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 Abstract: Atrial fibrillation (AF) and atrial flutter (AFL) are complex rhythm disturbances in 
which conventional electrocardiographic interpretation may not fully capture beat-to-beat 
dynamical organization. Quantitative ECG complexity may be relevant to future cardiac 
rehabilitation monitoring, but its clinical role remains unvalidated. This retrospective 
computational study analyzed annotated PhysioNet ECG/RR-interval recordings 
representing sinus rhythm, AF, AFL, and ectopic-dominated patterns. Linear heart-rate 
variability (HRV), entropy, fractal and multifractal indices, phase-space reconstruction, and 
recurrence quantification analysis were calculated. Synthetic RR series, when used, were 
restricted to algorithm checking and illustrative visualization and were not pooled with real-
data summaries. In the selected segments, AF showed greater RR dispersion and entropy 
with reduced determinism, whereas AFL showed a shorter mean RR interval, higher fractal 
dimension, and partially organized cyclic attractor geometry. pNN50 was interpreted only 
after the stated NN-filtering procedure. Fractal dimension and entropy are candidate research 
descriptors of rhythm instability, not validated clinical thresholds. Prospective studies 
integrating wearable ECG, exercise-tolerance measures, patient-reported outcomes, and 
safety endpoints are required before these metrics can be considered for rehabilitation 
monitoring. 

 
Keywords: atrial fibrillation; atrial flutter; fractal dimension; ECG; nonlinear dynamics; reha-
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1. Introduction  

Electrocardiography remains central to cardiovascular assessment because it di-
rectly records cardiac electrical activity. Conventional interpretation emphasizes 
waveform morphology, rhythm regularity, and summary rate measures; however, 
these descriptors may not fully capture the nonlinear temporal organization of beat-
to-beat dynamics [1,2]. 

From a systems perspective, cardiac rhythm emerges from interactions among 
ion-channel kinetics, conduction pathways, autonomic modulation, and the structural 
substrate [3-5]. ECG waveforms and RR-interval series can therefore be examined as 

Citation: Trofin A.M., Dimitriu 
D.G., Ghizdovat V., Rusu D.I., 
Stolniceanu C.R., Jalloul W., Un-
gureanu A.I., Andra Pintilie, Mol-
calut M., Irena-Cristina Grierosu I.C. 
-    Dynamic ECG Complexity in 
Atrial Fibrillation and Flutter: Impli-
cations for Cardiac Rehabilitation 
Monitoring and Functional Asses-
sment                                                                                                                       
Balneo and PRM Research Journal  
2026, 17(2): 1051 
 
Academic Editor(s):                       
Constantin Munteanu 

 
Reviewer Officer: 
Viorela Bembea 
 
Production Officer: 
Camil Filimon 
 
Received: 04.05.2026 
Published: 10.07.2026 

 
Reviewers: 
Sudheer Parihar           
Liliana Elena Stanciu        
                 

 
Publisher’s Note:  
Balneo and PRM Research Journal 
stays neutral with regard to juris-
dictional claims in published maps 
and institutional affiliations. 

 
Copyright: © 2026 by the authors. 
Submitted for open-access publica-
tion under the terms and conditions 
of the Creative Commons Attribu-
tion (CC BY) license (https://creati-
vecommons.org/licenses/by/4.0/) 

http://bioclima.ro/Journal.htm


Balneo and PRM Research Journal 2026, 17, 2 2 of 14 

 

outputs of a nonlinear dynamical system in which present beats are influenced by 
prior states and long-range correlations. 

Nonlinear methods, including entropy analysis, fractal dimension, phase-space 
reconstruction, and recurrence quantification, have been applied to ECG signals to 
characterize organization not captured by classical linear HRV analysis alone [6,7]. 

AF and AFL are usually distinguished on surface ECG by morphology: AF is 
characterized by absent organized P waves and irregular ventricular intervals, 
whereas typical AFL commonly shows organized flutter waves and a macro-re-en-
trant atrial circuit [8-10]. These diagnostic categories remain the clinical standard; dy-
namical analysis may provide complementary quantitative descriptions of rhythm or-
ganization. 

To better illustrate the electrophysiological differences between normal conduc-
tion and atrial fibrillation, a schematic representation is provided. 

 
Figure 1. Electrophysiological mechanisms underlying sinus rhythm and atrial fibril-
lation.  

The left panel of Figure 1 shows organized sinus conduction from the sinoatrial 
node to the atrioventricular node. The right panel illustrates AF as disorganized atrial 
activation driven by multiple electrical sources. The figure is used to orient the reader 
to the electrophysiological contrast rather than as a primary data source. 

Cardiac rhythm may also be studied as a continuum of dynamical states rather 
than only as discrete diagnostic categories. Changes in RR variability, temporal co-
herence, and attractor geometry may accompany arrhythmic episodes, providing a 
rationale for quantitative complexity analysis [2,5]. 

 
Figure 2. Electrocardiographic comparison between atrial fibrillation and atrial flutter. 
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Figure 2 summarizes the surface ECG distinction between AF and AFL. In the pre-
sent study, these morphological labels were used as the rhythm categories against 
which nonlinear descriptors were compared. 

Fractal and entropy-based measures provide complementary views of rhythm or-
ganization. Entropy estimates irregularity and unpredictability; fractal dimension, 
multifractal indices, and the Hurst exponent describe scaling behavior and long-range 
correlations; and phase-space and recurrence analyses describe attractor geometry 
and temporal structure [5-7,11-15]. 

The clinical translation of these metrics remains uncertain. Any proposed rehabil-
itation application must distinguish observed ECG findings from simulated or illus-
trative data and must not treat unvalidated fractal-dimension (FD) ranges as clinical 
decision thresholds [8,9]. 

The hypothesis of this study was that annotated rhythm states (sinus rhythm, AF, 
AFL, and ectopic-dominated segments) would show reproducible differences in HRV, 
entropy, fractal/multifractal, and recurrence-based descriptors, with AF showing 
greater dispersion and entropy and AFL showing a more organized but high-com-
plexity pattern. 

The aim was to build a transparent computational framework for characterizing 
ECG complexity in AF and AFL by integrating classical HRV metrics, entropy, fractal 
and multifractal descriptors, recurrence topology, and attractor geometry. 

The contribution of this work is methodological: it integrates multiple nonlinear 
descriptors into a unified analysis and frames ECG complexity as a candidate research 
feature for functional monitoring. Rehabilitation applications are presented as future 
research directions requiring prospective validation, not as validated treatment rules 
[8,9]. 

2. Materials and Methods 
This study was designed as a retrospective computational analysis of annotated 

ECG and RR-interval data. The primary hypothesis was that sinus rhythm, AF, AFL, 
and ectopic-dominated segments differ in nonlinear complexity metrics, including en-
tropy, fractal dimension, multifractal spectrum width, and recurrence quantification 
indices. 

The analytical framework was structured on three interconnected levels: 
1. Signal level – ECG waveform and RR interval extraction  
2. Statistical level – HRV metrics and distribution analysis  
3. Dynamical level – nonlinear, fractal, and recurrence-based metrics  
This multiscale architecture was intended to characterize cardiac rhythm beyond 

conventional descriptors [3-7,11-15]. 
2.1. Data sources and record selection 

ECG and RR-interval data were extracted from public PhysioNet repositories with 
expert annotations [16,17]. 

ECG segments were selected from the public PhysioNet databases using the original 
rhythm annotations and were analyzed only within the time windows listed below. AFDB 
rhythm labels were retained as annotated, namely AFIB, AFL and N; the MITDB ectopy seg-
ment was included for visualization only. RR-interval counts refer to intervals retained after 
preprocessing, beat-quality review and NN filtering, where applicable. This is shown in Table 
1. 
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Table 1. Record-selection log used for reproducibility of the computational analysis. 
Database abbreviations: NSRDB = MIT-BIH Normal Sinus Rhythm Database; AFDB = MIT-BIH Atrial Fi-
brillation Database; MITDB = MIT-BIH Arrhythmia Database. 

Database 
Record / chan-

nel / fs 
Rhythm 

label 
Window 

Dura-
tion 

RR in-
tervals 

Exclusion / QC criteria Use 

NSRDB 16265 / ECG1 / 
128 Hz 

Sinus 
rhythm 

00:00:30-
00:05:30 

300 s 294 Clean annotated segment; 
missing or implausible RR 
intervals excluded. 

Primary 
baseline 

AFDB 04015 / ECG1 / 
250 Hz 

AFIB 
(Episode 
1) 

00:06:55-
00:07:50 

55 s 71 Annotated AFIB interval; 
ectopic, noisy or non-ana-
lyzable beats excluded be-
fore NN metrics. 

Primary 
AF 

AFDB 08378 / ECG1 / 
250 Hz 

AFL 00:41:30-
00:42:30 

60 s 115 Annotated AFL interval; 
flat blocks, missing anno-
tations and unstable sig-
nal edges excluded. 

Primary 
AFL 

AFDB 04015 / ECG1 / 
250 Hz 

AFIB  
(Episode 
2) 

00:08:55-
00:10:55 

120 s 141 Annotated second AFIB 
interval; same filtering 
rules as Episode 1. 

Primary 
AF / re-
produci-
bility 

AFDB 04015 / ECG1 / 
250 Hz 

N (post-
event) 

00:11:10-
00:12:10 

60 s 58 Post-AF annotated non-
AF interval; no missing 
annotations in retained 
window. 

Primary 
post-
event 

MITDB 207 / MLII / 360 
Hz 

Ectopic-
domi-
nated 

00:28:10-
00:29:10 

60 s 70 Multiform PVC and ven-
tricular-flutter/SVTA; 
noisy transition beats ex-
cluded. 

Visuali-
zation 
only 

Note. The ectopic-dominated MITDB segment was not pooled with AF/AFL/normal rhythm summaries; it was 
retained only to verify whether the visualization pipeline produced physiologically plausible attractor geometries 
in the presence of multiform ventricular ectopy. 

Segments were eligible when annotated R peaks were available and when the seg-
ment represented one of the prespecified rhythm categories: sinus rhythm, AF, AFL, 
or ectopic-dominated rhythm. Segments with severe noise, missing annotations, or 
insufficient RR intervals for nonlinear analysis were excluded. 

2.2. Signal preprocessing and RR-interval extraction 
Signal preprocessing was performed to ensure robustness of downstream nonlinear 

analysis: 
• Bandpass filter: 0.5–40 Hz  
• Removal of baseline wander and high-frequency noise 

R-peaks were identified using a modified Pan-Tompkins algorithm [18], based on: 
𝑦𝑦(𝑛𝑛) = 1

8
[2𝑥𝑥(𝑛𝑛) + 𝑥𝑥(𝑛𝑛 − 1) − 𝑥𝑥(𝑛𝑛 − 3) − 2𝑥𝑥(𝑛𝑛 − 4)]  (1) 

After differentiation, squaring, and moving-window integration, the detected peaks 
were visually validated against the ECG traces. 

The RR interval series was defined as: 
𝑅𝑅𝑅𝑅𝑖𝑖 = 𝑡𝑡𝑖𝑖+1 − 𝑡𝑡𝑖𝑖    (2) 

where t_i represents the timestamp of the i-th R peak. 
From RR intervals, the instantaneous heart rate was computed: 

𝐻𝐻𝑅𝑅𝑖𝑖 = 60
𝑅𝑅𝑅𝑅𝑖𝑖

      (3) 

Synthetic RR series were not pooled with real PhysioNet observations for the primary 
HRV, entropy, fractal, multifractal, or recurrence summaries. When generated, syn-
thetic series were used only for algorithm checking and illustrative attractor visualiza-
tion under controlled constraints (mean heart rate preservation, variance matching, and 
optional ectopic patterns such as PVC/APC). 
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Accordingly, all primary numerical results should be interpreted as real-data de-
scriptors; any simulated or synthetic figure is explicitly labeled as illustrative and hy-
pothesis-generating. 
2.3. Linear HRV and entropy analysis 

Standard HRV metrics were computed as baseline descriptors: 
• Mean RR interval  
• SDNN (standard deviation of NN intervals)  
• RMSSD (root mean square of successive differences)  
• pNN50 (percentage of successive filtered NN-interval differences >50 ms; inter-
preted with caution in AF/AFL because strict NN filtering can suppress raw RR irreg-
ularity) 

Mathematically: 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = �1
𝑁𝑁
� �𝑅𝑅𝑅𝑅𝑖𝑖 − 𝑅𝑅𝑅𝑅�

2𝑁𝑁

𝑖𝑖=1

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = � 1
𝑁𝑁−1

∑ (𝑅𝑅𝑅𝑅𝑖𝑖+1 − 𝑅𝑅𝑅𝑅𝑖𝑖)2𝑁𝑁−1
𝑖𝑖=1

    (4) 

These metrics provided a linear reference for comparison with the nonlinear indices 
[1]. 

To quantify signal irregularity and information content, Shannon entropy and sam-
ple entropy were computed [7,11]: 

𝐻𝐻 = −∑  𝑝𝑝(𝑥𝑥)log 𝑝𝑝(𝑥𝑥)   (5) 
Defined as: 

SampEn(𝑚𝑚, 𝑟𝑟,𝑁𝑁) = −ln �𝐴𝐴
𝐵𝐵
�    (6) 

where: 
• m = embedding dimension 
• r = tolerance 
• A, B = matched patterns 

Higher entropy values were interpreted as greater irregularity and reduced predict-
ability; this interpretation was descriptive and rhythm-segment specific. 
2.4. Nonlinear, fractal, recurrence, and wavelet analysis 

Fractal-dimension estimation used image-based and signal-based approaches. Fig-
ure 3 summarizes the fractal-analysis workflow. 

 

 



Balneo and PRM Research Journal 2026, 17, 2 6 of 14 

 

Figure 3. Fractal analysis workflow and myocardial structural complexity: (a) Myocar-
dial trabecular structure; (b) anatomical segmentation; (c) edge detection and box-
counting procedure utilized for fractal dimension estimation. 

This workflow illustrates the quantification of structural and functional complexity 
using fractal metrics [19,20]. 

The Hurst exponent was estimated using detrended fluctuation analysis (DFA) [21]: 
𝐹𝐹(𝑛𝑛) ∼ 𝑛𝑛𝐻𝐻 

Interpretation: 
• 𝐻𝐻 > 0.5 : persistent correlations 
• 𝐻𝐻 < 0.5 : anti-persistence 

Fractal dimension was computed using multiple approaches: 
(a) Higuchi method 

𝐹𝐹𝐷𝐷𝐻𝐻 = log (𝐿𝐿(𝑘𝑘))
log (1/𝑘𝑘)

     (7) 

(b) Katz method 
𝐹𝐹𝐷𝐷𝐾𝐾 = log (𝑛𝑛)

log (𝑑𝑑/𝐿𝐿)
      (8) 

(c) Relation with Hurst exponent 
𝐹𝐹𝐹𝐹 = 2 −𝐻𝐻      (9) 

These metrics quantify complementary aspects of signal complexity and scaling be-
havior [13,14,21]. 

Multifractal detrended fluctuation analysis (MFDFA) was used to estimate scaling 
heterogeneity [12]: 

𝐹𝐹𝑞𝑞(𝑠𝑠) ∼ 𝑠𝑠ℎ(𝑞𝑞)     (10) 
The multifractal spectrum width: 

Δ𝛼𝛼 = 𝛼𝛼max − 𝛼𝛼min     (11) 
reflects variability of scaling exponents. 

Higher Δα values indicate increased scaling heterogeneity and may reflect increased 
complexity, particularly in AFL segments. 

Using Takens' embedding theorem [15], the RR series was mapped into phase space: 
𝑋𝑋(𝑡𝑡) = [𝑥𝑥(𝑡𝑡), 𝑥𝑥(𝑡𝑡 + 𝜏𝜏), 𝑥𝑥(𝑡𝑡 + 2𝜏𝜏)]      (12) 

where τ is the time delay. 
This allowed visualization of attractors: compact (sinus rhythm), dispersed (AF), cy-

clic (AFL) as described in the figure interpretations. 
Recurrence plots were constructed according to standard recurrence-analysis princi-
ples [22]: 

𝑅𝑅𝑖𝑖,𝑗𝑗 = Θ�𝜖𝜖 − �𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗��    (13) 
where the thresholding term is represented by the Heaviside function. 

From these, RQA metrics were derived: 
• REC (recurrence rate) 
• DET (determinism) 
• LAM (laminarity) 
• ENTR (entropy) 

These quantify structural organization of the signal and reveal degradation during 
arrhythmias. 

Continuous wavelet transform (CWT) was used to examine time-scale structure [23]: 
𝑊𝑊(𝑎𝑎, 𝑏𝑏) = ∫  𝑥𝑥(𝑡𝑡)𝜓𝜓 ∗ �𝑡𝑡−𝑏𝑏

𝑎𝑎
� 𝑑𝑑𝑑𝑑     (14) 

where 𝑎𝑎 denotes scale and 𝑏𝑏 denotes translation. 
The CWT was used descriptively to compare broadband and more narrowly orga-

nized oscillatory activity across the selected rhythm segments. 
The full computational workflow included ECG acquisition, filtering and prepro-

cessing, R-peak detection, RR extraction, linear HRV computation, entropy analysis, 
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fractal and multifractal analysis, attractor reconstruction, recurrence analysis, and vis-
ualization. No validated diagnostic classifier was developed. 
Implementation tools: 
• Python (NumPy, SciPy, NeuroKit2)  
• MATLAB (signal processing toolbox)  
• SPSS (statistical validation)  
2.5. Statistical analysis 

Continuous metrics were summarized descriptively by rhythm state. Because the 
source data comprised heterogeneous public recordings and the analysis was explor-
atory and methodological, no patient-level causal inference was attempted. Metric 
differences were interpreted only as descriptive differences among labeled rhythm 
segments. 

Associations among nonlinear indices were evaluated descriptively. No compari-
son with clinician interpretation, an external reference standard, or a validated diag-
nostic classifier was performed. 

3. Results 
The RR-interval analysis identified rhythm-dependent differences in variability, 

entropy, scaling, and recurrence structure across the selected annotated windows. 
The ordered display of baseline, arrhythmic, and post-event windows is descrip-

tively compatible with transitions among dynamical regimes, a concept discussed in 
nonlinear physiology [2,24]. 

Within the analyzed windows, AF showed the greatest RR dispersion and entropy, 
AFL showed a shorter mean RR interval with partially organized high-complexity 
dynamics, and the post-event segment showed values closer to the sinus-rhythm 
baseline. 

Because the windows were selected retrospectively and do not constitute a pro-
spectively sampled temporal trajectory, these observations do not demonstrate a pre-
dictive pre-event phase or establish an early-warning signal. Table 2 summarizes the 
linear HRV and entropy results. 

Table 2. Linear HRV and Entropy Metrics Across Rhythm States 

Metric Sinus AF (Episode 1) AFL AF (Episode 2) Post-event 
Mean RR (ms) 1040 850    520 780 1020 

SDNN (ms) 42 138   28 121 45 
RMSSD (ms) 30 78   18 64 33 

pNN50 after NN filtering (%) 12 3   0 4 13 
Shannon Entropy 0.41 0.92    0.61 0.83 0.38 
Sample Entropy 0.82 1.65    1.12 1.59 0.79 

 

pNN50 was computed after strict NN-interval filtering and exclusion of ectopic, 
noisy, or non-analyzable beats. Consequently, low pNN50 values in AF/AFL should 
not be interpreted as absence of raw RR irregularity. The AFL mean RR of 520 ms cor-
responds to approximately 115 beats/min in the selected segment; medication and rate-
control status were unavailable in the public metadata and are addressed as limitations. 

In the selected AF segments, SDNN and entropy were higher than in the sinus-
rhythm segment. In AF Episode 2, SDNN was approximately threefold higher than at 
baseline, consistent with greater RR dispersion and reduced temporal predictability. 

The selected AFL segment showed a shorter mean RR interval and lower RMSSD 
than the AF segments, together with partial structural organization in the nonlinear 
analyses. 
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The post-event segment showed several values closer to the sinus-rhythm baseline, 
although this single window cannot establish physiological recovery or normalization. 

These descriptive findings suggest that entropy-based metrics may complement 
classical HRV measures by quantifying irregularity and reduced predictability; they do 
not establish diagnostic superiority over standard ECG interpretation. 

Table 3. Fractal and Nonlinear Descriptors 

Metric Sinus AF 1 AFL AF 2 Post-event 
Hurst exponent 0.78   0.63     0.59   0.69   0.81 
Higuchi FD 1.24   1.46     1.53   1.41   1.22 
Katz FD 1.03   1.27     1.33   1.18   1.02 
Δα (multifractal width) 0.12   0.41     0.58   0.36   0.10 
DET (%) 92   61     39   56   94 
ENTR 1.02   1.88     1.71   1.74   0.98 

 
Table 3 shows the following descriptive pattern: 

• The Hurst exponent was lower in AF/AFL, consistent with weaker long-range per-
sistence. 
• Higuchi and Katz fractal dimensions were higher in the arrhythmic segments. 
• Multifractal spectrum width (Δα) was greater in the arrhythmic segments. 
• Determinism (DET) was lower in AF/AFL, indicating less recurrent structure. 

Within this small set of windows, AFL had the highest fractal-dimension estimates 
and multifractal width, indicating a high-complexity but partially organized pattern. 

The AF attractors were more diffuse and showed less geometric coherence than the 
sinus-rhythm and AFL attractors. 

Description: 
• Sinus rhythm → compact, ellipsoidal attractor  
• AF → dispersed, cloud-like attractor  
• AFL → cyclic, loop-like attractor  

Interpretation 
These geometric patterns are compatible with established electrophysiological de-

scriptions [8,10]: 
• Sinus rhythm → synchronized conduction  
• AF → multiple wandering wavelets  
• AFL → stable re-entrant circuit  

These plots illustrate that the analyzed arrhythmic signals retained nonrandom ge-
ometric structure; they do not prove a specific mechanism or diagnostic class. 

In the selected sinus-rhythm segment, recurrence plots showed longer diagonal 
structures consistent with higher determinism; AF showed more fragmented structures, 
and AFL showed an intermediate organization. 

Recurrence quantification analysis yielded lower DET and higher ENTR values in 
AF/AFL than in the sinus-rhythm segment, indicating less recurrent organization and 
greater temporal complexity. 

In the selected windows, the sinus-rhythm RR distribution was relatively narrow 
and unimodal, AF distributions were wider and skewed, and the AFL distribution was 
narrower but shifted toward shorter intervals. Log-normal and gamma fits were not 
adequate for all segments; this observation should not be generalized beyond the ana-
lyzed windows. 

Descriptive co-variation was observed between fractal dimension and entropy, be-
tween the Hurst exponent and determinism, and between multifractal spectrum width 
(Δα) and overall system complexity. 
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These patterns suggest a putative cardiac-complexity phase space in which rhythm 
states may occupy distinct regions, as summarized in Table 4. This interpretation re-
quires confirmation in larger, prospectively defined cohorts. 

Table 4. Descriptive summary of rhythm-state complexity patterns. 

Rhythm Observed complexity pattern Key descriptive features 

Sinus 
Lower Higher determinism and a narrower  

RR distribution 

AF 
Moderate to high Greater dispersion, entropy, and reduced  

geometric coherence 

AFL High 
Shorter RR intervals with structured  

high-complexity dynamics 

Post-event Lower / reconverging 
Several metrics closer to the  

sinus-rhythm baseline 

Clinical interpretation of the descriptive findings 
Standard electrophysiological descriptions characterize AF as disorganized atrial 

activation, typical AFL as an organized macro-re-entrant circuit, and ectopy as prema-
ture activation arising from focal or multifocal sources [8,10]. 

In the analyzed segments, fractal metrics differed among rhythm labels. This sup-
ports the feasibility of quantitative characterization, but it does not establish superiority 
over clinician interpretation or a validated diagnostic classifier. 

Although FD was higher in selected arrhythmic and nominal pre-event windows, 
the study was not designed to evaluate prediction. No early-warning claim or predic-
tive threshold can be derived from these data. 

Rehabilitation implications remain exploratory. The present data support studying 
real-time ECG complexity as a research monitoring feature, but no exercise outcomes, 
adverse events, or patient-reported rehabilitation measures were analyzed. 

Overall, the findings indicate that rhythm states can be described using nonlinear 
descriptors. Fractal dimension and entropy should be regarded as candidate quantita-
tive research features, while clinical and rehabilitation applications remain to be tested. 

 

Figure 4. Phase-space attractors corresponding to different cardiac rhythms. 
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In Figure 4, sinus rhythm displays a compact attractor, while AFL demonstrates cy-
clic structures. AF exhibits a dispersed, cloud-like geometry, signifying reduced dy-
namical coherence. These attractor geometries support the interpretation of arrhyth-
mias as distinct dynamical regimes, but the visualizations are not a substitute for formal 
diagnostic validation. 

Additional attractor visualizations are provided for the pre-crisis, AFIB 1, AFL, AFIB 
2, and post-crisis periods in Figure 5. 

       

 
 

 

 

 

 

Figure 5. Attractors for the periods: pre-crisis, AFIB 1, AFL, AFIB 2, and post-crisis. 
4. Discussion 

This study supports examining AF and AFL as dynamical regimes within a nonlin-
ear cardiac system. By combining HRV, entropy, fractal and multifractal measures, re-
currence analysis, and attractor-based descriptors, the analysis provides a multimetric 
profile of rhythm organization rather than relying solely on morphology or average 
rate. 

The selected arrhythmic segments showed greater irregularity, reduced determin-
ism, and altered phase-space structure. AF was characterized by greater dispersion and 
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reduced geometric coherence, whereas AFL showed a more organized, high-complex-
ity cyclic pattern. These descriptive findings are compatible with established differ-
ences between fibrillatory activation and macro-re-entrant flutter circuits [8-10]. 

Entropy and fractal dimension should be interpreted as complementary descriptors. 
Entropy reflects unpredictability in beat-to-beat dynamics, whereas fractal measures 
describe scaling and geometric complexity. Their combined use may improve descrip-
tive characterization of rhythm states, but the present study did not test diagnostic su-
periority over expert ECG interpretation or a validated automated classifier. 
4.1. Implications for Cardiac Rehabilitation Monitoring 

Cardiac rehabilitation for patients with AF should be embedded within guideline-
directed care that addresses symptoms, rhythm or rate management, comorbidities, 
risk-factor modification, and individualized physical activity. Exercise prescription 
should be based on clinical evaluation and established functional measures - not on FD 
or entropy values - while accounting for ventricular-rate response, medication effects, 
symptom burden, and coexisting disease [8,9,25-29]. 

Within cardiac rehabilitation programs, functional capacity can be monitored using 
cardiopulmonary exercise testing (including peak oxygen uptake when available), sub-
maximal field tests such as the 6-minute walk test, achieved workload, perceived exer-
tion, symptoms, and recovery. Evidence from exercise studies and rehabilitation trials 
suggests potential improvements in cardiorespiratory fitness, symptom burden, qual-
ity of life, and selected AF outcomes, but intervention protocols and populations remain 
heterogeneous [25-29]. The present study did not measure any of these endpoints. 

Wearable or patch-based ECG may support rhythm surveillance during supervised 
or home-based rehabilitation, but recorded signals must be validated and embedded in 
a defined workflow for clinician confirmation, alert handling, privacy protection, and 
escalation of care [30]. In future studies, complexity metrics could be computed as re-
search features alongside standard rhythm, heart-rate, symptom, and workload moni-
toring; they should not replace conventional ECG interpretation or safety procedures. 

A personalized rehabilitation pathway could integrate baseline rhythm phenotype, 
functional capacity, symptom and patient-reported outcome measures, medication re-
sponse, and serial wearable data. Prospective protocols should prespecify exercise-tol-
erance and safety endpoints and compare complexity-informed monitoring with stand-
ard rehabilitation monitoring. Nonlinear metrics have been explored in other rehabili-
tation-related physiological domains, but transfer to AF requires direct validation 
[31,32]. 
4.2. Limitations 

First, this was a retrospective, segment-level computational analysis of a small num-
ber of selected windows from public databases. The segments do not constitute a rep-
resentative patient cohort, and differences among windows cannot be interpreted as 
population estimates or causal effects. 

Second, the public recordings provided limited patient-level context. Medication 
use, rate-control status, comorbidities, ablation history, symptoms, functional capacity, 
and the physiological circumstances surrounding each recording were unavailable or 
incomplete. 

Third, the analysis was descriptive and lacked prospective or external validation. 
No clinician-accuracy comparison, diagnostic gold-standard comparison, or validated 
machine-learning classifier was performed; therefore, diagnostic performance and in-
cremental clinical value are unknown. 

Fourth, the study included no cardiac rehabilitation outcomes, exercise-tolerance 
measures, cardiopulmonary exercise testing, 6-minute walk testing, patient-reported 
outcomes, adherence data, or adverse-event assessment. Consequently, the analysis 
cannot support exercise prescription or rehabilitation-guided clinical decisions. 
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Fifth, nonlinear indices are sensitive to segment duration, preprocessing, filtering, 
artifact handling, embedding parameters, and threshold selection. Synthetic series and 
illustrative attractors were used only to check algorithms or visualize concepts and can-
not establish clinical generalizability. No FD, entropy, or combined-complexity thresh-
old was validated. 

5. Conclusions 
5.1. General Conclusions 

This retrospective segment-level analysis shows that AF and AFL can be described 
as distinct dynamical patterns within a nonlinear ECG/RR-interval framework, with 
differences in HRV, entropy, fractal, multifractal, recurrence, and attractor descriptors. 

Within the selected windows, AF showed greater RR dispersion and entropy, 
whereas AFL showed a shorter mean RR interval and higher fractal complexity with 
partial organization. These findings support the feasibility of a multimetric complexity 
profile for research-level rhythm characterization. 

Fractal dimension and entropy should be considered candidate research descriptors 
of rhythm instability, not validated biomarkers or clinical decision thresholds. 

These descriptors may help frame arrhythmias as dynamical processes, but their 
predictive and prognostic value must be tested prospectively and externally. 

The present analysis supports further investigation of deterministic and chaotic-like 
properties in cardiovascular physiology without claiming diagnostic, prognostic, or re-
habilitation superiority. 

The visual and quantitative results were directionally consistent: sinus rhythm 
showed a more compact and deterministic structure, AF showed greater dispersion, 
and AFL showed a partially organized high-complexity pattern. 

The study does not establish clinical thresholds, early-warning cut-offs, or rehabili-
tation rules. It provides a methodological basis for prospective evaluation of ECG com-
plexity as a research feature within functional monitoring. 
5.2. Theoretical Contributions 

This study contributes a reproducible conceptual workflow linking nonlinear ECG 
analysis with clinical rhythm interpretation. Its primary contribution is methodological 
integration rather than clinical validation. 
5.3. Limitations 

The principal limitations are the retrospective segment-level design, reliance on 
public databases, incomplete patient-level clinical context, unavailable medication and 
rate-control information, limited segment duration and sample size, descriptive analy-
sis without external validation, no comparison with clinician interpretation or diagnos-
tic classifiers, and the absence of exercise-tolerance measures, rehabilitation outcomes, 
adverse-event data, and patient-reported outcomes. No FD or entropy threshold was 
validated. 
5.4. Future Research Directions 

a. Longitudinal Modeling 
Future work should track FD and entropy over time in prospectively enrolled pa-

tients and test whether these metrics predict arrhythmia recurrence, functional decline, 
or other clinically meaningful outcomes. 

b. AI Integration 
Machine-learning models could be trained to classify rhythm states or predict tran-

sitions only after reproducible record-level datasets, prespecified endpoints, and exter-
nal validation cohorts are available. 

c. Multiscale Integration 
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Combining ECG complexity with imaging, medication status, autonomic testing, bi-
ochemical markers, functional capacity, and rehabilitation outcomes may yield a more 
comprehensive cardiovascular complexity profile. 

d. Clinical Trials in Rehabilitation 
Prospective rehabilitation studies are needed to test feasibility, safety, exercise tol-

erance, patient-reported outcomes, adherence, and adverse events, and to determine 
whether complexity-informed monitoring adds value beyond heart rate, symptoms, 
functional testing, and standard ECG interpretation. 

A conceptual framework for prospective rehabilitation research is presented in Ta-
ble 5. 

Table 5. Conceptual ECG-complexity framework for prospective cardiac rehabilita-
tion research. 

Observed FD pattern Hypothesized monitor-
ing interpretation Prospective validation requirement 

Lower / stable FD More stable rhythm  
organization 

Compare with exercise tolerance, symp-
toms, and safety outcomes 

Intermediate / rising FD Possible change in 
rhythm organization 

Test predefined review alerts alongside 
standard monitoring 

High / increasing FD Higher-complexity 
rhythm organization 

Determine whether supervised reassess-
ment improves safety or outcomes 

Note. These categories are conceptual research hypotheses and must not be used as clinical thresholds, exercise-
prescription rules, or automated safety decisions. 
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