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ABSTRACT: Atrial fibrillation (AF) is the most common cardiac arrhythmia and is associated with increased morbidity and
mortality. Early prediction of AF episodes remains a clinical challenge. This study aimed to generate physiopathological hypotheses
for AF onset by analyzing correlations among heart rate variability (HRV) parameters in patients monitored via long-term Holter
ECG. We utilized the IRIDIA-AF database, comprising 1319 paroxysmal AF episodes from 872 patients. An XGBoost machine
learning model was developed to predict AF onset within 24 h using short- and long-term HRV features, fragmentation indices, and
non-linear metrics extracted during sinus rhythm. Model interpretation was performed using SHapley Additive exPlanations (SHAP)
values, and dimensionality reduction techniques were applied for data visualization. The model achieved an area under the receiver
operating characteristic curve of 0.919 and an area under the precision-recall curve of 0.919, with high accuracy, sensitivity, and
specificity. Key predictive features included short-term vagal activity, HRV fragmentation indices, and non-linear parameters,
highlighting the role of the autonomic nervous system in AF initiation. Our findings suggest that distinct physiological profiles,
detectable via HRV, may underlie AF susceptibility and could inform personalized monitoring and prevention strategies.

Keywords: Atrial fibrillation; Machine learning; Onset prediction; Physiopathology; Heart rate variability; Heart rate fragmentation;
Non-linearities
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1. Introduction

Atrial fibrillation (AF) is the most common cardiac arrhythmia. Confirmation by an electrocardiogram (12-lead,
multiple, or single leads) is recommended to establish the diagnosis of clinical AF. The time period of AF required for
diagnosis on monitoring devices is unclear. A standard 12-lead ECG measures 10 s, while 30 s or more on single-lead
or multiple-lead ECG devices has generally been the consensus opinion, albeit with limited evidence [1]. More than
80% of patients with ischemic stroke have underlying AF, and the condition doubles the risk of mortality [2]. The
incidence of AF is rising over time. The number of affected patients is increasing more rapidly than the general
population [3]. According to a recent study, the global incidence of AF in 2019 was approximately 4.72 million new
cases per year, and the global prevalence was about 59.70 million cases in the world [4].

Recent advances in machine learning now make it possible to identify patients who are likely to experience AF
episodes while still in sinus rhythm, using techniques applied to the ECG signal [5]. This can be achieved either from
the raw ECG tracing or heart rate variability (HRV) parameters [6]. While the raw ECG signal itself does not provide
insights into the underlying pathophysiology, HRV reflects the activity of the autonomic nervous system (ANS) and
thus offers clues about the physiological mechanisms involved [7].

The aim of this study is to analyze the correlations between various HRV parameters in patients who are about to
experience an episode of AF within the next 24 h, as identified by Holter ECG monitoring. The goal is to generate
hypotheses regarding the factors that trigger AF episodes.

https://doi.org/10.70322/cvs.2025.10008
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2. Materials and Methods

This study builds upon data and findings from a recently published work [6]. We used the IRIDIA-AF database, a
curated repository of long-term ECG recordings with expert annotations of paroxysmal AF episodes. The dataset
includes 1319 annotated paroxysmal AF episodes from 872 patients. Each recording contains periods of sinus rhythm
and one or more episodes of AF. The annotation methodology has been described in detail in the original publication.

For this work, we selected 835 AF episodes of at least 5 min, preceded by at least 60 min of sinus rhythm during
the first hour, followed by at least 10 min of sinus rhythm. An XGBoost model was developed to predict the onset of
AF episodes within 24 h, using 46 HRV parameters extracted from the first hour of sinus rhythm. The complete list of
parameters is provided in the supplementary materials.

To interpret the contribution of each feature to the model’s predictions, we used SHapley Additive exPlanations
(SHAP) scores [8]. SHAP breaks down the model output into the additive impact of each feature, providing a transparent
interpretation of the machine learning model’s decision-making process. To uncover redundant information and guide
feature reduction, we computed the pairwise Spearman rank-order correlation coefficients among all transformed HRV
metrics. This method was selected due to its suitability for capturing non-linear and monotonic relationships frequently
observed in HRV data. Before calculating the correlations, all feature values were transformed into their absolute values to
minimize the influence of outliers and emphasize the strength of association between variables, regardless of directionality.

Three widely used dimensionality reduction techniques were applied: Principal Component Analysis (PCA),
Uniform Manifold Approximation and Projection (UMAP) and t-distributed stochastic neighbor embedding (t_ SNE)
[9-11]. Those methods enable the visualization of high-dimensional data in a lower-dimensional space. On the one
hand, we used PCA to provide a linear reduction of the dimensionality of the data. On the other hand, we employed
UMAP and t-SNE to capture non-linear relationships and uncover more complex hidden structures in the data.

As the HRV must be calculated based on the sinus rhythm, cubic spline interpolation was used in cases of premature
atrial complexes (PACs) [12].

3. Results

The XGBoost model using the 46 HRV parameters as input features achieved an area under the receiver operating
characteristic curve (AUROC) of 0.919 (95% CI: 0.879—0.958) and an area under the precision-recall curve (AUPRC)
0f 0.919 (95% CI: 0.879-0.958). Using a threshold of 0.5, the model yielded an overall accuracy of 84.5% (95% CI:
81.2-87.8), a sensitivity of 83.0% (95% CI: 79.5-86.4), and a specificity of 86.6% (95% CI: 79.3-93.9). The positive
predictive value (PPV) was 90.2% (95% CI: 85.5-94.9), the negative predictive value (NPV) was 78.4% (95% CI:
74.7-82.1), and the F1 score was 86.2% (95% CI: 83.5-89.0) for the entire patient cohort.

According to SHAP value analysis, the most influential features in our XGB model were, in decreasing order of
importance: RMSSD (root mean square of successive differences); PAS (percentage of alternating segments); SODP
Q1 (number of RR interval differences in the first quadrant of the SODP (second order difference plot)); SODP CTM100
(proportion of SODP points within a circle of radius 100 ms centered at the origin, CTM: central tendency measure);
and SD1/SD2, the ratio of SD1 (standard deviation perpendicular to the line of identity) to SD2 (standard deviation
along the line of identity) derived from the Poincaré plot (Figures 1 and 2). These were followed by 41 additional
dependent variables with progressively lower contributions to the model’s predictions.
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Figure 1. SHAP analysis results: top 5 features ranking. RMSSD (root mean square of successive differences); PAS (percentage
of alternating segments); SODP Q1 (points in first quadrant of second-order difference plot); SODP CTM100 (points within 100-
ms radius circle at origin); SD1/SD2 (Poincaré plot ratio).
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Heatmap of Absolute Spearman Correlation Matrix
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Figure 2. Heatmap of the absolute Spearman correlation matrix between heart rate variability (HRV) parameters.This heatmap
illustrates the absolute values of Spearman rank correlation coefficients calculated between all pairs of HRV parameters. By taking
the absolute values of the correlation coefficients, both positive and negative monotonic associations are treated equally, allowing
for a clearer visualization of the overall strength of inter-parameter relationships, irrespective of directionality. The color scale
reflects the magnitude of the correlation, with darker shades of red indicating stronger associations. The different 46 HRV
parameters are detailed in the supplementary materials.

The 2-dimensional PCA plot presented in Figure 3 shows the distribution of data across the first two principal
components, PC1 and PC2. It illustrates a broad spread of data points across both axes.
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PCA — Linear Structure
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Figure 3. Two-dimensional PCA projection of the HRV parameter correlation matrix. Each point represents a feature used in the
model, positioned based on its linear relationship with others. The x-axis and y-axis correspond to the first and second principal
components (PC1 and PC2), which capture the greatest data variance. Five key features, RMSSD, PAS, SODP Ql,
SODP_CTM 100, and SD1 SD2 ratio, are highlighted with red crosses. RMSSD (root mean square of successive differences);
PAS (percentage of alternating segments); SODP Q1 (points in first quadrant of second-order difference plot); SODP CTM100
(points within 100-ms radius circle at origin); SD1/SD2 (Poincaré plot ratio).

In contrast, the 2-dimensional UMAP and t SNE plots presented in Figures 4 and 5 show a more pronounced
structure in the data. We can observe several distinct regions, indicating the presence of groups that are spatially
separated within the feature space. It was able to uncover complex relationships that PCA has missed. This separation
of data points suggests that HRV features could capture different physiologic profiles, possibly corresponding to

different physiologic mechanisms.
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UMAP — Global Nonlinear Structure
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Figure 4. Two-dimensional UMAP projection of the HRV feature correlation matrix. Each dot represents a feature, mapped based
on its non-linear similarity to others. The x-axis and y-axis correspond to the first and second UMAP components, which preserve
the global structure of the original high-dimensional data. Key predictors, RMSSD, PAS, SODP_Q1, SODP_CTM_100, and
SD1 SD2 ratio, are marked with red crosses, RMSSD (root mean square of successive differences); PAS (percentage of alternating
segments); SODP Q1 (points in first quadrant of second-order difference plot); SODP CTM100 (points within 100-ms radius circle
at origin); SD1/SD2 (Poincaré plot ratio).
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t-SNE — Local Nonlinear Structure
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Figure 5. Two-dimensional t-SNE projection of the HRV feature correlation matrix. Each point represents a model input feature,
positioned based on its local similarity to others. The x-axis and y-axis correspond to the first and second t-SNE components, which
preserve the local structure of the high-dimensional space. The five most influential features in the XGB model, RMSSD, PAS,
SODP_Q1, SODP_CTM 100, and SD1_SD2 ratio, are highlighted with red crosses, as identified by SHAP value analysis RMSSD
(root mean square of successive differences); PAS (percentage of alternating segments); SODP Q1 (points in first quadrant of
second-order difference plot); SODP CTM100 (points within 100-ms radius circle at origin); SD1/SD2 (Poincaré plot ratio).

4. Discussion

Our study identified five key HRV parameters primarily responsible for the accuracy of short-term prediction of
paroxysmal AF episodes. Each parameter reflects a distinct class of pathophysiological mechanisms that trigger such
episodes. An important point to note is that PACs are known to trigger AF episodes, their number increases before these
episodes, and this has already been used in models to predict AF episodes [6]. In this study, HRV calculations were
performed on the first hour of recordings, when the number of PACs is low and, moreover, changes in HRV occur
before the increase in PACs. Additionally, HRV calculations were performed using cubic spline interpolation of RR
intervals, thereby excluding PACs from the predictions.

As shown in Figure 2, our approach highlights groups of HRV features with closely related variability patterns,
enabling clear cluster identification and interpretation across physiological domains (e.g., time-domain, frequency-
domain, and non-linear metrics). Using Spearman’s method ensures robustness to non-linear relationships and non-
normal data distributions, both of which are common in HRV datasets.. As illustrated in Figure 3, the HRV feature set
exhibits substantial variability. Notably, the five most important predictive parameters are distributed across different
regions of the PCA space, indicating minimal redundancy among them.
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According to the SHAP scores, the parameters used by the decision tree, in order of importance, are: RMSSD,
PAS, SODP Q1, SODP CTM100, and SD1/SD2. This indicates that the model identified these parameters as the most
predictive. The dimensionality reduction analyses (t-SNE, UMAP, PCA) performed on the absolute Spearman
correlation matrix revealed consistent and physiologically meaningful clustering patterns among the HRV parameters.
Notably, the projections highlighted distinct groupings centered around five key parameters: RMSSD, PAS, SODP_Ql,
SODP_CTM 100, and SD1/SD2. These clusters likely reflect different underlying physiological domains contributing
to heart rate dynamics.

RMSSD corresponds to the time-domain statistical HRV metrics computed over 5-min segments. It is a well-
established marker of short-term vagal activity [13].

PAS is an index belonging to the cluster of fragmentation parameters that capture disruptions in the
neuroautonomic-electrophysiological regulation of cardiac rhythm, a phenomenon frequently associated with aging and
the progression of cardiovascular disease[14]. Altered PAS values have been linked to ANS dysfunction and may reflect
underlying sick sinus syndrome, a condition often implicated in the pathogenesis of atrial fibrillation [15].

SODP_Q1 corresponds to the first quadrant of the SODP derived from RR interval variations. This quadrant
captures sequences in which both the current and previous RR interval differences are positive, reflecting a progressive
slowing of the heart rate over three consecutive beats [16]. SODP_Q1 is thus considered a marker of very short-term
vagal modulation [17]. Its relevance in the model underlines the importance of rapid, transient parasympathetic
influences detectable at the beat-to-beat level. Interestingly, both PAS and SODP_Q1 belong to the same cluster in our
analysis, suggesting a potential physiological link between neuroautonomic fragmentation and short-term vagal
modulation. This association supports the hypothesis that episodes of abrupt changes in cardiac rhythm variability and
transient vagal surges may share common pathophysiological substrates in the development of AF.

SODP_CTM 100 belongs to the cluster of central tendency measures (CTMs) derived from the SODP, which are
designed to quantify the overall degree of variability within the plot. This parameter captures global variability,
encompassing short-term, long-term, and non-linear components of the RR interval dynamics [18].

SD1/SD2, the fifth factor corresponds to the balance between short- and long-term variability in RR intervals.
Specifically, the width of the Poincaré plot (SD1) reflects the magnitude of short-term heart rate variability (HRV),
while its length (SD2) represents long-term variability. The SD1/SD2 ratio, derived from these two measures, captures the
relationship between these distinct temporal components of HRV. This parameter appears isolated from the other clusters in
our analysis, suggesting that it reflects a distinct, predominantly non-linear aspect of heart rate dynamics [19].

To the best of our knowledge, no prospective or randomized study has yet addressed the short-term prediction of
AF onset using HRV or other ECG-derived metrics. Existing work in this field is limited to a few studies that identified
an AF “signature” from 12-lead ECGs recorded months before the arrhythmia, which fundamentally differs from our
objective of predicting AF onset within a 24-h time window [5,20-22]. Based on two-week Holter monitoring, only
one retrospective analysis reported AF prediction several days in advance [23]. Our approach is therefore distinct in
targeting an actionable, short-term prediction horizon (<24 h) using Holter-derived HRV features, with the potential to
support timely, preventive clinical interventions.

It should be noted that variations in HRV are not specific to the condition under investigation and can be observed
in a broad range of clinical contexts. Any disorder affecting the autonomic nervous system has the potential to modify
HRYV. Cardiac conditions such as acute or chronic heart failure, particularly during decompensation, and coronary artery
disease are commonly associated with a global reduction in HRV, reflecting an imbalance with increased sympathetic
and reduced parasympathetic activity. Beyond cardiac disorders, several non-cardiac conditions, including diabetes
mellitus and other forms of dysautonomia, can also impair autonomic regulation and induce significant alterations in
HRYV patterns [17].

Apart from providing insight into the underlying pathophysiology, the identification of the five most significant
uncorrelated HRV parameters associated with AF onset offers the opportunity to predict paroxysmal AF episodes using
models relying solely on these parameters, thereby reducing model complexity while maintaining predictive
performance. This enhances their suitability for integration into wearable devices, such as smartwatches. Ultimately,
this could enable a ‘pill-in-the-pocket-like’ preventive strategy, distinct from the conventional approach, which involves
taking medication after AF onset, whereby the patient would take a class I antiarrhythmic or a beta-blocker before the
arrhythmia occurs, when the model predicts an autonomic state indicating a high likelihood of imminent AF.
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5. Conclusions

We hypothesized that a small set of uncorrelated HRV parameters measured during sinus rhythm could capture
distinct physiological mechanisms predisposing to AF and enable accurate short-term prediction. Analysis of a large
annotated Holter database with an explainable machine learning model confirmed that five key parameters, RMSSD,
PAS, SODP Q1, SODP CTM100, and SD1/SD2, were the most predictive, reflecting complementary autonomic and
electrophysiological processes. These results offer new insights into the complex autonomic and electrophysiological
processes underlying AF development and support the development of simplified, wearable-compatible models for pre-
emptive “pill-in-the-pocket-like” preventive strategies.

Supplementary Materials

The following supporting information can be found at: https://www.sciepublish.com/article/pii/657, Table S1.
Heart rate variability (HRV) features used in the analysis.
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