(Tran et al., 2023)
	ECG
	An innovative DL method was developed to detect false AF alerts from smartwatches, which can be linked to reduced perceived physical well-being and confidence in managing chronic symptoms.
	DL approach reduced the number of false positive alerts by 83%



3.3 Related works for atrial fibrillation prediction
By leveraging ML and DL algorithms, predictive models can be developed to identify individuals at high risk of developing AF. The models utilize a wide range of data sources, including demographic information, medical history, genetic factors, and physiological signals (Figure 4, detailed list in Appendix Table).
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Figure 4. Distribution of the papers based on the macro-technique employed for AF prediction (a); and based on the data used (b). ECG is the most common data source for AF prediction.

3.3.1 Atrial fibrillation prediction with machine learning
Castro et al. (Castro et al., 2021) and Boon et al. (Boon et al., 2018) used feature engineering approaches in their models to predict the occurrence of paroxysmal AF. They extracted features like HRV metrics in the time and frequency domains and used models like random forest, SVM, and k-nearest neighbors to train the selected features for the classification. Similarly, Parsi et al. (Parsi et al., 2021) extracted novel HRV features based on Poincaré plot representations, and employed classifiers like SVM, k-nearest neighbors, random forest, and multilevel perceptron. Ebrahimzadeh et al. (Ebrahimzadeh et al., 2018), Boon et al. (Boon et al., 2016), and Bashar et al. (Bashar et al., 2019) extracted combinations of linear, time-frequency, and nonlinear features from ECG signals, and a mixture of expert models (Ebrahimzadeh et al., 2018) or genetic algorithm (Boon et al., 2016) or SVM and RF (Bashar, Ding, et al., 2021) were then trained on the features to predict AF onset. Tse et al. (Tse, Lakhani, et al., 2020) employed univariate and multivariable logistic regression to evaluate characteristics like age, systolic blood pressure, and P-wave area in predicting new-onset AF in mitral stenosis patients. Saiz-Vivo et al. (Saiz-Vivo et al., 2021) and Roney et al. (Roney et al., 2022) both used patient-specific models constructed from cardiac magnetic resonance imaging to perform biophysical simulations of AF. Simulation metrics along with clinical data were then used to train classifiers to predict AF recurrence after ablation. Guo et al. (Guo et al., 2021) introduced a ML-based approach using PPG for real-time prediction of AF onset. Kao et al. (Kao et al., 2023) employed a ML-based approach to predict AF among older patients using electronic medical records. Different classifiers, such as SVM, random forest, and logistic regression, were used to predict AF. Oto et al. (Oto et al., 2017) used ML to predict the recovery of sinus rhythm after cardioversion of AF. Kamel et al. used ML to analyze clinical and population data to identify features and patterns that could help determine the underlying mechanism of embolic strokes of undetermined sources. Zelnick et al. (Zelnick et al., 2021) applied ML algorithms to clinical data and biomarkers to predict AF. Saglietto et al.  derived an ML prediction model using clinical variables to predict 1-year recurrence of AF after ablation. Random forest was the best performing algorithm with AUC of 0.721. Szymanski et al. (Szymanski et al., 2022) implemented different methods such as neural networks, SVM, and random forests to predict AF using demographic and clinical data from a cohort of over 3 million individuals. Neural networks provided the best performance, achieving a sensitivity of over 75% in predicting AF status. Bifulco et al. (Bifulco et al., 2023) adopted an imaging approach, using patient-specific models reconstructed from cardiac MRI to study how AF alters the substrate properties with respect to functional or anchored reentry. Computational simulations combined with explainable ML identify spatial patterns of post-ablation nonconductive tissue associated with recurrent arrhythmias.

3.3.2 Atrial fibrillation prediction with deep learning
In all the studies that employed DL, ECG data were used to predict AF. Bajn et al. (Baj et al., 2023) developed an AI-enabled ECG algorithm for predicting incident AF. Attia et al. (Attia et al., 2019) conducted a retrospective analysis developing an AI-enabled ECG algorithm capable of predicting AF during sinus rhythm. Hygrell et al. (Hygrell et al., 2023) conducted a population-based study to predict incident AF using single-lead ECG. Similar approaches were employed by Tohyama et al. (Tohyama et al., 2023) and Tzou et al. (Tzou et al., 2021), who proposed CNNs to predict postoperative AF. Singh et al. (Singh et al., 2022) proposed a framework called CardioNet that analyzed cardiac abnormalities by directly modeling physiological relationships from unstructured ECG reports using natural language processing. Khurshid et al. (Khurshid et al., 2022) developed a CNN model to predict long-term AF risk using 12-lead ECG data from multiple datasets. Hughes et al. (Hughes et al., 2023) presented a CNN-based model to predict long-term cardiovascular risk from 12-lead ECGs. Their model was able to stratified risk of cardiovascular mortality, and AF when used individually or combined with traditional risk scores. Jeon et al. (Jeon et al., 2023) developed a DL algorithm to predict AF using ECG data. The algorithm was validated in patients with cryptogenic stroke using insertable cardiac monitors. Combining the algorithm with clinical risk factors improved prediction performance. Raghunath et al. (A. Raghunath et al., 2023) proposed a CNN model to predict AF events using over 260,000 mobile ECGs from 73,861 users. The model showed good performance in predicting AF events both before and after they occurred; prediction was most accurate when ECGs were closer to the AF event. Pipillas et al. (Pipilas et al., 2023)  compared different DL-based techniques for AF screening. They found that integrating clinical risk factors into the model improved its performance compared to using the deep learning model alone. Jalali et al. (Jalali & Lee, 2020) incorporated regularization terms into ResNet to predict AF occurrence from premature atrial complexes detected in ECG signals. Chang et al. (Chang et al., 2022) proposed the use of a DL model to estimate heart age (as distinct from chronological age) based on ECG data, and its impact on cardiovascular disorders, including AF. Other researchers focused on multimodal inputs to ML models. Schnabel et al. (Schnabel et al., 2023) employed a DL convolutional network to predict impeding AF within the next 31 days based on a single standard 12-channel ECG in sinus rhythm. In their CNN model, Tang et al. (Tang et al., 2022) used intracardiac electrograms and 12-lead ECGs, as well as a multimodal fusion model incorporating electrogram, ECG, and clinical data to predict AF recurrence after ablation. Wang et al. (X. Wang et al., 2023) analyzed the genetic basis of their ECG-AI model predictions by performing genome-wide association studies and correlating the outcomes with the model outputs.
Other researchers combined the tasks of AF prediction with AF detection or risk stratification. Biton et al. (Biton et al., 2021) used deep representation for AF risk prediction using 12-lead ECG while Fan et al. (Fan et al., 2018) developed a multi-scaled CNN to capture features at different scales from input ECGs. Bundy et al. (Bundy et al., 2020) developed different AF risk prediction models using data from the Multi-Ethnic Study of Atherosclerosis cohort. They compared the performance of models incorporating established clinical risk factors versus candidate variables identified through ML approaches. Through this analysis, they found that simpler models relying on established risk factors remained the gold standard for AF risk prediction, although ML showed promise in identifying new potential predictors. Their analysis highlighted that the simple model remained the gold standard for risk prediction of AF. Jiang et al. (M. Jiang et al., 2021) created a convolutional neural network predicting AF recurrence risk post-catheter ablation using 12-lead ECG data. Using a multi-modal ML approach incorporating ECG and cardiac imaging data (radiomics), Pujadas et al. (Pujadas et al., 2022) reported better AF prediction than models using ECG features alone. Both Raghunath et al. (S. Raghunath et al., 2021) and Zvuloni et al. (Zvuloni et al., 2023)  developed deep neural network models to predict new-onset AF using 12-lead ECG data. Through deep learning analysis of ECGs, the authors demonstrated models could successfully identify those at high future risk of AF-related stroke. 

3.3.3 Atrial fibrillation prediction with hybrid methods
Melzi et al. (Melzi et al., 2021) conducted analyses of AI systems for the prediction of AF from sinus-rhythm ECGs, including demographic data.  They analyzed how the performance of AI models varies in different subgroups and identified key regions in ECG that help predict AF. Aquino et al. (Aquino et al., 2022) developed a deep learning model that quantifies the volume of the left atrium using routine non-contrast chest CT scans. The measured volumes demonstrated a significant correlation with the occurrence of new-onset AF, hospitalization due to heart failure, and adverse cardiac events.

3.3.4 Most influential studies for AF prediction
The most impactful recent studies on AF prediction are outlined in Table 3. There is noticeable diversity in the approaches adopted by authors for the prediction task. Castro et al. (Castro et al., 2021) introduced a novel ML classifier to predict new-onset AF in patients with mitral stenosis, achieving a precision of 93.2%. Parsi et al. (Parsi et al., 2021) developed a predictive framework for paroxysmal AF based on novel heart rate variability analysis methods, obtaining a sensitivity of 97.8% and specificity of 91.1%. Guo et al. (Guo et al., 2021) utilized ML algorithms to predict AF recurrence after catheter ablation with an AUC of 0.94. While ECG analysis is predominant, some studies have explored alternative modalities such as clinical imaging. Roney et al. (Roney et al., 2022) aimed to predict long-term AF recurrence after ablation in large cohorts. They presented novel AI methods to complement biophysical simulations obtained from cardiac MRI models, achieving an AUC of 0.85. In the context of AF prediction, this highlights the potential of alternative data sources like medical imaging.

Table 3. Summary of most influential studies on AI methods for AF prediction.

	Author, year
	Data type
	Novelty
	Results

	(Castro et al., 2021)
	ECG
	The study aims to develop a ML classifier to predict new-onset AF in patients with mitral stenosis.
	Precision: 93.2%

	(Parsi et al., 2021)
	ECG
	A ML framework for paroxysmal AF prediction based on heart rate variability feature analysis.
	Sensitivity: 97.8%; Specificity: 91.1%; Accuracy: 95%

	(Guo et al., 2021)
	Heart rate
	ML algorithms were utilized to predict AF recurrence after catheter ablation.
	AUC: 0.94

	(Roney et al., 2022)
	MRI
	ML methods were employed to complement biophysical simulations and encode greater interindividual variability, enabling the prediction of long-term AF recurrence after ablation in large cohorts.
	AUC: 0.85



4. DISCUSSION
This review provides a broad perspective on the current landscape of AI research in multiple aspects of AF diagnosis and management. Several other reviews have also been in this area but are comparatively limited in their scope and focus. Matias et al. (Matias et al., 2021) reviewed 12 ECG-based AF predictive models. Olier et al. (Olier et al., 2021) focused on ML-based techniques but not recent advances in DL. In contrast, Sehrawat et al. (Sehrawat et al., 2022) addressed DL methods exclusively. Murat et al. (Murat et al., 2021) reviewed 16 published studies of ECG-based DL models for AF detection. Wang et al. (Y. C. Wang et al., 2022) focused only on diagnostic methods applied to wearable sensors. Our approach was to systematically synthesize all recent AF research on ML and DL methods applied to diverse data sources (ECG, PPG, wearable sensors, other signals, etc.). In so doing, we have comprehensively reviewed a total of 171 studies, which offer both researchers and clinicians a valuable source of reference and unique insights into the breadth and depth, as well as the relative merits and limitations, of contemporary AI techniques AF detection, risk stratification, and prediction.

4.1 Research focus by publication year 
While most research has focused on AF detection, research in AF risk stratification and prediction has seen steady growth in recent years (Figure 5). The application of AI to determine optimal treatment plans and predict complication risks potentially allows for precision medicine and improved patient outcomes. 
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Figure 5. Distribution of papers on AF detection, prediction, and AF for therapy selection and risk stratification published between 2013 and 2023.

4.2 Artificial intelligence models by publication year
ML methods predominated during the earlier years covered by this review but were superseded in recent years by DL models (Figure 6). Overall, DL, ML and hybrid models comprised 51%, 43%, and 6% of total studies, respectively.
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Figure 6. Distribution of papers categorized by model approaches published between 2013 and 2023.

Table 4 summarizes the reviewed papers stratified by task and technique (ML, DL, ML&DL). For AF detection and prediction tasks, DL methods predominated. Indeed, DL offers greater versatility for automatic feature extraction from raw data belonging to diverse sources, which may explain this predilection. Interestingly for risk stratification, ML techniques were slightly more common.

Table 4. Reviewed papers stratified by AF-related tasks and AI models.

	Task
	Method
	N
	Relative proportion of articles 
	Reference(s)

	AF detection
	ML
	44
	29%
	Agliari et al., 2020; Alhusseini et al., 2020; Buscema et al., 2020; Domazetoski et al., 2022; K. He et al., 2022; Huang et al., 2021; Nickelsen et al., 2017; Pérez-Valero et al., 2019; Rad et al., 2021; Rouhi et al., 2021; Schaefer et al., 2014; Wesselius et al., 2022; Yao et al., 2021, Abdul-Kadir et al., 2016, Asgari et al., 2015), Daqrouq et al., 2014, Fuadah & Lim, 2022, Bashar et al., 2020, 2021, García-Isla et al., 2021, Gupta et al., 2023, Stergiou et al., 2018, H. T. Li et al., 2019, Kalidas & Tamil, 2019, Keidar et al., 2021, Lee et al., 2013, X. Li et al., 2021, Mateo & Joaquín Rieta, 2013, Dörr et al., 2019, Brüser et al., 2013, Zalabarria et al., 2020, Baalman et al., 2020, Buś et al., 2022, Lown et al., 2020, Duan et al., 2022, Luongo et al., 2022, Eerikainen et al., 2020, Liao et al., 2022, Lahdenoja et al., 2018, Navoret et al., 2013, Piekarski et al., 2016, Mehrang et al., 2019

	
	DL
	56
	37%
	Biton et al., 2023; Christopoulos et al., 2022; Fernández-Ruiz, 2019; Lai et al., 2020; Ma & Xia, 2023; Mittal et al., 2021; Mousavi et al., 2021; Orchard et al., 2016; Rahul & Sharma, 2022; Seo et al., 2021; M. U. Yang et al., 2022, Pourbabaee et al., 2018. H. Wu et al., 2022, X. Zhang et al., 2023, Prabhakararao & Dandapat, 2022, Gahungu et al., 2021, X. Chen et al., 2021, M. Jiang et al., 2021; Z. Li et al., 2019; Yu et al., 2022; O. Zhang et al., 2021, Fang et al., 2023, Ukil et al., 2022, Kumar et al., 2022, Kong et al., 2019, Baek et al., 2021; Cai et al., 2020, Cao et al., 2019, Ribeiro et al., 2020, Petroni et al., 2023, P. Zhang et al., 2022; X. Zhang et al., 2023, Fiorina et al., 2022, Ríos-Muñoz et al., 2022, Diamant et al., 2022, Shi et al., 2020, Weimann & Conrad, 2021, Xiong et al., 2022, B. Chen et al., 2023, Asadi et al., 2023, Jo et al., 2021, Mousavi et al., 2020, Salinas-Martínez et al., 2021, B. Chen et al., 2022, Ivaturi et al., 2021, Parmar et al., 2023, Cámara-Vázquez et al., 2021, S. Liu et al., 2022, Kwon et al., 2020, Kudo et al., 2023, Kwon et al., 2020, Cheng et al., 2020, O. Zhang et al., 2021, Wasserlauf et al., 2019, Z. Liu et al., 2022, Denas et al., 2021, X. Liu et al., 2022, Yan et al., 2020, Faust et al., 2018

	
	ML&DL
	5
	3%
	Noseworthy et al., 2022, Golovchiner et al., 2022, Bachi et al., 2023, Hurnanen et al., 2017, X. Li et al., 2021

	AF treatment selection and risk stratification
	ML
	10
	7%
	Pereira et al., 2020, Ahmad et al., 2021), Hill et al., 2020, Moss et al., 2017, M. Yang et al., 2020, J. He et al., 2023, Ngufor et al., 2023, J. Jiang et al., 2023, Yue et al., 2019, Z. Wu et al., 2021

	
	DL
	3
	2%
	Tran et al., 2023, Giskes et al., 2023, Desteghe et al., 2017

	
	ML&DL
	3
	2%
	Tse, Zhou, et al., 2020, Weil et al., 2022, Han et al., 2022

	AF prediction
	ML
	13
	8%
	Castro et al., 2021, Boon et al., 2018, Parsi et al., 2021, Ebrahimzadeh et al., 2018, Boon et al., 2016, Ebrahimzadeh et al., 2018, Boon et al., 2016, Tse, Lakhani, et al., 2020, Saiz-Vivo et al., 2021, Guo et al., 2021, Kao et al., 2023, Oto et al., 2017, Zelnick et al., 2021, Szymanski et al., 2022

	
	DL
	16
	10%
	Baj et al., 2023, Attia et al., 2019, Hygrell et al., 2023, Tohyama et al., 2023, Tzou et al., 2021, Singh et al., 2022, Khurshid et al., 2022, Jalali & Lee, 2020, Chang et al., 2022, Tang et al., 2022, X. Wang et al., 2023, Biton et al., 2021, Fan et al., 2018, Bundy et al., 2020, M. Jiang et al., 2021, Pujadas et al., 2022, Raghunath et al., 2021, Zvuloni et al.2023

	
	ML&DL
	3
	2%
	Melzi et al., 2021, Aquino et al., 2022


** N: Number of articles. The articles that have more than one task have been counted twice, for example, a paper that deals with both AF detection and AF prediction is included in both rows (AF detection and AF prediction).
	
Recent research has explored both traditional ML and DL for improving AF prediction. ML techniques like random forests and SVMs have been applied to extract features from ECGs and other clinical data. The benefits of these approaches include interpretability and ability to identify important predictive features. DL methods, especially CNNs, have also shown promise by learning hierarchical representations directly from ECG waveforms. In general, ML approaches rely on domain expertise to extract informative signal features to train models, whereas DL models can learn directly from raw data but lack of explainability may limit interpretability. Both ML and DL have advantages that can be combined in novel hybrid models to improve performance. Overall, these AI techniques show the potential to enhance AF detection and early diagnosis from commonly available clinical data. Regarding the task of treatment selection and risk stratification, key benefits of AI models include the ability to process large datasets and identify patterns, and predictors that may not be apparent to humans. This can aid clinicians in determining the most effective treatments for individual patients and assessing their risk of adverse outcomes. Compared with traditional clinical approaches, benefits of AI include:  
· Enhanced Sensitivity and Specificity: AI algorithms can analyze large volumes of data from various sources (ECG, PPG, wearables) and improve the accuracy of AF detection, reducing false positives.
· Continuous Monitoring: Wearable devices equipped with AI can provide continuous monitoring, increasing the chances of capturing intermittent AF episodes.
· Risk Stratification: AI can assist in risk stratification, helping healthcare providers identify individuals at higher risk for AF or related complications.
· Personalized Medicine: AI has the capability to customize treatment plans according to an individual's specific AF profile, thus optimizing therapy and mitigating the potential risks associated with overdiagnosis.
· Telemedicine: AI-powered telemedicine platforms can facilitate remote monitoring and diagnosis, making healthcare more accessible, especially in underserved areas.
· Data Standardization: AI can assist in standardizing data from various sources, improving interoperability and data quality.

4.3 Data types used in atrial fibrillation analysis
ECG signals were the most common data source in the reviewed studies: approximately 75%, with 70% exclusively relying on ECG data, and 5% incorporating ECG combined with other data types (Figures 7 and 8). ECG provides critical information about heart rhythm and morphology that support AF diagnosis. With ML approaches, hand-crafted features like RR intervals, HRV, and P-wave and QRS morphology are extracted from the ECG. These features are subsequently fed into classifiers such as SVM, neural networks, or random forests. DL approaches, on the other hand, adopt a different strategy by segmenting the raw ECG signal into epochs and directly input it into a DL algorithm, such as CNN or recurrent neural network. Some studies use single-channel ECG, which facilitates continuous monitoring, while others utilize 12-lead data for better AF detection performance. Compared to single-channel ECG signals, multichannel ECG data yield higher accuracy (Baek et al., 2021; Cai et al., 2020; Cao et al., 2019). In more recent research, more studies have started to integrate ECG with other data like medical history, lab tests, and demographics. Adding this clinical and demographic data to ECG further improves model performance (E. Chen et al., 2020; Dörr et al., 2019). Similarly, from 2020, more data sources beyond ECG have been explored, including PPG (Eerikainen et al., 2020; Liao et al., 2022), video (Sun et al., 2022), and wearable sensors (Mehrang et al., 2019), which underscores the potential of alternative data sources for characterizing AF.
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Figure 7. Distribution of data type used in the reviewed studies.

In the last 5 years, some studies started to integrate ECG with other data like medical history, lab tests, and demographics. Adding this clinical and demographic data to ECG further improves model performance (E. Chen et al., 2020; Dörr et al., 2019). Since 2020, more data sources beyond ECG have been explored, including PPG (Eerikainen et al., 2020; Liao et al., 2022), video (Sun et al., 2022), and wearable sensors (Figure 8) (Mehrang et al., 2019). This demonstrates the potential of alternative data that can also characterize AF, not just ECG.
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Figure 8. Data types for AF analysis by year (2013 to 2023). Distribution of data types used in the reviewed studies by publication year.

Table 5 summarizes the various ML and DL approaches used for AF detection, prediction, and risk stratification across different signal types. ECG signals were more frequently processed using DL techniques for AF detection, whereas ML-based methods were predominantly employed for analyzing ECG data in the context of treatment selection and prediction tasks. Signals like PPG and HRV, due to their lower complexity compared to ECG, were mostly processed using ML-based approaches across all three tasks. DL is well-suited for automatic extraction of spatial and temporal features from complex waveform inputs like ECG for detection, whereas for prediction and therapy, ML methods enable effective feature engineering on ECG data along with other clinical inputs. For simpler physiological signals, ML provides effective AF monitoring performance while being more interpretable.


Table 5. Predominant AI models employed stratified by AF-related tasks and data sources.

	Task
	Data
	Method

	AF detection
	ECG
	DL

	
	PPG
	ML

	
	HRV
	ML

	
	Clinical data
	ML&DL

	
	ECG + others
	DL

	AF treatment selection and risk stratification
	ECG
	ML

	
	PPG
	ML

	
	HRV
	-

	
	Clinical data
	ML

	
	ECG + others
	ML&DL

	AF prediction
	ECG
	ML

	
	PPG
	ML

	
	HRV
	ML

	
	Clinical data
	DL

	
	ECG + others
	ML



Most of the reviewed studies (146 out of 171) used private datasets, which precludes comparison of performance across models. Table 6 summarizes the open-source datasets (all of which were ECG databases) used in the remainder of the reviewed studies.

Table 6. Summary of public ECG datasets used in the reviewed studies.

	Dataset
	Data description
	Used by

	MIT-BIH Arrhythmia Database
	The dataset consisted of ECG recordings of 8 half-hours acquired from 47 subjects.
	(Abdul-Kadir et al., 2016; Asgari et al., 2015; X. Chen et al., 2021; Lee et al., 2013; S. Liu et al., 2022; Pérez-Valero et al., 2019; Rouhi et al., 2021; Schaefer et al., 2014; Shi et al., 2020)
	MIT-BIH Atrial Fibrillation Database
	The dataset consisted in 23 records and included two ECG signals of 10 hours 
	(Faust et al., 2018)
	PhysioNet/CinC 2016 Challenge database
	The dataset included 3,126 heart sound recordings with a duration between 5 and 120 seconds.
	(Piekarski et al., 2016)
	PhysioNet/CinC 2017 data set, Icentia11K data set
	The dataset contained continuous raw ECG signals from 11 thousand patients totaling 2 billion labelled beats.
	(Asadi et al., 2023; Boon et al., 2016, 2018; Castro et al., 2021; Fan et al., 2018; Ivaturi et al., 2021; Jalali & Lee, 2020; M. Jiang et al., 2021; Tzou et al., 2021; Weimann & Conrad, 2021; P. Zhang et al., 2021)
	PhysioNet/CinC Challenge 2020 dataset
	The dataset comprised 10,330 12-lead ECG recordings ranging from 6 to over 60 seconds.
	(Melzi et al., 2021; Singh et al., 2022)


4.4 The emerging role of PPG in AF screening
In addition to ECG, PPG has emerged as a valuable signal source for AF detection and prediction. PPG is a non-invasive optical technique that measures changes in blood volume in the peripheral microvasculature. It is commonly obtained from sensors placed on the fingertip, wrist, or earlobe. PPG signals provide information about the cardiac pulse waveform, including the timing and shape of individual heartbeat cycles. 
PPG offers several advantages over ECG for AF screening. Firstly, PPG signals can be easily acquired using wearable devices, such as smartwatches and fitness trackers, enabling long-term monitoring in real-world settings. This continuous monitoring capability increases the likelihood of capturing intermittent or paroxysmal AF episodes that may be missed during short-term ECG recordings. Secondly, PPG is a less complex and more user-friendly technology compared to ECG. It does not require electrode placement or skin preparation, making it more convenient for patients and reducing the burden on healthcare providers. Lastly, PPG can provide additional physiological information beyond the heart rate, such as arterial stiffness, blood oxygen saturation, and respiratory rate, which may have implications for AF detection and risk stratification. 
Several studies included in this review have explored the application of PPG in AF screening, demonstrating its potential in detecting and predicting AF. MacManus et al. (McManus et al., 2013) presented a smartphone algorithm to accurately detect an irregular pulse during AF, utilizing PPG data from an iPhone camera and showcasing potential real-world applications and the compatibility of PPG with various smartwatches. Chong et al. (Chong et al., 2015) proposed a smartphone-based arrhythmia discrimination algorithm utilizing PPG data from three common smartwatches, effectively distinguishing AF from normal sinus rhythm (NSR), premature ventricular contractions (PVCs) and premature atrial contraction (PACs). The algorithm employed Shannon entropy and Poincare plot, demonstrating a sensitivity of 98.3%. Bashar et al. (Bashar et al., 2019) developed a novel method for detecting AF from a smart wristwatch PPG signal. The proposed approach identifies AF episodes but also assesses whether the PPG signal is affected by motion artifacts. Han et al. presented two papers that utilize PPG data from smartwatches, delving into arrhythmia detection (D. Han et al., 2020, 2022). In the first work, (D. Han et al., 2020), the focus lies on PAC/PVC detection and its influence on enhancing AF detection accuracy. On the other hand, the second one (D. Han et al., 2022) centers around a more encompassing peak detection algorithm for precise heart rate determination across diverse cardiac rhythms.  Eerikainen et al. (Eerikainen et al., 2020) applied a random forest classifier to features extracted from PPG waveforms and accelerometer data, classifying AF with a sensitivity of 97.6%. More recent studies have employed deep learning techniques on PPG. Kwon et al. (Kwon et al., 2020) developed a CNN model to classify AF from normal sinus rhythm using PPG features extracted from smartwatch data, achieving a sensitivity of 99% and specificity of 94.3%. Mohagheghia (Mohagheghian et al., 2024) et al. proposed a DL framework utilizing a denoising autoencoder to reconstruct motion-artifact-removed PPG signals, thereby enhancing AF detection performance with a DL-classifier. 
Overall, the studies utilizing PPG in AF screening have shown promising results. PPG signals, when combined with advanced ML or DL approaches, have demonstrated the ability to accurately detect AF and predict its occurrence. The convenience and continuous monitoring capability of PPG makes it a promising tool for long-term AF screening in real-world settings. However, further research is needed to validate these findings and optimize the integration of PPG with other data sources for enhanced AF detection and prediction.

4.5 Promising approaches for real-time and continuous AF monitoring
To enable widespread real-time and continuous AF screening, several studies have focused on developing computationally efficient methods suitable for embedded applications. Some notable examples include:
· Ukil et al. (Ukil et al., 2022) introduced AFSense-ECG, an intelligent single-lead ECG sensor capable of accurately detecting AF with a lightweight model optimized for portable sensor platforms.
· Wasserlauf et al. (Wasserlauf et al., 2019) developed an AF-detecting Apple Watch equipped with PPG sensor. A CNN is trained on heart rate, activity, and ECG data, achieving 83.3% sensitivity.
· Parmar et al. (Parmar et al., 2023) proposed an end-to-end architecture combining CNNs with wavelet transforms to classify AF, lowering the computational requirements for wearable applications.
· Hurnanen et al. (Hurnanen et al., 2017) utilized a hybrid model approach on seismocardiogram vibrations recorded by body accelerometers, achieving a true negative rate of 96.4% for real-time AF monitoring.
· Han et al. (D. Han et al., 2022) introduced a PPG-based peak detection algorithm for various arrhythmias, including AF, showcasing efficacy across Samsung Simband, Gear S3, and Galaxy Watch 3, promising real-world applicability.
· Bashar et al. (Bashar et al., 2019) devised a smartwatch-based PPG method detecting AF and evaluating motion artifacts, showing potential for real-world applications.
The above methods demonstrate the potential of DL techniques to achieve expert-level accuracy suitable for real-time applications using minimal computational resources and portable sensor modalities. Continued efforts in this direction are needed to fully realize continuous AF screening capabilities.


5. CHALLENGES AND FUTURE DIRECTIONS
In primary care and emergency units, the interpretation of complex ECGs and rapid diagnosis may be hindered by the absence of specialized personnel. Even with current computer interpretation technology, the combined accuracy of practitioners in these settings for AF diagnosis remains inadequate (Sahota G & Taggar JS, 2016). Current challenges for AI-supported AF detection, predication, and treatment are listed as follows: 
· Asymptomatic Cases: AF can be asymptomatic, making it challenging to detect through traditional means, such as patient-reported symptoms alone.
· Intermittent Nature: AF episodes can be sporadic, making it difficult to capture irregular heart rhythms during routine medical check-ups.
· False Positives: Screening tools may generate false-positive results, leading to unnecessary anxiety and follow-up tests.
· Variability in Data Sources: ECG, PPG, and wearable sensors can produce vast amounts of data, and the variability in data quality and sources can pose challenges in standardization and interpretation.
AI-based methods show promise for providing expert-level diagnoses and streamlining clinical workflows in such settings. However, it is imperative to externally validate models through diverse population assessments and clinical trials, demonstrating superiority to standard care. Addressing limitations involving physician adoption, perpetuating bias, data security, and regulation is also important. Critical future directions for both ML and DL include multimodal data integration, model interpretation, and prospective validation in diverse real-world populations. Future works should investigate the following topics:
· Multimodal data integration: Recent studies have started integrating data from different sources to get a more comprehensive view of AF. However, most works still rely on a single data modality like ECG. Incorporating additional sources like lab tests or wearable data could facilitate holistic analysis, especially for complex conditions like AF. A multimodal perspective better resembles real-world physician evaluation integrating multiple information types.
· Model interpretation: Only a few studies have incorporated explainable AI (XAI) techniques (Jo et al., 2021; Mousavi et al., 2020). Incorporating explainable AI is critical to increasing physician trust and adoption. By explaining the model's predictions, physicians can better understand how the model arrived at its diagnosis and make more informed decisions about patient care.  This could accelerate the implementation of AI tools in clinical practice.
· Uncertainty quantification: Assessing prediction uncertainty is an emerging priority in AI (Begoli et al., 2019). Such techniques are vital to gauge model reliability and confidence in clinical settings. Uncertainty quantification can also help to identify areas where the model may require further improvement or optimization. In AF research, only one study has integrated uncertainty quantification techniques (B. Chen et al., 2022). Given uncertainty quantification's success in other healthcare fields (Seoni et al., 2023), research should focus on integrating uncertainty more in AF analysis.
· Data security and regulatory: Effectively addressing limitations pertaining of AI, such as physician acceptance, bias of the model, data security, and compliance, remains important to maximize its benefits. Data security is a critical focus area to safeguard patient data from unauthorized access or misuse. Additionally, regulatory considerations must be addressed to ensure that AI models adhere to the requisite legal and ethical standards.
· Multi-centric studies: To establish robustness and generalizability, it is essential to validate models using diverse datasets and populations. AI models need to undergo training and testing on a wide range of data to reduce bias and guarantee their effectiveness across different demographics. Conducting multi-center studies would provide additional validation of their performance.
· Types of processed signals: A heightened emphasis on and the utilization of a diverse range of signals, extending beyond ECG to include HRV and PPG, can significantly enhance diagnostic insights while concurrently reducing data bandwidth and technical complexity. HRV, for instance, offers invaluable information regarding the impact of AF on cardiovascular health and streamlines data management due to its lower complexity compared to ECG. PPG, equipped with continuous monitoring capabilities, excels in detecting intermittent AF episodes and is associated with more straightforward data acquisition and processing. The incorporation of HRV and PPG in AF analysis not only increases accessibility but also aligns with the shift toward patient-centric and data-efficient healthcare approaches, making it more patient-friendly and suitable for remote monitoring.
Figure 9 summarizes the challenges associated with AF detection through AI models and highlights potential future developments that can enhance AF analysis in healthcare. This underscores the ongoing efforts to leverage AI for improved AF analysis and the hurdles that need to be addressed in the process. 
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Figure 9. Future works and challenges of the AF analysis using AI models in healthcare. 

Overall, the works reported in this review demonstrate promise for automated AF screening and diagnosis using AI techniques. AF prediction is more critical than detection since predicting AF onset allows for earlier interventions that can significantly improve outcomes and reduce complications. Both ML and DL have advantages that can be combined in novel ways to further improve AF management while enabling model explanations. Wearable sensors coupled with AI algorithms show potential for accessible and scalable AF monitoring outside clinical settings. Figure 10 proposes a cloud-based solution for secure integrated AF detection using wearable signals.
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Figure 10. AI-based system for AF screening utilizing a wearable device. A smartwatch captures PPG, HRV, or ECG signals, which are then processed using AI algorithms and transmitted to the cloud. The obtained results are subsequently shared with the user and clinician, providing decision support for AF management.

Conclusion
In conclusion, this systematic review analyzed the application of AI techniques for automated AF detection, prediction, and treatment selection from 2013-2023. Both ML and DL approaches show promise in analyzing ECG, PPG, and other data sources for accurate AF screening. In particular, DL methods have achieved expert-level accuracy by directly learning representations from raw data like ECG waveforms. While great progress has been made, further research is still needed to fully address important clinical needs. Improving model interpretability and reliability assessments on diverse populations through techniques like uncertainty quantification and explainable AI will be crucial to facilitating regulatory approval and physician adoption. Larger prospective outcome studies are also warranted to fully validate AI-assisted diagnosis and management.
Portable sensor technologies integrated with AI show promise for enabling ubiquitous AF monitoring. However, more work is required to standardize data acquisition across settings and enhance data security precautions. Combining ECG with additional data modalities through multimodal modeling is proving valuable and warrants further exploration to provide more comprehensive assessments. Overall, this review demonstrates the considerable potential for AI in improving AF evaluation and management across the care continuum.
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Appendix

Table A1: Summary of studies on AI methods for AF detection.

	Author, year
	Data type
	Method
	Findings
	Results

	(Brüser et al., 2013)
	Ballistocardiograms and ECG
	ML
	Automatic detection of AF from cardiac vibrations recorded by unobtrusive bedside sensors as a screening and monitoring tool for home healthcare.
	Sensitivity: 93.8%; Specificity: 98.2%

	(Lee et al., 2013)
	ECG
	ML
	Automatic detection of AF from ECG recordings using time-varying coherence functions
	Sensitivity: 91.1%; Specificity: 89.7%

	(Mateo & Joaquín Rieta, 2013)
	ECG
	ML
	To develop an efficient method for the cancellation of QRST complexes in AF ECG recordings using RBFNNs
	Cross-correlation (CC) 0.95; mean square error (MSE): 0.311

	(Navoret et al., 2013)
	ECG
	ML
	Utilizing recurrence quantification analysis, an automated method was developed for the detection of complex fractionated atrial electrograms from ECG recordings.
	Accuracy of 80% for both SVM and KNN classifiers

	(Daqrouq et al., 2014)
	ECG
	ML
	A new approach for extracting features from AF was introduced, based on the average framing percentage energy (AFE) derived from the terminal wavelet packet transform (WPT) subsignals.
	Accuracy: 97.9%.

	(Schaefer et al., 2014)
	ECG
	ML
	A software-assisted ECG approach that can improve the detection of paroxysmal AF
	Sensitivity: 99.2%; Specificity: 99.2%

	(Asgari et al., 2015)
	ECG
	ML
	A novel method for automatic AF detection.
	Sensitivity: 97%; Specificity: 97.1%

	(Abdul-Kadir et al., 2016)
	ECG
	ML
	Feature extraction based on second-order dynamic system and a ML method to provide higher accuracy in recognizing AF.
	Accuracy: 95.3%

	(Orchard et al., 2016)
	ECG
	ML
	Evaluation of feasibility of using a smartphone ECG to screen for AF during influenza vaccinations by primary care nurses
	Sensitivity: 95%; Specificity: 99%

	(Piekarski et al., 2016)
	free-breathing radial cardiovascular magnetic resonance (CMR) cine images
	ML
	Automatic classification of regular/irregular cardiac cycles and common arrhythmia patterns in AF and PVC using self-gated cardiac cine CMR with compressed sensing reconstruction.
	Sensitivity: 93%; Specificity: 95%; Accuracy: 94% 

	(Nickelsen et al., 2017)
	ECG
	ML
	A semi-automatic software to detect AF in patients with AIS or TIA
	Negative predictive value (NPV): 99%; Sensitivity: 94%

	(Hurnanen et al., 2017)
	Seismocardiogram
	ML & DL
	A novel hybrid method to detect AF for the analysis of seismocardiograms
	True positive rate (TPP): 99.9%; True negative rate (TNR): 96.4%

	(Stergiou et al., 2018) 2018
	Ambulatory blood pressure monitoring and ECG
	ML
	Comparison of the accuracy of AF detection using ABPM and ECG
	Sensitivity: 93%; Specificity: 87%; Accuracy: 88% 

	(Lahdenoja et al., 2018)
	Accelerometer,  Gyroscope, ECG
	ML
	Feature extraction, analysis and classification results for an AF detection system using standard mobile ECG during validation.
	Sensitivity: 93.8%; Specificity: 100%; Accuracy: 97.4% 

	(Pourbabaee et al., 2018)
	ECG
	DL
	A deep convolutional neural network for identifying AF patients.
	Sensitivity: 90.2%; Accuracy: 91%

	(Cao et al., 2019)
	ECG
	DL
	An enhanced residual convolutional neural network, incorporating improved multi-scale decomposition, was proposed for the detection of AF.
	Accuracy: 92.1%; F1score: 89.9%

	(Z. Li et al., 2019)
	ECG
	DL
	A CNN-SVM method for recurrence classification in AF patients.
	Sensitivity: 88%; Specificity: 96%; Accuracy: 96% 

	(Mehrang et al., 2019)
	Smartphone mechanocardiography (sMCG) and ECG
	ML
	Self-Applied Smartphone Mechanocardiography for AF and comparison with ECG-derived labels
	Sensitivity: 97.6%; Specificity: 96.2% 

	(Kong et al., 2019)
	ECG
	ML
	Risk prediction models for AF were evaluated using data from the Multi-Ethnic Study of Atherosclerosis.
	Accuracy: 98.1%

	(Dörr et al., 2019)
	PPG
	ML
	The WATCH AF (SmartWATCHes for Detection of AF) trial detecting AF via smartwatch PPG signals compared to cardiologist ECG diagnosis.
	Sensitivity: 93.7%; Specificity: 
98.2%; Accuracy: 96.1%

	(Fernández-Ruiz, 2019)
	ECG
	DL
	A ML classifier to diagnose AF from ECG recordings
	Area under the receiver operating curve (AUC): 0.97

	(Hartikainen et al., 2019)
	ECG
	ML
	The specificity, sensitivity, accuracy of the chest strap ECG were assessed for detecting AF.
	Sensitivity: 95.3%; Specificity: 95.5%

	(Kalidas & Tamil, 2019)
	ECG
	ML
	A robust automated technique, combining discrete-state Markov models and Random Forests, was developed for the detection of AF episodes in single-lead ECG signals.
	Sensitivity: 97.4%; Specificity: 98.6%

	(H. T. Li et al., 2019)
	ECG
	ML
	A lightweight ensemble extreme learning machine engine, operating in the eigenspace domain, was designed for compressed learning of AF detection.
	Accuracy: 61.9%

	(Pérez-Valero et al., 2019)
	ECG
	ML
	Automatic detection of AF from ECG recordings using SRQA
	Sensitivity: 97.9%; Specificity; 97.6%

	(Wasserlauf et al., 2019)
	PPG
	DL
	A CNN for AF detection using heart rate, activity, and Apple Watch/KardiaBand ECGs validated with simultaneous insertable cardiac monitor recordings.
	Sensitivity: 83.3%; Positive
predictive value (PPV): 39.9%.

	(E. Chen et al., 2020)
	ECG+PPG
	ML
	ML model for the AF detection using PPG and single-ECG acquired with a smart wristband device
	Accuracy: 94.7%

	(Cheng et al., 2020)
	PPG
	DL
	A time-frequency analysis with DL model for the AF detection based on PPG
	Sensitivity: 98.2%; Specificity: 
98%; Accuracy: 98.1%

	Jo et al., 2021)
	ECG
	DL
	Explainable DL model detected AF using ECG
	AUC: 0.99

	(Agliari et al., 2020)
	ECG
	DL
	Aim of the study is to develop a neural network that detects cardiac pathologies from HRV time series and related markers
	Accuracy: 85%

	(Alhusseini et al., 2020)
	Intracardiac ECG
	DL
	A ML classifier to classify intracardiac electrical patterns during AF
	Accuracy: 95%

	(Baalman et al., 2020)
	ECG
	DL
	A deep learning model based on morphological features, along with an explainability model, was developed to differentiate atrial fibrillation (AF) from sinus rhythm.
	Accuracy: 96%; F1-score: 94%

	(Bashar et al., 2020)
	ECG
	ML
	A novel automated two-step algorithm detecting AF from ICU patient ECG signals.
	Sensitivity: 100%; Specificity: 98%; Accuracy: 98.9%

	(Buscema et al., 2020)
	ECG
	DL
	A new classifier for AF detection from ECG recordings.
	Accuracy: 95%

	(Cai et al., 2020)
	ECG
	DL
	A novel high-accuracy method for AF detection using deep learning.
	Sensitivity: 99.1%; Specificity: 99.4%; Accuracy: 99.3%

	(Eerikainen et al., 2020)
	PPG
	ML
	The objective was to develop a model classifying AF, AFL, and sinus rhythm with/without beats using daily wrist PPG and acceleration data.
	Sensitivity: 97.6%; Specificity: 98.2%

	(Huang et al., 2021)
	ECG
	ML
	ML model to detect Paroxysmal AF with ECG restitution
	AUC: 0.836

	(Kwon et al., 2020)
	PPG
	DL
	Assessment of a ring-type wearable device to detect AF using PPG signals
	Sensitivity: 99%; Specificity: 94.3%; Accuracy: 96.9%

	(Lai et al., 2020)
	ECG
	DL
	A non-standardized single-lead ECG monitoring approach, combining a deep learning algorithm with a modified patch-based ECG lead, was developed for automated AF detection.
	Sensitivity: 93.1%; Specificity: 93.4%; Accuracy: 93.1%

	(Lown et al., 2020)
	RR intervals from ECG
	ML
	An inexpensive wearable heart rate monitor, coupled with a machine learning algorithm, was created for AF detection.
	Sensitivity: 99.2%; Specificity: 99.5%

	(Mousavi et al., 2020)
	ECG
	DL
	HAN-ECG, an interpretable bidirectional-recurrent-neural-network, was proposed for the task of AF detection.
	Sensitivity: 99.1%; Specificity: 
98.5%; Accuracy: 98.8%

	(Ribeiro et al., 2020)
	ECG
	DL
	A DNN model for automatic classification of six types of ECG abnormalities (dataset S12L-ECG).
	F1-scores: 80%; Specificity: 99%.

	(Shi et al., 2020)
	ECG
	DL
	An incremental learning system for the AF detection from ECG recordings.
	Sensitivity: 97.4%; Accuracy: 87.4%

	(Yan et al., 2020)
	Facial photoplethysmography
	DL
	A high-throughput, contact-free method for detecting AF from video recordings
	Sensitivity: 100%; Specificity: 85%

	(Zalabarria et al., 2020)
	Arterial pulse wave signal
	ML
	An AF diagnosis algorithm processing parameters extracted from short heart period measures.
	Sensitivity: 97.5%; Specificity: 90.1%

	(Rad et al., 2021)
	ECG
	ML
	An algorithm crowdsourcing approach for AF detection in outpatient electrocardiogram monitoring
	Sensitivity: 93%; Specificity: 97%; F1-score: 90%

	(Yao et al., 2021)
	ECG
	ML
	Building infrastructure for digital trials to improve efficiency, generalizability and testing an AI algorithm validating AF detection.
	Sensitivity: 79%; Specificity: 79.5%; Accuracy: 79.4%

	(Baek et al., 2021)
	ECG
	DL
	A deep learning-based algorithm was introduced for identifying AF during normal sinus rhythm, utilizing 12-lead ECG findings.
	Sensitivity: 82%; Specificity: 78%; Accuracy: 72.8%

	(Bashar et al., 2020)
	ECG
	ML
	A novel machine learning method, based on density Poincaré plots, was developed for detecting AF from premature atrial contractions/premature ventricular contractions (PAC/PVCs) using ECG recordings.
	Sensitivity: 98.9%; Specificity: 95.1%; Accuracy: 97.4%

	(Cámara-Vázquez et al., 2021)
	ECG imaging
	DL
	A non-invasive method for estimating the position of the AF driver from body surface potentials
	Accuracy: 75%

	(X. Chen et al., 2021)
	ECG
	DL
	An automated system was designed for the early detection and treatment of AF.
	Accuracy: 98.92%, a specificity of 97.04%, a sensitivity of 97.19%

	(Denas et al., 2021)
	Blood pressure
	DL
	Assessment of incidence rate of AF using an automated AF-detection using a sphygmomanometer
	Sensitivity: 98%; Specificity: 92%

	(Gahungu et al., 2021)
	ECG
	DL
	This feasibility study shows potential utility of an AI to achieve automated detection of AF during polysomnographic studies
	Sensitivity: 100%; Specificity: 76%

	(García-Isla et al., 2021)
	ECG
	ML
	A ML classifier to detect premature atrial and ventricular complexes from ECG recordings
	Sensitivity: 99.2%; Specificity: 95.8%

	(Ivaturi et al., 2021)
	ECG
	DL
	A post-hoc framework for explainability was introduced, specifically for deep learning models applied to the classification of quasi-periodic biomedical time-series.
	The accuracy so obtained is 84.38

	(M. Jiang et al., 2021)
	ECG
	DL
	A hybrid deep learning network, incorporating attention mechanisms, was developed for the automated classification of arrhythmias.
	Sensitivity: 85.9%; Accuracy: 86.7%; F1-score: 88%

	(Keidar et al., 2021)
	ECG
	ML
	A novel technique called regularogram was proposed to visualize and quantify irregular heart rate irregularities
	Accuracy: 99.9%

	(X. Li et al., 2021)
	ECG
	ML
	A novel ECG classification framework differentiating fibrillation organization levels guidable for AF mechanism-directed treatments.
	Sensitivity: 75%; Specificity: 80%; Accuracy: 78%

	(Mittal et al., 2021)
	ECG
	DL
	A 2-part AI filter to improve the accuracy of AF detection by and implantable loop recorder
	Sensitivity: 98.1%; Specificity: 66.4% 

	(Mousavi et al., 2021)
	ECG
	DL
	A hierarchical attention network used for the detection and interpretation of AF
	Accuracy: 97%

	(Radhakrishnan et al., 2021)
	ECG
	DL
	A DL classifier to automate the detection of AF from ECG recordings
	Sensitivity: 99.1%; Specificity: 99.1%

	(Rahul & Sharma, 2022)
	ECG
	DL
	An AI approach utilizing normalized and short-duration time-frequency ECG data was employed for AF detection.
	Accuracy: 98.8%

	(Rouhi et al., 2021)
	ECG
	ML
	A feature-based model for AF detection from ECG recordings.
	F-score: 74.6%

	(Salinas-Martínez et al., 2021)
	ECG
	DL
	A convolutional neural network approach was utilized for the automatic detection of brief AF episodes, based on electrocardiomatrix-images.
	Sensitivity: 97.4%

	(Seo et al., 2021)
	ECG
	DL
	A deep learning-based algorithm for AF detection, employing a residual neural network, was tested on three PhysioNet databases.
	Accuracy: 98%

	(Weimann & Conrad, 2021)
	ECG
	DL
	Utilizing transfer learning to improve convolutional neural networks classifying heart rhythm from short ECG recordings.
	F1-score: 77.9%

	(O. Zhang et al., 2021)
	PPG
	DL
	A novel explanatory metrics leveraging domain expertise to validate a deep learning model.
	Sensitivity: 99.4%; Specificity: 97.9%; Accuracy: 98.9% 

	(Buś et al., 2022)
	ECG and HRV
	ML
	The minimum redundancy maximum relevance (MRMR) algorithm was employed to select a minimal set of heart variability parameters for AF detection.
	Accuracy: 97.2%

	(B. Chen et al., 2022)
	ECG
	DL
	A deep approach for AF detection and estimating uncertainty in predictions.
	F1-score: 67%

	(Christopoulos et al., 2022)
	ECG
	DL
	Characterizing temporal ECG trend for AF detection using probability trend around initial AF episode.
	C statistics: 0.69

	(Diamant et al., 2022)
	ECG
	DL
	Comparison between patient contrastive learning and DL for AF
	F1-score: 68%

	(Domazetoski et al., 2022)
	ECG
	ML
	XGBoost classifier in the presence of AF
	Sensitivity: 86.4%; Specificity: 95.9%; Accuracy: 93.6% 

	(Duan et al., 2022)
	ECG and R-R Interval
	ML
	Detection of AF event using the probability density of R-R intervals from ECG
	Sensitivity: 98.4%; Specificity: 98.4%

	(Fiorina et al., 2022)
	ECG
	DL
	An AI-based Holter analysis platform using deep neural networks for AF detection compared to conventional clinical routine in detecting a major rhythm abnormality.
	Sensitivity: 98%; Specificity: 91%

	(Fuadah & Lim, 2022)
	ECG
	ML
	A DL classifier to optimally classify AF and congestive heart failure from ECG recordings
	Accuracy: 97%

	(Golovchiner et al., 2022)
	Speech signals
	ML & DL
	Evaluation of the usefulness of vocal features analysis for the detection of AF
	Sensitivity: 95%; Specificity: 82%; 

	(K. He et al., 2022)
	ECG
	ML
	A machine learning classifier was developed to detect post-operative AF from single-lead ECG recordings.
	Accuracy: 80%

	(Kumar et al., 2022)
	ECG
	DL
	A novel hybrid model, combining deep learning and context-aware heuristics, was proposed for AF detection in ambulatory ECG data collected under free-living conditions.
	Sensitivity: 97.9%; Specificity: 98.3%; Accuracy: 98.1% 

	(Liao et al., 2022)
	PPG
	ML
	The impact of recording length and the presence of other arrhythmias on AF detection accuracy using smartwatches was evaluated.
	AUC: 0.9676

	(X. Liu et al., 2022)
	PPG
	DL
	Classification of multiclass arrhythmias from PPG signals using DL techniques.
	Sensitivity: 75.8%; Specificity: 96.9%; Accuracy: 85% 

	(S. Liu et al., 2022)
	EEG
	DL
	A robust and efficient multiscale grouped convolutional neural network method for clinical AF detection from ECGs.
	Accuracy: 95.9%

	(X. Liu et al., 2022)
	Facial videos
	DL
	A model for AF screening from facial videos addressing motion disturbances like head movements and expression changes.
	Accuracy: 90%

	(Luongo et al., 2022)
	ECG and RR interval
	ML
	Utilizing machine learning techniques, a single-lead ECG was employed to identify patients with AF-induced heart failure.
	Sensitivity: 91.4%; Specificity: 64.7%; Accuracy: 73.5% 

	 (Prabhakararao & Dandapat, 2022)
	ECG
	DL
	A multi-task deep convolutional neural network was developed for estimating AF burden from long-term ambulatory ECG recordings.
	Sensitivity: 96.5%; Specificity: 97.9%

	(Ríos-Muñoz et al., 2022)
	Endocardial electrograms (EGMs).
	DL
	A CNN-based approach to detect AF starting from endocardial electrograms (EGMs).
	Matthews correlation coefficient: 0.680,

	(Ukil et al., 2022)
	ECG
	DL
	An intelligence-embedded single lead ECG sensor (AFSense-ECG) for the AF detection
	F1-score: 86.1%

	(Wesselius et al., 2022)
	ECG
	ML
	A method for the efficient and accurate training of classifiers for AF detection in ECGs
	F1-score: 89% 

	(H. Wu et al., 2022)
	ECG
	DL
	A fully automated online ECG digitization tool converting scanned paper ECGs into digital signals.
	Correlation coefficient: 0.96

	(Xiong et al., 2022)
	ECG
	DL
	An open-source deep learning framework was introduced for automatic AF detection, utilizing the largest publicly available single-lead ECG dataset obtained through a mobile Kardia device. The framework incorporated style transfer-driven data augmentation.
	F1 score of 96.4%

	(M. U. Yang et al., 2022)
	ECG
	DL
	This study proposed a component-aware transformer that segments the ECG into components and utilizes vectorization with length/type data as input for the transformer model.
	Sensitivity: 92.9%; Specificity: 92.6%

	(Yu et al., 2022)
	ECG
	DL
	A two-channel convolutional neural network, coupled with data augmentation, was suggested for detecting AF from short single-lead ECG recordings.
	Sensitivity: 82.5%; Specificity: 90.9%; Accuracy: 93.1%

	(P. Zhang et al., 2022)
	ECG
	DL
	A novel semi-supervised learning method for paroxysmal AF detection in 24h Holter data using modified low-entropy unlabeled sample labels to train a deep learning model.
	Sensitivity: 97.8%; Specificity: 97.9%; Accuracy: 97.9%

	(Akerman et al., 2023)	Echocardiogram video
	DL
	Applied CNN to analyze a single apical 4-chamber echocardiogram video clip to detect AF
	Sensitivity: 87.8%; Specificity: 81.9%

	(Aldughayfiq et al., 2023)	ECG, PPG
	DL
	1D CNN and BiLSTM model for AF classification using multi-feature time series data from ECG and PPG. CNN captures local patterns and BiLSTM models the temporal dependencies.
	Accuracy of 95%; Sensitivity: 85%

	(Bedi et al., 2023)	ECG, PPG
	DL
	Smartwatches use pulse waves and deep neural network algorithms through optical sensors for real-time recording and analysis of heart rate and rhythm to help detect atrial fibrillation.
	Sensitivity: 41% 

	(Gupta et al., 2023)
	ECG
	ML
	A new hybrid approach for automatic ECG classification using local mean decomposition and ensemble boosted trees classifier.
	Accuracy: 92.3%

	(Asadi et al., 2023)
	ECG
	DL
	A certified generative adversarial network and neural architecture search for accurate paroxysmal AF detection.
	Accuracy: 99%

	(Bachi et al., 2023)
	ECG
	ML & DL
	An ECG simulator modeling arrhythmias and noise by introducing time-varying signal characteristics.
	Sensitivity: 99%; Positive predicted value (PPV): 4.6%

	(Biton et al., 2023)
	ECG
	DL
	Generalizable and robust DL algorithm for the detection of AF from ECG recordings
	Sensitivity: 93%; Specificity: 96%

	(B. Chen et al., 2023)
	ECG
	DL
	A DL model to classify AF in critically ill patients
	Sensitivity of 84%; Specificity of 89%

	(Ding et al., 2023)	PPG
	DL
	GAN for PPG signal augmentation to tackle class imbalance problem in training data. Integrates spectral information into GAN's loss function.
	Accuracy: 96%; Sensitivity: 92%

	(Fang et al., 2023)
	ECG
	DL
	A dual-channel neural network architecture was proposed for AF detection using single-lead ECG waveforms.
	F1-score: 83%

	(Gunduz, 2019)	ECG
	ML & DL
	P waves and RR interval differences are extracted from ECG data and used as input to a BiLSTM network
	Accuracy: 87.6%

	(Hennings et al., 2023)	ECG
	DL
	Comparison between AF burden assessment performed manually by physicians and an AI-based tool in Holter ECG recording
	Correlation: 100%

	(Kudo et al., 2023)
	PPG
	DL
	A training pipeline for a CNN classifier to detect AF from PPG signals
	Accuracy: 87%

	(Kumar et al., 2023)	ECG
	DL
	CNN + LSTM layer  and analysis of false positive cases detected by the network
	Sensitivity: 96.6%

	(Laghari et al., 2023)	ECG
	DL
	Residual dense network based on bidirectional recurrent neural network (RNN)
	Accuracy: 97.7%; Sensitivity: 93.1%; Specificity: 98.7%

	(Ma & Xia, 2023)
	ECG
	DL
	An AF detection algorithm based on a graph convolution network, named AF-GCN, was introduced.
	Sensitivity: 99%; Specificity: 99%

	(Mandala et al., 2023)	ECG
	ML
	Effects of Daubechies wavelet basis function and decomposition level on AF detection performance when features were wavelet coefficients.
	Accuracy: 94.1%; Sensitivity: 97.5%

	(Mannhart et al., 2023)	ECG
	DL
	Compared performance of manufacturers' algorithms and DL-based algorithm using five smart devices. DL algorithm significantly reduced inconclusive readings while maintaining high accuracy.
	Accuracy: 98%

	(Parmar et al., 2023)
	ECG and PPG
	DL
	An end-to-end edge-enabled machine learning-based VLSI (Very Large Scale Integration) architecture was proposed for classifying ECG excerpts as either with or without AF.
	Accuracy: 92.3%

	(Q. Zhang et al., 2023)
	ECG
	DL
	CNNs and LSTMs to detect AF episodes from 24-hour Holter monitoring RR interval data for automatic screening.
	Sensitivity: 99%; Specificity: 98.5%




Table A2: Summary of studies on AI methods for treatment selection and risk stratification

	Author, year
	Data type
	Method
	Findings
	Results

	(Moss et al., 2017),
	ECG
	ML
	Evaluation of new-onset AF association with outcomes including ICU length of stay and survival.
	C-statistic: 0.71

	(Yue et al., 2019)
	Clinical data
	ML
	Comparative transcriptome analysis was conducted to identify genes that exhibit differential expression in AF patients treated with colchicine compared to those not treated with colchicine.
	Accuracy: 98.7%

	(Hill et al., 2020)
	ECG
	ML
	Evaluation of the effectiveness of the PULsE-AI algorithm in identifying undiagnosed AF patients.
	Sensitivity: 75%

	(Pereira et al., 2020)
	PPG, ECG
	ML
	Explainability metrics were employed to assess the quality of photoplethysmography using deep convolutional networks.
	0.9477 accuracy

	(Tse, Zhou, et al., 2020)
	Cardiac ultrasound imaging
	ML & DL
	A machine learning approach was utilized to stratify the risk of adverse outcomes in heart failure patients with a left ventricular ejection fraction ≤45%.
	Sensitivity: 88.1%; F1-score: 91%

	(M. Yang et al., 2020)
	ECG
	ML
	AI model to assist in the analysis of the association between exposure to PM2.5 and the incidence of arrhythmias
	Sensitivity: 94.1%; Specificity: 94.3%

	(Ahmad et al., 2021)
	ECG
	ML
	AI-enabled electrocardiogram (AI-ECG) for investigation about the association between coronary microvascular dysfunction (CMD) and the risk of AF
	Sensitivity: 82.3%; Specificity: 83.4%

	(Z. Wu et al., 2021)
	Clinical data
	ML
	A machine learning model utilizing survival conditional inference trees was optimized to study the prognosis of cardiovascular disease
	Accuracy: 87.9%

	(C. Han et al., 2022)
	ECG
	ML & DL
	An artificial intelligence-enabled ECG algorithm was employed to evaluate the risk of paroxysmal atrial fibrillation (AF) in noncardioembolic ischemic stroke.
	Accuracy: 99%

	(Weil et al., 2022)
	ECG
	DL
	A deep learning model was capable of identifying patients at risk of AF within two weeks following a 24-hour ambulatory ECG, even in the absence of documented AF.
	Odds ratio (OR): 4.61

	(Noseworthy et al., 2022)
	ECG
	ML & DL
	An AI algorithm was utilized to detect AF from ECGs and classify patients into high-risk or low-risk groups.
	Odds ratio (OR): 4.98

	(Barrett et al., 2023)	Clinical data
	ML & DL
	AI framework that integrated unsupervised learning to identify clinically meaningful patient clusters, then fitted a Q-table to select optimal treatment using reinforcement learning.
	Agreement with treatment selections by Q-table was associated with fewer deaths and longer time to event.

	(Giskes et al., 2023)
	Clinical data
	DL
	To assess whether AF self-screening stations in general practice waiting rooms improve AF screening, diagnosis, and stroke risk management.
	AF self-screening
stations improved AF screening

	(J. He et al., 2023)
	ECG
	ML
	This study aims to explore the possibility of other AF risk predictors.
	Sensitivity: 55.7%; Specificity: 64.8%; Accuracy: 60.4%

	(J. Jiang et al., 2023)
	Clinical data
	ML
	A retrospective cohort study with a control group employed a machine learning-based analysis to examine risk factors for AF recurrence after the Cox-Maze IV procedure in patients with AF and chronic valvular disease.
	AUC: 0.768

	(Ngufor et al., 2023)
	Clinical data
	ML
	Identifying treatment heterogeneity in AF using a novel causal machine learning method.
	ML identified patient subgroup characterizing the head-to-head treatment effects

	(Pieszko et al., 2023)	Clinical data
	ML
	Developed an AI model (LAT-AI) to predict left atrial appendage thrombus based on clinical features
	AUC: 0.81

	(Saarinen et al., 2023)	ECG, PPG
	ML
	Validation of a wrist-worn device combining PPG and ECG for AF detection in an outpatient setting. PPG segments and ECG records were compared to Holter ECG annotations.
	Sensitivity: 95.6%; Specificity: 99.2%

	(Tran et al., 2023)
	ECG
	DL
	An innovative deep learning method was developed to detect false AF alerts from smartwatches, which can be linked to reduced perceived physical well-being and confidence in managing chronic symptoms.
	DL approach reduced the number of false positive alerts by 83%






Table A3: Summary of studies on AI methods for AF prediction

	Author, year
	Data type
	Method
	Findings
	Results

	(Boon et al., 2016)
	ECG
	DL
	A deep neural network demonstrated the ability to predict new-onset AF from resting 12-lead ECG, providing potential assistance in identifying individuals at risk of AF-related stroke.
	Accuracy: 80%

	(Oto et al., 2017)
	ECG
	DL
	Predictors of sinus rhythm restoration following electrical cardioversion of AF were investigated.
	From data mining AUC ranged from 0.483 to 0.574

	(Boon et al., 2018)
	ECG
	ML
	A ML method for the prediction of the onset of paroxysmal AF, using HRV segments
	Accuracy: 87.7%

	(Ebrahimzadeh et al., 2018) 
	Electrical cardioversion
	ML
	Identification of predictors of sinus rhythm after electrical cardioversion of AF
	Sensitivity: 100%; Specificity: 95.5%; Accuracy: 98.2%

	(Attia et al., 2019)
	ECG
	ML
	A method to predict the paroxysmal AF, using shorter HRV signals.
	AUC: 0.90

	(Bashar, Ding, et al., 2021)	ECG
	ML
	SVM and RF were then trained on the combinations of linear, time-frequency, and nonlinear features from ECG signals,  to predict AF onset
	SVM 80% sensitivity, 100% specificity, 90% accuracy, while the RF achieved 88% AF prediction accuracy.

	(Christopoulos et al., 2022)
	ECG
	ML
	A ML approach that can accurately predict the onset of AF
	AUC: 0.87

	(Jalali & Lee, 2020)
	ECG
	DL
	Machine learning for a rapid, inexpensive, point-of-care means of identifying patients with AF.
	Sensitivity: 88.9%; Accuracy: 90.1%

	(Tse, Zhou, et al., 2020)
	ECG
	DL
	Aim of the study is to develop a ResNet classifier that can be used to predict AF from ECG recordings
	Accuracy: 84%; F-score: 0.84

	(Aquino et al., 2022)
	Data from ischemic stroke patients
	DL
	One-fifth of ischemic strokes are ESUS (embolic strokes of undetermined source).
	AUC: 0.86

	(Castro et al., 2021)
	ECG
	ML
	The study aims to develop a machine learning classifier to predict new-onset AF in patients with mitral stenosis.
	Precision: 93.2%

	(Melzi et al., 2021)
	Chest CT imaging
	ML & DL
	A deep learning model was developed to perform automatic segmentation and measurement of left atrial volumes using routine non-contrast computed tomography (NCCT) scans, enabling cardiovascular outcome prediction.
	AUC: 0.79

	(Parsi et al., 2021)
	ECG
	ML
	A methodology for paroxysmal AF prediction based on heart rate variability feature analysis.
	Sensitivity: 97.8%; Specificity: 91.1%; Accuracy: 95%

	(Saiz-Vivo et al., 2021)
	ECG
	ML & DL
	Artificial intelligence systems were employed for AF prediction from sinus-rhythm ECGs.
	Sensitivity: 76%; Specificity: 87%; Accuracy: 82%

	(Tzou et al., 2021)
	ECG
	ML
	Paroxysmal AF prediction was achieved through analysis of morphological variant P-waves using wideband ECG and deep learning techniques.
	Sensitivity: 81%; Specificity: 80%; Accuracy: 81%

	(Guo et al., 2021)
	Heart rate
	ML
	Machine learning algorithms were utilized to predict AF recurrence after catheter ablation.
	AUC: 0.94

	(Zelnick et al., 2021)
	ECG
	DL
	A DL-enabled method for AF risk prediction
	C-index: 0.67

	(Chang et al., 2022)
	Cardiac biomarker and clinical data
	ML
	A prediction model developed using ML methods for cardiovascular disorders
	Cases with a difference of more than 7 years showed a higher risk of all-cause mortality. Hazard ratio (HR): 1.61

	(Khurshid et al., 2022)
	ECG
	ML
	A ML classifier to predict mortality in elderly subjects who are screened for AF
	AUC: 0.80

	(Roney et al., 2022)
	MRI
	ML
	Machine learning methods were employed to complement biophysical simulations and encode greater interindividual variability, enabling the prediction of long-term AF recurrence after ablation in large cohorts.
	AUC: 0.85

	(Singh et al., 2022)
	ECG
	DL
	Short-term AF prediction was performed using a deep neural network trained on ambulatory ECG monitoring data.
	Sensitivity: 76%; Specificity: 78%; AUC: 0.79

	(Szymanski et al., 2022)
	ECG
	DL
	A DL model to predict AF using ECG-based and clinical risk factors
	Sensitivity: 51%; Specificity: 78%

	(Tang et al., 2022)
	ECG
	ML
	A ML classifier that can be used to predict the outcomes of AF ablation from ECG data.
	AUC: 0.73

	(Bifulco et al., 2023)	Cardiac MRI imaging
	ML
	Random forest classifiers and computational modeling to predict regions of atrial tissue that could sustain arrhythmias.
	AUC: 0.91

	(Baj et al., 2023)
	Medical cost information
	ML
	Investigation of an AF risk prediction algorithm with opportunistic screening in primary care and associated budget impact assessment.
	AUC: 0.80

	(Hygrell et al., 2023)
	ECG+ brain MRI
	ML & DL
	To investigate whether AI-enabled ECG assessment of AF risk predicts cognitive decline and cerebral infarcts.
	AUC: 0.80

	(Hughes et al., 2023)	ECG
	DL
	The CNN trained on ECGF data predicted 5-year risk of AF
	AUC: 0.75

	(Kao et al., 2023)
	ECG
	DL
	Comparison between the discrimination and calibration performance of the three classifiers
	AUC: 0.74

	(Jeon et al., 2023)	ECG
	DL
	Custom CNN architecture integrated within implantable cardiac monitors
	AUC: 0.827

	(Pipilas et al., 2023)	ECG
	DL
	CNN trained on ECG data to estimate 5-year AF risk, found ECG provided additional predictive value over clinical factors alone.
	AUC: 0.85

	(A. Raghunath et al., 2023)	ECG
	DL
	CNN model to predict AF events from sinus rhythm mobile ECGs obtained from the AliveCor KardiaMobile 6L device.
	AUC: 0.76; Sensitivity: 70.3%

	(Saglietto et al., 2023)	Clinical data
	ML
	Random forest classifier to predict 1-year risk of recurrent AF after ablation
	AUC: 0.721

	(Schnabel et al., 2023)	ECG
	DL
	CNN to predict AF within the next 31 days based on 12-channel ECG in sinus rhythm.
	AUC: 0.87

	(X. Wang et al., 2023)
	ECG
	DL
	Identification of Genetic Susceptibility to AF through DL Analysis of 12-Lead Electrocardiograms.
	Three generic markers have been identified as susceptible to AF

	(Tohyama et al., 2023)
	ECG
	DL
	A ML model that can be used to predict AF from ECG recordings
	C-statistic: 0.83



Table A4: Summary of studies on AI methods for the combination of two tasks (for AF prediction, AF detection and for treatment selection and risk stratification)

	Author, year
	Data type
	Method
	Findings
	Results

	(Desteghe et al., 2017)
	ECG
	ML
	Evaluation of handheld electrocardiogram devices' performance detecting AF in a cardiology and geriatric ward setting.
	Sensitivity: 78.9%; Specificity: 97.9%

	(Fan et al., 2018)
	ECG
	DL
	An MS-CNN model for AF classification using 5s ECG recordings, compared to shallow/VisualGeometry CNNs.
	Accuracy: 98.1%

	(Bundy et al., 2020)
	ECG
	ML
	Assessment of AF risk prediction models from the Multi-Ethnic Study of Atherosclerosis (MESA).
	C-statistic: 0.802

	(S. Raghunath et al., 2021)
	ECG
	DL
	A deep neural network model was developed to predict new-onset AF using resting 12-lead ECG data.
	AUC: 0.85

	(Biton et al., 2021)
	ECG
	DL
	This study aims to assess whether raw 12-lead ECG/clinical data combined are predictive of AF development.
	AUC: 0.84

	(Pujadas et al., 2022)
	ECG
	ML
	Machine learning models discriminating prevalent AF using image-derived radiomics phenotypes and ECG features.
	AUC: 0.88
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