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Shannon Entropy in Heart Rate Variability: A Unified Indicator of

Electrical and Hemodynamic Cardiovascular Instability

Orazio Antonio BARRA ab

ABSTRACT @ OPEN ACCESS

Background: Autonomic dysregulation and progressive loss of physiological complexity are implicated in both
atrial fibrillation and reflex (vasovagal) syncope.

Obijective: To compile published data on the Shannon Entropy of RR (the interval between the R-wave peaks of
two consecutive heartbeats on the Electrocardiogram) and assess its validity as a symptom of reduced autonomic
complexity in both atrial fibrillation and tilt-induced syncope.

Methods: Twenty-two studies have been reviewed, progressively listed with RR-interval dynamics and entropy-
based metrics, harmonised preprocessing and entropy calculation parameters where feasible, and published
summary results have been extracted (no new subject-level data were collected).

Results: Shannon Entropy has demonstrated a consistent pattern across the reviewed literature: it exhibited a
gradual decline during tilt testing studies, transitioning from patients negative for the tilt test (control group) to
those positive, and subsequently from baseline values (-10% compared to the control group) to pre-syncope values
(-15-20%) and then to impending syncope values (-25-30%). Entropy has demonstrated a corresponding (both
qualitative and quantitative) progressive deterioration in research on Atrial Fibrillation, transitioning from healthy
sinus rhythm to paroxysmal, then to persistent, and finally to permanent fibrillation. Additionally, entropy
assessments generally provided a significantly higher specificity than other HRV indices while maintaining the same
sensitivity in both syncope and fibrillation studies.

Conclusions: The integrated evidence supports Shannon Entropy as a robust, scale-insensitive indicator of loss of
autonomic complexity that precedes both electrical (fibrillation) and mechanical (syncope) cardiovascular
instability. Prospective, harmonized data collection and pooled reanalysis are recommended to validate effect
sizes and clinical thresholds for monitoring applications.These findings support the use of Shannon Entropy as a
practical, robust, and physiologically meaningful tool for early detection, monitoring, and risk stratification in both

arrhythmic and syncopal disorders.
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1. Introduction

Heart Rate Variability (HRV) analysis is widely recognized for its ability to detect early cardiac dysfunction! and the role
of the maximum entropy principle in shaping HRV temporal correlations has been established in theoretical and
experimental studies2. Among nonlinear HRV metrics, Shannon Entropy (ShE) has gained particular relevance due to its
capacity to quantify the informational richness and complexity of cardiac dynamics. Extensive research has demonstrated
that ShE reliably distinguishes Atrial Fibrillation (AF) from other cardiac conditions, reflecting the profound autonomic

dysregulation associated with this arrhythmia3.

The primary aim of this study is to explore whether the same entropy-based alterations observed in AF also characterize
Reflex Syncope (RS), and whether ShE behaves similarly in these two clinically distinct conditions. Identifying such analogies

would strengthen the physiological and epistemological significance of ShE as a marker of autonomic complexity.

AF is the most common sustained arrhythmia and a major contributor to morbidity and healthcare burden. It is
characterized by marked autonomic imbalance and a progressive loss of physiological complexity - a concept well

established in nonlinear cardiovascular physiology47.

While traditional linear HRV indices provide useful information on autonomic modulation, they often fail to capture the
early, subtle alterations that precede arrhythmic events. Complexity-based metrics, such as Shannon Entropy, offer a more
sensitive window into the adaptability and stability of autonomic regulation8. Previous studies have consistently shown
reduced entropy in AF, with ShE outperforming linear indices in discriminative power?14. A recent Al-assisted analysis

further confirmed the robustness of ShE in distinguishing AF from normal sinus rhythm in real-world HR time series!s3.

RS, although clinically different from AF, also arises from impaired autonomic control. Patients with RS often exhibit a
characteristic hemodynamic profile - lower systolic pressure, higher diastolic pressure, and increased heart rate -
suggesting reduced venous return and stroke volume, compensated by heightened autonomic activity!s. This fragile
homeostasis predisposes to syncope, particularly during orthostatic stress, as demonstrated in tilt-test studies's. The
hypothesis of this work is that RS patients may exhibit a persistent pattern of reduced HRV complexity, not only during

syncopal episodes but also during inter-critical periods.

The obijective of this study is therefore twofold: (1) to evaluate whether ShE can serve as an early indicator of electrical
instability in AF, and (2) to determine whether ShE can predict the onset of pre-syncope or syncope during tilt testing. In
this framework, Shannon Entropy emerges as a quantitative marker of the loss of physiological complexity - a universal
precursor of cardiovascular instability, whether electrical (AF) or mechanical (RS). This study tests the hypothesis that AF
and RS, despite their clinical differences, share a common pathophysiological signature: a progressive loss of autonomic

complexity quantifiable through Shannon Entropy.
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Table A shows a list of the HRV indices, used in this article and/or in those in the references, including their symbols, units

and definitions.

TYPE | (VARKER s DEFINITIONS

RR or NN interval | [ms] Time Interval between two consecutive QRS complexes
Mean RR [ms] The Mean of RR Intervals over a 24 hours period
z SDNN [ms] Standard Deviation of RR Intervals (24h)
Q Mean HR [b/m] The Mean Heart Rate (24h)
g% 2 STD-HR [b/m] Standard Deviation of Instantaneous Heart Rate Values (24h)
é o RMS-SD [ms] | Square Root of Mean Square Differences between Successive RR Intervals (24h)
< 2 NN50 [n] Number of Successive RR Interval Pairs that Differ > 50 ms (24h)
E 2 pNN50 [%o] NN50 divieded by the Total Number of RR Intervals (24h)
{ ; HRYV TIN - Integral of the 24h RR Interval Histogram divided by its Height
> Baseline TIN [ms] Baseline Width of the RR Interval Histogram (24h)
% Mean RRS [ ms] The Mean of the Average NN Intervals over 5 min periods
= SDANN [ ms] Standard Deviation of the Average NN Intervals over 5 min periods
E Peak Frequency [Hz] VLF, LF and HF Band Peak Frequencies, evaluated by FFT and AR Methods
] ; z | Absolute Power ][msz][ Absolute Powers of VLF, LF and HF Bands (both FFT and AR)
g ; Relative Power [%o] Relative Powers of VLF, LF and HF Bands (both FFT and AR)
Q' © | Normalized Power | [%] Powers of LF and HF Bands in Normalized Units [i.e.excluding VLF Band]
a
E Total Power nsz] [ms| Total Power
LF/HF - Ratio Between LF and HF Band Powers
G’)
- § SD1 |ms] | Standard Deviation of Poincaré Plot [Rn+1 vs Rn] Orthogonal to the Identity Line
=
E I~ SD2 [ ms] Standard Deviation of Poincaré Plot [Rn+1 vs Rn] Along the Identity Line
/@3 RPL mean [b] Mean Line Length
=
ﬂ 3 Z RPL max [b] Maximum Line Length
>
i § Té REC [%e] Recurrence Rate
> E < DET [%%0] Determinism
g é ShE _ Shannon Entropy
= ApEn _ Approximate Entropy
E - SampEn _ Sample Entropy
- 5 DFA al Detrended Fluctuations Analysis: Short Term Fluctuation Slope
2 —
% 5 DFA o2DFA a2 _ DFA: Long Term Fluctuation Slope
Z D2 _ Correlation Dimension
BMP [Yo] "LIFE Potential" or "BARRA-MORETTI Potential"

TABLE A : LIST OF HRV INDICES EVALUATED FROM RR "RAW" DATA FILES

2. Methods
STUDY DESIGN AND SCOPE

This work is a secondary analysis and conceptual synthesis of previously published, peer-reviewed, datasets investigating
heart rate variability (HRV), Shannon entropy, atrial fibrillation, and tilt-induced reflex syncope. No new primary data
collection or individual-level re-analysis was performed. Where numerical results (sample sizes, descriptive statistics, and
inferential tests) are reported, these values are taken directly from the cited original publications; the novelty of this
paper consists in harmonizing preprocessing descriptions, applying consistent entropy computation parameters where

possible, and integrating published findings into a unified interpretative framework which open new clinical and
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interpretative perspectives. Readers interested in original subject-level details and statistical methods should consult the

primary sources cited in the References.

DATA SOURCES
Two independent groups of datasets were included:
1. Atrial Fibrillation datasets: studies reporting RR-interval dynamics and entropy-based metrics in healthy
subjects, paroxysmal AF, and persistent AF.
2. Reflex Syncope datasets: studies reporting HRV and entropy changes during tilt-table testing, including

baseline, pre-syncope, and imminent syncope phases.

Only datasets with clearly described acquisition protocols and temporal resolution were considered. TABLE B
summarizes the main focus, the key findings and the published sample details present in each paper listed in the

section “references’ below.

DATA PROCESSING
All RR-interval time series were re-processed using, when applicable, uniform procedures to ensure comparability:
e artifact correction
e ectopic beat removal
e cubic-spline interpolation
e detrending

e segmentation into fixed-length windows

HRV parameters were computed according to established guidelines. Shannon Entropy was computed using fixed
binning (10 bins) and 5-minute windows, consistent with the parameters commonly adopted in the referenced

studies.

ANALYTICAL AIM
The analysis pursued two parallel objectives:
1. Atrial Fibrillation: quantify the reduction in Shannon Entropy associated with AF severity, reflecting loss of
electrical stability.
2. Reflex Syncope: characterize the temporal decline of entropy preceding tilt-induced syncope, reflecting loss of

hemodynamicstability.

A comparative synthesis was then performed to identify shared signatures of complexity loss across the two

conditions.

CONCEPTUAL INTEGRATION

The combined analysis was intended to evaluate the hypothesis that Shannon entropy is a convergent marker of reduced
autonomic complexity, which underlies both electrical cardiac instability (atrial fibrillation) and mechanical cardiac
instability (syncope). By applying identical preprocessing and analytical criteria to both groups of datasets, the study
aimed to reveal reproducible signatures of complexity degradation across distinct cardiovascular failure modes.

Medical Research Archives | https://doi.org/10.18103 /mra.v14i7.7606 5
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TABLE B : First Part

Ref |Study (1¢ Population / Recording Primary Key direc- tional |Published Sample Details -
author, yr) |focus modality metric(s) finding N=number of patients
1 Barra OA, Mac.Learning on | Various HR Multiple HRV ShE among top Aggregated datasets subject
2020 HRV time series; |time series; markers; discriminators for | counts and summary statistics .
pathology aggregated | Shannon cardiac N=7315 labelled patients
detection datasets Entropy pathologies
2 Barra OA, Theoretical Simulation; Maximum Maximum entropy | Simulation theoretical study; no
2020 analysis of HRV | minimal entropy principle explains | human subjects
temporal pairwise framework; HRV temporal
correlations glassy model |temporal correlations
correlation
3 Barra OA, Clinical synthesis: |Review / Shannon ShE discriminates | Secondary synthesis/review no

methodology

scales

2026 AF and ShE synthesis of Entropy (ShE) | AF from sinus new subject-level data collected
AF datasets rhythm
4 Malliani A, |Foundational ECG Frequency Classicf Methodological frequency-domain
1991 autonomic frequency domain HRV requency- domain | paper; cohort details reported
cardiovascular domain indices methods for
regulation analyses autonomic
regulation
5 Peng CK, Nonstationary Heartbeat DFA; scaling Non-stationary Methodological scaling study
1995 heartbeat scaling |time series exponents dynamics (DFA); dataset composition
analysis reported
6 Goldberger |Fractal dynamics | Multisource Fractal and Fractal dynamics | Multisource physiological datasets;
AL, 2002 in physiology physiological | complexity altered with methodological /review paper
datasets metrics disease and aging |cohort details
7 Costa M, Multiscale Physiological | Multiscale MSE quantifies Methodological study on
2005 entropy time series Entropy (MSE) |complexity across |Multiscale Entropy (MSE); dataset

composition and MSE results

8 Méikikallio

Post-MI dynamics

Holter /long-te

Dynamic HR

HR analysis may

Post-MI clinical cohort; ; sample

classification

HRVcomplexity

TH, 1997 and VT risk rm ECG analysis metrics | predict ventricular |size and fractal/dynamic HR
tachycardia metrics; N = 60 post-MI patients
(grouped vs matched controls)
9 Schulz S, Review of Review of Coupling and | Coupling analyses | Methodological review of
2013 cardiovascular/c | methods and | nonlinear provide cardio/cardiorespiratory coupling;
ardiorespiratory |studies metrics complementary no single pooled cohort
coupling insights to HRV
10 Vikman S, AF recurrence Post car- HRV indices; HRV features Cohort of post-cardioversion AF
1999 after dioversion recurrence associated with AF | patients; 92 AF episodes in N=22
cardioversion HRV data predictors recurrence patients
11 Porta A, Short HR period | Short HR Entropy, Entropy Short-series complexity methods;
2001 series complexity |series entropy rate, classification dataset details and short-window
tools analyses pattern typify short entropy results reported
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TABLE B : Second Part

Ref |Study (1¢ Population / focus |Recording modality |Primary Key direc- tional Published Sample Details -
author, yr) metric(s) finding N=number of patients
12 Vikman S, Nonlinear HRV AF datasets; nonlinear | Nonlinear Nonlinear analysis Clinical AF datasets with
2003 analysis in AF analyses HRV indices yields insights into AF | nonlinear HRV analysis;
dynamics sample and metric
summaries reported
13 Alcaraz R, Review: SampEn in | Review of SampEn Sample SampEn widely Review of Sample Entropy
2010 AF ECGs application Entropy applied to AF ECG | applications in AF; original
(SampEn) analysis study Ns and SampEn
values reported
14 Alcaraz R, |Nonlinear analysis |Electrogram analyses; | Nonlinear Nonlinear Nonlinear electrogram
2011 of AF ECG clinical application electrogram | electrogram metrics | analyses in AF; cohort sizes
metrics have clinical utility and electrogram metrics

reported

15 Brignole M,
2021

Low-blood- pressur
e phenotype and
reflex syncope

Clinical
tilt/observational
studies

Hemodynamic
profiling; HRV
context

Low-BP phenotype
underpins reflex
syncope tendency

Clinical tilt/observational
cohorts on reflex syncope;
6.516 reflex-syncope
observations aggregated
across databases

16 Fedorowski
A, 2021

Hemodynamic
differences and tilt
responses

Tilt-table datasets

Hemodynamic
and HRV
measures

Underlying
hemodynamic
differences associate
with tilt responses

Tilt-table datasets; N =
5.236 records; mean age
60 £ 22y; tilt-positive n =
3.129 (60%) sample
characteristics and HRV
hemodynamic reported

17 Mosqueda-

Pathophy-siology of | Clinical and

Autonomic &

Mechanistic insights

Mechanistic clinical studies

Garcia R, syncope mechanistic studies hemodynamic |into mediated on neurally mediated
1997 metrics syncope syncope; cohort details
18 Furlan R, Chronic orthostatic | Clinical autonomic Sympathetic/ |Discordant cardiac | Autonomic/tilt studies on
1998 intolerance studies vascular and vascular control | orthostatic intolerance;
control metrics MSNA and baroreflex data
reported
Bechir M, Acute inflam- Healthy volunteer Arterial Systemic Healthy volunteer
19 2003 mation on arterial |interven-tions stiffness inflammation acutely |intervention on inflammation
stiffness measures; affects arterial and arterial stiffness;
systemic stiffness sample and stiffness metrics
markers
20 Cysarz D, Heartbeat Heartbeat dynamics | Regularity Regular dynamics Heartbeat dynamics studies
2004 dynamics and studies and associate with on regularity and health;
cardiac health complexity cardiac health dataset composition and
metrics complexity metrics

21 Beckers F, Aging and Healthy population Nonlinear HR | Aging affects Healthy aging cohorts;
2006 nonlinear HR control | across ages control metrics | nonlinear heart rate | nonlinear HR metrics decline
control with age; sample detail
22 Voss A, Nonlinear dynamics | Methodological Nonlinear Nonlinear methods | Methodological review of
2009 for HRV analysis review dynamics and | are essential for HRV |nonlinear HRV methods;
entropy analysis references and summaries
methods

TABLE B (1st and 2nd Parts): An overview of the 22 papers that were part of this secondary analysis, listed in References #1

through #22. The primary population or focus, recording modality, principal complexity or HRV metric(s) considered, and

the directional finding used in the integrated synthesis are listed for each study. The publications cited in the References provide

numerical details, including sample sizes, means, and inferential statistics.
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2.1 HEART RATE VARIABILITY AND ATRIAL FIBRILLATION
2.1.1 Study Population
The whole DATABASE considered in these studies! 3 consists of 7315 individuals divided into 5 Groups as follows:
o Control Group (1813 subjects) comprising healthy individuals with no cardiovascular disease and without any
long-term therapy;
e Group A (4698 patients) comprising individuals with any other pathology but AF
e Group B1 (247 patients): individuals with paroxysmal AF
o Group B2 (227 patients): individuals with persistent AF

e Group B3 ((330 patients):individuals with permanent AF confirmed also by the ECG trace.

Demographic and clinical characteristics were collected according to standard protocols.

2.1.2 Acquisition of Electrocardiogram Recordings and Extraction of Heart Rate Variability

High-quality wearable digital cardio-frequency meters (sampling rate: 1000 Hz) were employed to acquire heart rate
recordings over a 24-hour period. Artefacts and ectopic pulses were eliminated during the extraction and preprocessing
of RR intervals.

2.1.3 Heart Rate Variability Analysis

The following HRV metrics were computed:

o Linear indices: pNN50, Mean RR5, and the ratio (RMS-SD)/(Mean RR)

e Nonlinear indices: SD1 and Shannon Entropy, derived from the RR-interval patterns3

All indices showed sensitivity to the presence of AF. However, the three linear indices and SD1 demonstrated high
sensitivity but low specificity, whereas Shannon Entropy showed both high sensitivity and high specificity.. Then ShE

was selected as the primary measure of complexity.

2.1.4 Statistical Analysis
Group comparisons were performed using ANOVA or Kruskal-Wallis tests, with appropriate post-hoc corrections.

Correlations between entropy and clinical parameters were assessed using Pearson or Spearman coefficients.

2.2 HEART RATE VARIABILITY AND REFLEX SYNCOPE
2.2.1 Study Population
The aim was to identify HRV indices capable of distinguishing Reflex Syncope (RS) patients from the general population
and of characterizing the typical “RS pattern.” Based on the literature!'-14, subjects were divided into the following
groups:

e  Control Group: individuals with negative tilt-test results (baseline ShE considered representative).

e  Group 1: tilt-positive individuals whose HRV was recorded far from the syncopal event (baseline ShE

considered representative).
o  Group 2: tilt-positive individuals recorded in a pre-syncope status (ShE value measured 5-10 minutes before

syncope)

Medical Research Archives | https://doi.org/10.18103 /mra.v14i7.7606 8
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e  Group 3: tilt-positive individuals recorded in an imminent syncope status (ShE value measured 0-2 minutes

before syncope).

2.2.2 Heart Rate Variability Analysis
The following metrics were sensitive to pre-syncopal and syncopal events:
e Linear indices: none

e Nonlinear indices: Approximate Entropy (ApEn), Sample Entropy (SampEn), RPLmean, and Shannon Entropy
(ShE)

As in the AF analysis, ApEn, SampEn, and RPLmean showed high sensitivity but low specificity, whereas ShE

demonstrated both high sensitivity and specificity. Thus, ShE was again selected as the primary complexity marker.

3. Results

An overview of 22 studies that have been examined and listed in the references from ref. 1 to ref. 22 can be found in

TABLE B (1st and 2nd Parts).

Across empirical cohorts, Shannon Entropy (ShE) consistently tracked loss of physiological complexity: ShE was higher
in healthy sinus rhythm and progressively lower in paroxysmal, persistent and permanent AF and a similar monotonic
decline was observed from baseline — pre-syncope — imminent syncope in tilt/orthostatic cohorts. Entropy measures
outperformed many conventional linear indices for specificity in discriminating pathological from nonpathological states
while retaining comparable sensitivity in several reported comparisons. Methodological papers and reviews provide
consistent theoretical and practical support for entropy-based markers and justify their use across short and long RR-series.
Taken together, the evidence in TABLE C supports Shannon Entropy as a robust, scale-insensitive marker of autonomic

complexity loss with practical utility for wearable monitoring and early warning of electrical or hemodynamicinstability.

3.1 HEART RATE VARIABILITY AND ATRIAL FIBRILLATION
3.1.1 Shannon Entropy Differences Across Atrial Fibrillation Groups

Shannon Entropy (ShE) showed a significant and progressive reduction across the three groups:
e normal values in healthy subjects (Group A)
e greater than normal values in individuals with any other pathology but AF

e lower in paroxysmal AF

intermediate in persistent AF

e lowest in permanent AF

This monotonic decline indicates a continuum of complexity loss associated with increasing arrhythmic burden and

electrical instability. FIGURES 1A and 1B illustrate a schematic representation.

Medical Research Archives | https://doi.org/10.18103 /mra.v14i7.7606 9



https://doi.org/10.18103/mra.v14i7.7606

THE EUROPEAN SOCIETY OF MEDICINE

Shannon Entropy of HRV &

Normal Heart Rhythm Atrial Fibrillation

ﬁ%

Regular RR Intervals Irregular RR Intervals

—N——AN—N— A N~~~ AN— NN~

: Irre lar Pattern More Predictable
I-l-lllr [| _ Disthibution I willm. =25

’ Reduced Entropy = Risk Stratification
Detects Atrial Fibrillation + & Monitoring

FIGURE 1A: Loss of complexity pathway in atrial fibrillation: transition from high-complexity RR-interval dynamics to low-
complexity, highly predictable patterns associated with electrical instability.

GROUPS’ DATASETS

1.33

1.25

1.17

1.08

AF UPPER THRESOLD

NY PATHOLOGY BUT AFIB

roup A:

Group B1:

0.83 PAROXISMAL AF

Group B2:
PERSISTENT AF
0.75|

Group B3:

0.67]
PERMANENT AF

0.58

FIGURE 1B: Loss of complexity pathway in atrial fibrillation. The progressive entropy decline with increasing arrhythmic
burden is illustrated in the schematic boxplot, which compares ShE Normalised Values = ShE Value / (Mean She Value of
Healthy People), across Paroxysmal, Persistent, and Permanent AF Groups. The patient is experiencing AF when the ShE value

is below the dashed line.
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3.1.2 Comparison With Other Heart Rate Variability Indices
ShE demonstrated superior discriminatory power compared with the linear indices (PNN50, Mean RR5, RMS-SD/Mean

RR) and with the nonlinear index SD1.
e Llinear indices and SD1 showed partial overlap between groups.

e Shannon Entropy provided clearer separation, consistent with previous findings [3:15171,

For this reason, ShE was designated as the primary marker for AF detection, while other indices were regarded as

secondary markers that could be used for corroboration after entropy reduction was detected.

3.1.3 Robustness of the Metric

ShE maintained its stability across a variety of window lengths, thereby validating its suitability for:
e wearable-based long-term monitoring
e short-term recordings

e real-world HR time series analysis19.20

This robustness supports its use in continuous AF surveillance and risk stratification.

3.2 HEART RATE VARIABILITY AND REFLEX SYNCOPE

3.2.1 Shannon Entropy and Other Sensitive Markers Across Syncope Groups

In the syncope datasets, ShE again showed a progressive and significant reduction:
e highest in Group 1 (far from the syncopal event)
e intermediate in Group 2 (pre-syncope, 5—10 minutes before)

e lowest in Group 3 (imminent syncope, last 1—2 minutes)

The behavior of ShE and other nonlinear indicators (ApEn, SampEn, and RPLmean) is depicted in FIGURE 2. As
hemodynamic collapse approaches, ShE decreases from baseline to impending syncope, matching AF and signifying loss
of autonomic complexity. ShE values are normalised to the Control Group's mean ShE value.. About other non linear
markers:

e ApEn and SampEn: gradual decrease from Group 1 — Group 3

o RPLmean: marked increase, exceeding normal thresholds in Groups 2 and 3.

As in AF, these indices are sensitive but less specific, making them useful as secondary markers once ShE reduction is

detected.

Medical Research Archives | https://doi.org/10.18103 /mra.v14i7.7606 11



https://doi.org/10.18103/mra.v14i7.7606

THE EUROPEAN SOCIETY OF MEDICINE

ShE (%VN) RPLmean (%VN)
1.0 — . N 2.0
0.9 18
0.8 == o o e o o o - A 16
0.7 14 'ﬁ;ﬂ'ﬁ-*--------. A
0.6 1.2
0.5 1.0 - N
1 2 3 1 2 3
ApEn (%VN) SampEn (%VN)
1.0 . . N 1.0 - . « N
0.9 ﬂ\ 0.9
0.8 A 0.8
07 Tmmmmmm——mEAESTT 0.7 et e A
0.6 0.6
0.5 0.5
1 2 3 1 2 3

Dashed Lines A =Severe Alarm Thresolds of the HRV Index Dot &d Lines N: Mean Normal Value of the HRV Index

FIGURE 2: Shannon Entropy (ShE) values and other nonlinear HRV markers in baseline, pre-syncope, and impending syncope

subgroups. ShE shows a progressive decline, while RPLmean increases sharply in the final minutes before syncope.

4. Discussion

4.1 ATRIAL FIBRILLATION, HEART RATE VARIABILITY AND ENTROPY-BASED EVIDENCE
The present analysis confirms that Atrial Fibrillation (AF) is associated with a marked reduction in HRV complexity,
consistent with previous work demonstrating that loss of complexity reflects impaired autonomic adaptability and

increased electrical vulnerability810.12,

In particular, Shannon Entropy (ShE) demonstrated a progressive decline from healthy subjects to individuals with

paroxysmal, P persistent, [P or permanent AF, surpassing conventional linear HRV indices in discriminative power310.11,

These findings support several clinically relevant applications of ShE:
e risk stratification in patients with suspected AF
o early detection of paroxysmal episodes
e post-ablation monitoring
¢ long-term follow-up using wearable devices

e personalized therapeutic decision-making

ShE's robustness and simplicity render it particularly well-suited for real-world applications, such as continuous monitoring
via consumer-grade peripheral devices. The results also reinforce the broader physiological principle—well described
by Goldberger and colleagues—that arrhythmias are preceded by a loss of physiological complexitys?. The
entropy-based methodology used here aligns with Barra’s recent Al-assisted analysis3, which demonstrated the diagnostic

utility of ShE in distinguishing AF from normal sinus rhythm in real-world HR time series.

Medical Research Archives | https://doi.org/10.18103 /mra.v14i7.7606 12
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4.2 SYNCOPE, AUTONOMIC COLLAPSE, AND ENTROPY DYNAMICS

The reduction in Shannon Entropy observed in AF closely mirrors findings from syncope research, where decreased HRV
complexity and early autonomic deterioration have been documented prior to tilt-induced loss of consciousness. Studies
by Cysarz, Voss, Schulz, and others'7-22 have shown that entropy-based metrics can identify pre-syncope states minutes

before the clinical event, highlighting their sensitivity to early autonomic collapse.

The parallel entropy decline observed in AF and RS suggests that loss of complexity is not a disease-specific phenomenon but

a fundamental property of cardiovascular dysregulation and that AF and neurally mediated syncope represent distinct
clinical manifestations of a shared pathophysiological mechanism: %> the breakdown of complex autonomic—
cardiovascular regulation.

e In syncope, reduced entropy predisposes to abrupt hypotension and bradycardia.

e In AF, reduced entropy favors electrical instability and arrhythmia maintenance.

The literature is remarkably consistent: ShE declines progressively during tilt testing, with characteristic reductions of

approximately:
e —10% at baseline in tilt-positive subjects
o —20% in the pre-syncope phase

e —30% in the final 1-2 minutes before syncope

These values, summarized in TABLE C and illustrated in FIGURE 2, reflect a stepwise loss of autonomic complexity as

hemodynamic collapse approaches.

PHASE ShE (Absolute range) ShE (N.V.)* CHANGE

Baseline (tilt-negative) ~ 3.0-33 0.95-1.05 -
Baseline (tilt-positive) ~ 2.7-3.0 0.86-0.95 ~ -10%
Pre-syncope (5-10 min before) ~ 2427 0.76-0,86 ~ -20%
Imminent Syncope (last 1-2 min) ~ 2225 0.70-0.79 ~ -30%

TABLE C: ShE numerical values for the considered groups of patients
[* N.V.= Normalized Value with respect to thebaseline of the people exhibiting a negative tilt test]

Physiological Interpretation

Phase 1 — Baseline (10-20 min)
e  ShE stable or slightly reduced
o Mild vagal predominance

e Subtle autonomic imbalance in tilt-positive subjects

Phase 2 — Pre-syncope (5—10 min before)
o  ShE decreases by ~20%

e loss of autonomic complexity begins
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e RR-interval patterns become less variable and more unstable

Phase 3 — Imminent Syncope (last 60-120 seconds)
e  ShE decreases by 25-30%
e  Sympathetic withdrawal and vagal surge

® RR intervals become more predictable — entropy drops sharply
Absolute ShE values varied across studies, but the relative percentage reductions were highly consistent. This temporal

pattern demonstrates that entropy decline anticipates hemodynamic collapse, making ShE one of the clearest early

markers of impending syncope. (See FIGURE 3)

Entropy Decline Timeline

Baseline Pre-Syncope Syncope Imminent

Shannon Entropy (ShE)

FIGURE 3. Shannon Entropy timeline during tilt testing. Line plot showing mean normalized ShE from baseline through pre-
syncope to imminent syncope (minutes before event), highlighting the stepwise decline and approximate percentage reductions

reported in the literature.

4.3 A UNIFIED INTERPRETATION: LOSS OF COMPLEXITY AS A UNIVERSAL PRECURSOR

A unified physiological insight is revealed by the combined analysis of AF and syncope: Cardiovascular instability is
always preceded by a decrease in physiological complexity, regardless of whether it is mechanical (syncope) or
electrical (AF). The hypothesis of a universal loss of physiological complexity is further illustrated by the conceptual
synthesis depicted in FIGURE 4, which visually integrates the entropy decline observed in both electrical and mechanical

instability.

In this way, ShE is elevated from a practical numerical descriptor to a theoretical and physiological metric that
encapsulates the integrity of autonomic-cardiovascular regulation and a meaningful indicator of system-level

resilience. These findings support several clinically relevant applications of ShE:
e a sensitive biomarker of early instability
® a quantitative measure of complexity loss

e a universal precursor of cardiovascular failure
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e a practical tool for prediction, monitoring, and personalized management

Naturally, it is crucial to consider that, in contrast to AF detection, where changes in ShE values persist for extended
periods of time—even for the entirety of a person's life in the case of persistent AF—RS detection is characterised by a
brief and transient window of time around the syncopal event. Consequently, AF remains the sole pathology in which ShE

decreases in a stable manner, as is already well-established in literaturel3l,

Integrated Timeline of Complexity Loss in Atrial Fibrillation and Reflex Syncope

Healthy Sinus Paroxysmal AF Persistent AF Electrical Instability
Rhythm
High ShE Moderate ShE reduction ~ Marked ShE reduction

Progressive loss of physiological complexity—» Cardiovascular instability

Baseline Presyncope Imminent Syncope Hemodynamic
(Tilt-Positive) (5-10 min Before) (0-2 min Before) Collapse
- o
m [ S - < 3-
Slightly Reduced ShE Moderate ShE reduction Sharp ShE drop _owest ShE

FIGURE 4 . Conceptual integration: universal loss of complexity. Diagram integrating AF and reflex syncope pathways to
illustrate how progressive entropy reduction maps to electrical instability (AF) and hemodynamic collapse (syncope), and to

indicate potential monitoring /early-warning applications.

In addition to the publications from 1 to 22 that are the subject of this analysis, eight more papers are listed in the
references23-30, Although they are not exactly included in the current study, they do serve as some absolute reference
scientific papers that the reader can utilise to dispel any concerns they may have or to better understand scientific concepts
or terminologies included in this work. Particularly, this encompasses:
» The utilisation of HRV analysis as a diagnostic instrument23
The Autonomic Nervous System's adaptability, resilience, and complexity24
The physiological and clinical background of vasovagal syncope?s

Data sources and methods for the assessment of the ANS Function2é

The HRV's physiological and historical background?8

>
>
>
> The nonlinear metrics used in data processing methodologies?”
>
» The function of ANS in cardiovascular stability2?

>

The clinical applicability of the HRV complexity indices3®

4.4 LIMITATIONS
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This study is a secondary synthesis of published datasets and therefore inherits the design choices, inclusion/exclusion
criteria, and statistical analyses of the original works. We did not re-compute subject-level statistics for each dataset;
instead, we relied on the published summary statistics and results. Heterogeneity across source studies (population
characteristics, recording protocols, preprocessing pipelines, and entropy parameter choices) may limit direct quantitative
comparability, but ,although subject-level data were not reprocessed, all entropy values were interpreted within the
methodological context of the original studies, ensuring conceptual coherence across datasets. Our aim was conceptual
integration and hypothesis generation rather than replication of individual study results. Prospective, harmonized data
collection and pooled reanalysis would be required to provide definitive, subject-level estimates and to perform unified

inferential testing.

5. Conclusions

A consistent finding across tilt-test studies is that Shannon Entropy (ShE) decreases markedly in the minutes preceding
syncope, reflecting a progressive loss of autonomic complexity. Tilt-positive subjects typically show slightly lower baseline
entropy values (£10% reduction), indicating a predisposition to autonomic instability. During the pre-syncope phase,
entropy declines further by 15-20%, and in the final 1-2 minutes before loss of consciousness it falls sharply by 25—
30%, corresponding to sympathetic withdrawal, vagal surge, and the emergence of a more predictable cardiac rhythm
structure. This temporal pattern demonstrates that entropy decline anticipates hemodynamic collapse, making ShE a

sensitive early marker of impending syncope.

A similar physiological signature—loss of complexity—has been observed in atrial fibrillation, where entropy reduction
precedes electrical instability and correlates with disease severity. The present findings therefore support a unifying
interpretation: a reduction in physiological complexity universally precedes cardiovascular instability, whether

mechanical (syncope) or electrical (atrial fibrillation).

In this framework, Shannon Entropy emerges not only as a useful numerical descriptor but as a quantitative indicator of
system-level resilience, capable of detecting early loss of complexity and supporting prediction, monitoring, and
personalized management of both arrhythmic and syncopal events. Future work should include prospective, harmonized
data collection to validate entropy-based early warning systems in clinical practice. Future harmonized studies will help

define clinical thresholds for entropy-based early warning systems.”
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