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Abstract

Stroke is a major cause of long-term disability and mortality worldwide, often resulting
in impairments not only in motor and cognitive functions but also in autonomic nervous
system (ANS) regulation. Among the physiological markers that reflect ANS activity, heart
rate variability (HRV) has emerged as a promising biomarker for assessing stroke severity
and predicting recovery outcomes. HRV quantifies the temporal fluctuations between
heartbeats and is traditionally analyzed through time- and frequency-domain measures.
More recent approaches have introduced non-linear metrics such as approximate entropy,
sample entropy, and detrended fluctuation analysis to capture complex heart rate dynamics.
In this narrative review, we address the role of both linear and non-linear HRV param-
eters in the context of stroke, highlighting their relevance for understanding autonomic
dysfunction and guiding rehabilitation. Evidence shows that reduced HRYV is associated
with poorer functional outcomes, higher mortality, and increased risk of complications
post-stroke. Moreover, HRV trends can provide valuable insights into treatment effec-
tiveness and individual recovery trajectories. We also discuss practical considerations for
HRV measurement, including device selection, preprocessing strategies, and the need for
methodological standardization. Finally, we outline interventional strategies that may
enhance HRV and promote better recovery. Together, these findings support the integration
of HRV analysis into stroke care as a non-invasive, accessible tool to guide prognosis and
tailor interventions.

Keywords: stroke; brain lesion; sensorimotor deficits; cognitive impairments; heart rate
variability (HRV); autonomic nervous system (ANS)

1. Introduction

Stroke is a major cause of disability and death among individuals affected by cere-
brovascular disease, representing a critical challenge for both patients and the healthcare
system. The impact of stroke extends beyond the immediate medical consequences, affect-
ing the quality of life of patients and placing substantial emotional and financial burdens
on their families [1,2]. The rehabilitative process after a stroke is often prolonged and
multifaceted, involving a range of therapeutic interventions aimed at improving motor
function, cognition, and overall quality of life [3]. Recovery is influenced by numerous
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factors, including the severity of the initial stroke, the specific brain regions affected, and
the patient’s overall health status. Among these factors, autonomic dysfunction is a crucial
yet often overlooked element [4,5].

Autonomic dysfunction refers to the impaired regulation of the autonomic nervous
system (ANS), which governs involuntary physiological functions such as heart rate,
blood pressure, respiration, and digestion. After a stroke, damage to central or peripheral
components of the ANS can disrupt the balance between sympathetic and parasympathetic
activity [6]. This imbalance may result in cardiovascular instability, arrhythmias, reduced
baroreflex sensitivity, and impaired stress adaptation, all of which can adversely affect
recovery and increase the risk of complications [4,7]. This dysfunction not only impairs
cardiovascular stability but also influences the effectiveness of rehabilitation efforts and
overall prognosis. As such, recognizing autonomic dysfunction is essential for optimizing
recovery strategies and improving long-term outcomes.

A stroke affects the balance of the main components of the ANS [8]. The sympathetic
nervous system (SNS) is responsible for the “fight or flight” response, preparing the body
for action by increasing heart rate, dilating pupils, and inhibiting digestion, among other
effects. The parasympathetic nervous system (PNS) promotes the “rest and digest” func-
tions, conserving energy by slowing the heart rate, stimulating digestion, and promoting
relaxation and recovery. In addition, the enteric nervous system (ENS) controls the di-
gestive system and is sometimes referred to as the “second brain” due to its autonomy
and extensive network of neurons. These three components work together to maintain
homeostasis, with the sympathetic and parasympathetic systems often having opposing
effects to balance bodily functions. An imbalance in the components of the ANS may
worsen the patient’s clinical condition [7,9].

A key parameter in evaluating the ANS function is heart rate variability (HRV), which
quantifies the time between consecutive heartbeats [10]. HRV offers information about
the body’s functional and emotional status [11]. Traditionally, HRV analysis has relied on
linear measures from time and frequency domains [12]. Common time-domain measures
include the standard deviation of normal-to-normal (NN) intervals (SDNN) and the Root
Mean Square of Successive Differences (RMSSD), which denotes the square root of the
mean squared differences between successive NN intervals. Frequency-domain analysis,
on the other hand, decomposes HRYV into its constituent frequencies, offering insights into
the contributions of the sympathetic and parasympathetic nervous systems to heart rate
regulation. Time- and frequency-domain parameters can be influenced by factors such as
health status, stress, and rest, with reduced HRV often indicating autonomic imbalance or
diminished physiological resilience. HRV analysis has expanded to include non-linear pa-
rameters, providing deeper insights into autonomic regulation [12]. Non-linear parameters,
including approximate entropy, sample entropy, and detrended fluctuation analysis (DFA),
quantify the complexity, irregularity, and long-range correlations in heart rate dynamics,
offering a view of autonomic regulation that complements traditional linear measures.
These metrics capture dynamic patterns and interactions in HRV that linear analyses may
overlook. By providing a broader perspective on autonomic function, non-linear features
may enhance the predictive value of HRV in clinical practice [13].

In this narrative review, we discuss the role of HRV as a potential prognostic biomarker
in stroke recovery. By examining both traditional linear measures and advanced non-linear
parameters, we highlight how HRV reflects the extent of autonomic dysfunction and its
impact on stroke outcomes. Specifically, reduced HRV, observed through time-domain,
frequency-domain, and non-linear measures, correlates with poorer recovery, increased
mortality, and heightened risk of adverse events related to stroke onset. We explore the
mechanisms behind these HRV changes, including neural damage, inflammation, and psy-
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chological factors. Additionally, we discuss the clinical utility of HRV for monitoring, risk
stratification, and guiding interventions such as pharmacological treatments, rehabilitation,
and lifestyle modifications. As HRV analysis evolves, integrating these diverse measures
is crucial for optimizing stroke management and improving patient outcomes. Future
research should continue to advance HRV techniques and develop targeted interventions
to enhance autonomic function and stroke recovery.

2. Pathophysiology of Stroke and Autonomic Dysfunction
2.1. Types of Stroke: Ischemic and Hemorrhagic

Strokes are broadly classified into two main types, namely, ischemic and hemorrhagic
(Figure 1). Ischemic strokes affect about 85% of all stroke patients; they occur when a blood
clot blocks an artery in the brain [3]. This obstruction hinders blood flow and oxygen supply,
thus causing ischemia-mediated brain tissue damage. The blockage may be thrombotic or
embolic in origin. Thrombotic strokes are caused by a clot originating in one of the brain’s
arteries, usually due to atherosclerosis. In contrast, in an embolic stroke, the clot is formed
somewhere else in the body, such as in the heart, and then travels to the brain.

A Hemorrhagic stroke B  Ischemic stroke

bleeding clot

Figure 1. [llustration of hemorrhagic and ischemic strokes. (A) A hemorrhagic stroke occurs when
a blood vessel bursts, causing bleeding into the brain. (B) An ischemic stroke occurs when a blood
vessel supplying the brain becomes blocked, as by a clot.

Hemorrhagic strokes, on the other hand, are caused by the breaking of a vessel in the
brain, which results in bleeding in or around the brain [3]. There are two primary types of
hemorrhagic stroke: intracerebral hemorrhage and subarachnoid hemorrhage. Intracerebral
hemorrhage is a type of bleed that happens when an artery within the brain is ruptured
and begins to bleed. Subarachnoid hemorrhage is defined as bleeding that takes place in
the subarachnoid space that separates the brain and the fragile membranes enveloping
it. Hemorrhagic strokes are secondary to processes like hypertension, aneurysms, arteri-
ovenous malformations, and head injury. Ischemic and hemorrhagic strokes cause severe
neurological impairments. As a result, patients develop physical, social, and cognitive
disabilities [5].

2.2. Impact of Autonomic Dysfunction in Stroke

The ANS plays a critical role in regulating cardiac rhythm, blood pressure, and the
characteristics of blood vessels. Following a stroke, ANS dysfunction can occur, mani-
festing as imbalances between the sympathetic and parasympathetic systems [7,9]. Such
imbalances can significantly impact stroke outcomes and may vary between individuals.
In stroke patients, changes include altered resting heart rate and blood pressure dynamics,
increased variability in these parameters, reduced baroreflex sensitivity, and disrupted
autonomic reflexes [9,14]. Baroreflex, which is essential for detecting and responding to
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blood pressure fluctuations, is particularly affected. Impaired baroreflex function reduces
the body’s ability to maintain cardiovascular stability, contributing to greater instability
and stress in stroke patients. Consequently, the compromised autonomic reflex arcs lead to
a decreased ability to manage neuromuscular stress, further exacerbating cardiovascular
instability [15].

Autonomic changes can also predispose the patient to increased mortality, more
frequent recurrent strokes, and poorer functional outcomes. Studies have also revealed
that post-stroke autonomic dysfunction is directly linked to cardiac arrhythmias, acute
myocardial infarction, and sudden cardiac mortality [16]. This underlines the necessity to
pay sufficient attention to the assessment of the autonomic function condition in stroke
patients to enhance their prognoses. Furthermore, it is important to explore and determine
the degree to which autonomic dysfunction occurs in stroke patients depending on the type
and severity of the stroke to ease the creation of effective strategies to be employed [5,17].
Through early recognition of autonomic dysfunction in the course of stroke after-effects
management, clinicians may enhance the patient’s quality of life and alleviate stroke
deficits [3]. Studies revealing the means of restoring the balance of sympathetic and
parasympathetic activity, for instance, autonomic modulation therapies, exercise, and stress
reduction, may be sought to help boost the quality of life in stroke patients [4,18,19].

3. Heart Rate Variability: Measurement and Analysis
3.1. Basics of HRV

Heart rate variability (HRV) is a measure of the variation in time between consecutive
heartbeats (i.e., RR or inter-beat interval) (Figure 2), reflecting the ability of the heart
to adapt to various physiological and environmental factors. Unlike heart rate, which
measures beats per minute, HRV captures subtle changes in timing between each beat,
providing insights into the ANS’s regulation of the heart. A higher HRV generally indicates
a well-functioning, adaptable heart and a balanced nervous system, while a lower HRV
can suggest stress, fatigue, or underlying health issues. As such, HRV is often used as an
indicator of overall cardiovascular health, stress levels, and physical fitness [20].

90 Heart rate
80
70
E 60
g
2
e 50
©
£ 40 R peaks
©
o
T 30- i |
20 | |
= WP\/M“ A ﬂu/‘t\/‘ 1/ \ L—‘L ECG signal
10 !
0 T T - r T - T
0 2 4 6 8 10 12 14 16

Time (s)

Figure 2. Variations of heart rate over time, derived from the time elapsed between consecutive R
peaks. The electrocardiography (ECG) signal is shown on the bottom, whereas the instantaneous
heart rate is represented by the blue line. This pattern of heart-rate accelerations and decelerations is
the basis of the heart’s functioning.

3.2. Methods of HRV Measurement

HRYV can be estimated by different devices, each with its peculiarities. The most
frequently used devices are standard 12-lead electrocardiograms (ECGs), ambulatory moni-
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toring devices such as Holter monitors, and innovative wearable technologies (Figure 3).
Among other parameters, the choice of the device and the measurement duration are the
most critical factors affecting the analysis and interpretation of the cardiac signal.

re
A

12-lead
ECG system

| . |

\_ Holter-ECG system / \_ Wearable ECG sensor A

Figure 3. Examples of different systems for ECG measurement. (A) A 12-lead ECG system is a medical
device to collect short recordings of the heart’s electrical activity from 12 different electrodes placed
on the body while the participant is lying. (B) A Holter-ECG system is a portable device that uses
electrodes attached to the chest and allows for monitoring of the heart’s rhythm and electrical signals
during normal daily activities. (C) A wearable ECG sensor is a compact device for the monitoring of
the heart’s electrical activity during daily activities, which is often embedded in smartwatches, chest
straps, or patches.

The 12-lead ECG is the most commonly used HRV assessment approach, popularly
considered the gold standard. It gives detailed results in a short period and usually takes
up to a few minutes. This method is popular in healthcare organizations since it is precise
and consistent. The high resolution of ECG makes it easy to identify RR intervals, which
are a critical factor in HRV reliability [21]. However, because of the short measurement
duration and the need for a controlled clinical environment, it may fail to register long-term
variability and the impact of daily activities on heart rate dynamics [22].

Holter monitors are ambulatory tools that capture ECG signals for several hours,
commonly twenty-four hours or more. This ability to record for the long term gives a
comprehensive evaluation of the HRV and autonomic function both during the day and
at night [23]. Holter monitors are mainly preferred because they help detect the rhythms
associated with a 24-h day and differing activities, stress, and sleep, all of which interfere
with HRV. However, the continuous mode of Holter monitoring can introduce artifacts
because of movement and changes in electrode contact with the skin, so data preprocessing
is necessary.

Furthermore, there are various modern devices based on the concept of wearable elec-
tronics, including smartwatches, fitness trackers, etc., that have transformed the process of
monitoring HRV. Such devices offer easy and effective ways of monitoring HRV in the long
term in natural conditions [24]. Unlike ECGs, which directly measure the heart’s electrical
activity via the QRS complex, most wearables use photoplethysmography (PPG), an optical
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method that detects blood volume changes to estimate interbeat intervals. PPG-based
wearable devices have gained popularity for HRV monitoring due to their convenience and
ease of use. These devices estimate HRV by detecting blood volume changes at the skin
surface using light sensors. While several studies have demonstrated moderate-to-high cor-
relation with ECG-based HRV under resting conditions, their accuracy can be significantly
compromised by movement, irregular light exposure, and sensor placement. Moreover,
PPG'’s sensitivity to skin tone and ambient lighting presents further limitations for consis-
tent HRV capture [25,26]. Despite these challenges, PPG-based devices are increasingly
used for long-term monitoring in real-world settings. Their potential utility in stroke risk
stratification lies in enabling passive, continuous data collection in post-discharge patients
who may otherwise not undergo regular cardiovascular assessment [27].

3.3. HRV Preprocessing

HRYV analysis is highly sensitive to artifacts and noise, making it essential to preprocess
the cardiac signal before analysis. Artifacts induced by movement or poor electrode contact
can introduce irregularities in the ECG signal. Filtering is often used to eliminate high-
frequency noise and baseline drift from the ECG signal, which can obscure the true nature
of RR intervals [28,29]. Both low-cut and high-cut filtering strategies are employed to
define the signal’s band frequency and focus on the time segment of interest, thereby
improving the quality of the data. In addition, various algorithms and software tools have
been developed to detect and correct these artifacts, which affect the correct detection
of heartbeats.

Detection errors, such as false positives (detecting heartbeats that do not exist) or false
negatives (missing true heartbeats), can substantially impact the estimation of RR intervals.
This issue affects not only ECG but also PPG, leading to inaccurate HRV measures [30].
These detection errors can arise from various sources, including noise, artifacts, or limita-
tions in the detection algorithms. False positives can artificially shorten RR intervals, while
false negatives can elongate them, both of which distort the derived HRV metrics. To miti-
gate these effects, it is crucial to implement correction methods that accurately identify and
correct these distortions [31]. One effective approach involves setting realistic assumptions
about the duration of individual RR intervals based on preceding intervals, leveraging the
inherent regularity of cardiac cycles under physiological conditions. By carefully correcting
for these detection errors, the reliability and validity of HRV analysis can be significantly
enhanced, providing a more accurate reflection of physiological variations.

3.4. Extraction of Traditional Linear HRV Parameters

Traditional HRV analysis encompasses two primary approaches—time-domain and
frequency-domain parameters—each offering distinct perspectives on autonomic function
and dysfunction. Time-domain parameters provide insights into how much the RR intervals
deviate from an average level [12,32]. These parameters are straightforward to compute
and understand, making them widely used in both research and clinical practice.

One of the key time-domain parameters is the Mean RR Interval (NN), which rep-
resents the average time between consecutive heartbeats. This metric offers a basic view
of heart rate over a specified period. Another important parameter is the SDNN, which
reflects the total HRV and is influenced by both sympathetic and parasympathetic activities.
SDNN calculates the mean of the NN intervals and indicates the variability of the interbeat
intervals through their standard deviation. Additionally, the RMSSD is used to assess
short-term HRYV, primarily reflecting parasympathetic activity. RMSSD is determined as
the square root of the average of the squares of the differences between successive NN
intervals. Another related parameter is pNN50, which quantifies the proportion of NN
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intervals that differ by more than 50 milliseconds from the previous interval, serving as
another index of parasympathetic tone and short-term HRV [33].

In contrast, frequency-domain parameters describe the power or variance patterns
within designated frequency bands of the HRV signal, offering insights into the physio-
logical processes regulating heart rhythm [12,32]. Low-Frequency (LF) power, within the
0.04-0.15 Hz range, mainly represents both sympathetic and parasympathetic activity and
is commonly associated with baroreceptor activity and blood pressure regulation. High-
Frequency (HF) power, ranging from 0.15 to 0.4 Hz, primarily reflects parasympathetic tone
and is linked to respiratory frequency fluctuations in heart rate, making it a key measure of
parasympathetic activity. The LF/HF ratio, a widely recognized index, represents the bal-
ance between sympathetic and parasympathetic influences. Higher LF/HF values suggest
sympathetic dominance, while lower values indicate parasympathetic predominance [34].

3.5. Extraction of Non-Linear HRV Parameters

Recent advancements in the field of HRV have introduced novel indices designed
to capture the complex, non-linear fluctuations in heart rate dynamics. Among these,
Lyapunov Exponent (LE), Approximate Entropy (ApEn), Sample Entropy (SampEn), and
Detrended Fluctuation Analysis (DFA) have gained prominence. These non-linear measures
provide deeper insights into autonomic regulation that go beyond the capabilities of
traditional linear analysis methods [12].

LE measures the sensitivity of the heart rate time series to initial conditions, quanti-
fying how small perturbations can grow over time [35]. A positive LE indicates chaotic
behavior, suggesting a highly responsive and adaptable ANS capable of reacting swiftly to
environmental changes. This adaptability is crucial for maintaining cardiovascular stability
and responding to physiological demands. However, excessively high values may reflect
pathological conditions, where heart rate dynamics become overly chaotic and unpredictable.
By assessing the degree of chaos and stability in heart rate dynamics, LE offers valuable
insights into the balance between order and flexibility in autonomic regulation.

ApEn is a statistical measure that quantifies the complexity and irregularity within
a time series by evaluating the predictability of subsequent data points [36,37]. Lower
ApEn values indicate more regular and predictable heart rate patterns, often associated
with reduced physiological complexity, which is commonly observed in pathological states.
Conversely, higher ApEn values reflect greater complexity and variability, suggesting a
more adaptable and resilient autonomic regulation. The adaptability of the ANS is crucial
for responding to various physiological demands, and ApEn offers a window into this
aspect of cardiac function.

SampEn builds upon the foundation laid by ApEn, offering a more refined and robust
measure of data complexity. Unlike ApEn, SampEn reduces the influence of data length and
sensitivity to noise, making it a more reliable metric for assessing the complexity of HRV
signals [38]. SampEn specifically measures the likelihood that similar patterns in a time
series will remain consistent as more data points are considered. Higher SampEn values
indicate greater complexity and suggest a more sophisticated level of autonomic control,
which is essential for maintaining homeostasis in the face of external and internal stressors.
SampEn’s improved robustness makes it a preferred choice in clinical and research settings
where data quality and consistency vary.

DFA offers a different approach by examining the fractal-like properties and long-
range correlations present in HRV data. DFA evaluates the self-similarity of the HRV signal
across different time scales, providing insight into the long-term correlations and scaling
behaviors of the ANS’s regulation [39,40]. The scaling exponent derived from DFA reflects
the degree to which the HRV signal maintains consistent characteristics over multiple scales.
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Typically, a value around 1.0 suggests healthy autonomic regulation, while significantly
lower or higher values may indicate autonomic imbalance or dysfunction. Importantly,
DFA is particularly valuable in detecting subtle changes in autonomic function that may
not be apparent through traditional linear analysis.

4. HRV as a Biomarker in Stroke Recovery
4.1. Mechanisms Underlying HRV Changes Post-Stroke

The reasons behind the fluctuations in HRV among stroke patients are both numerous
and complex, reflecting the intricate interplay of various physiological processes. Several
key factors contribute to these changes in autonomic regulation, including damage to
the central nervous system [41,42], inflammatory responses [43,44], and neuroendocrine
disruptions [45,46].

When it comes to central nervous system damage, a stroke can have a profound impact
on the brain regions responsible for regulating the ANS, particularly the brainstem and
hypothalamus [44]. These areas play a crucial role in maintaining the balance between
sympathetic and parasympathetic activities, which is essential for stable HRV [47]. When the
brainstem is affected—especially areas like the nucleus of the solitary tract and the dorsal
motor nucleus of the vagus nerve, both vital for cardiovascular regulation—the result can be a
significant disruption in autonomic function. This imbalance between the sympathetic and
parasympathetic nervous systems often leads to a noticeable decrease in HRV.

Another major factor influencing HRV variability post-stroke is systemic inflammation.
Stroke triggers an inflammatory response that does not just stay local but can rather
affect the ANS as well [48]. Pro-inflammatory cytokines such as interleukin-6 (IL-6) and
tumor necrosis factor-alpha (TNF-«) can impair parasympathetic signaling and enhance
sympathetic output by acting on brain regions that regulate autonomic balance, such
as the hypothalamus and brainstem. These effects contribute directly to the observed
reductions in HRV after stroke, beyond mere association [49,50]. This connection becomes
even more significant when considering that post-stroke chronic inflammation can prolong
autonomic disturbances, further lowering HRV and complicating the recovery process.
In other words, the inflammation that follows a stroke is not just a byproduct. It actively
hampers the autonomic system’s ability to regain balance, which in turn affects the patient’s
overall prognosis.

Neuroendocrine disturbances also play a critical role in altering HRV after a stroke.
The disruption of the hypothalamic—pituitary—adrenal (HPA) axis and the production of
stress hormones like cortisol and norepinephrine are particularly impactful [45,51]. These
hormones are part of the body’s natural stress response, but when they are overproduced,
as often happens after a stroke, they can negatively impact autonomic regulation. The
chronic stress that follows a stroke, driven by these elevated hormone levels, is strongly
linked to decreased HRV. This ongoing imbalance not only reflects the body’s struggle to
cope with the stress but also poses a significant challenge to the rehabilitation process [52].
The HPA axis, which is central to regulating stress and maintaining homeostasis, becomes
a critical factor here; its dysfunction can affect almost every organ and system in the body,
further complicating the patient’s recovery.

4.2. Utility of HRV as a Prognostic Tool in Stroke

HRYV has emerged as a promising non-invasive biomarker for predicting outcomes
in stroke patients. Lower HRV has been consistently associated with increased mortality,
greater stroke severity, and reduced potential for recovery. For example, specific HRV
measures such as SDNN and RMSSD are significantly lower in patients who do not
survive the first 30 days following a stroke [42,53]. Additionally, autonomic function
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assessed through HRV during the early post-stroke period (1-3 and 7-10 days) has been
independently linked to poor three-month outcomes in patients undergoing intravenous
thrombolysis [54].

Beyond mortality, HRV appears closely related to stroke severity. Patients with reduced
HRYV often exhibit larger infarct volumes and more pronounced motor deficits [55]. In
cases of stroke-in-evolution (SIE), complexity index values of HRV are significantly lower,
whereas higher values are associated with reduced risk of SIE, indicating the potential of
HRV as an early warning marker for worsening neurological status [55].

HRYV is also a potential indicator of functional recovery. Patients with diminished HRV
tend to show poorer responses to motor rehabilitation [56]. Conversely, strategies aimed at
improving autonomic function, such as vagus nerve stimulation, are linked to enhanced
rehabilitation outcomes [57]. These findings suggest that HRV could play a valuable role
not only in acute risk stratification but also in guiding longer-term recovery planning.

5. Clinical Applications

HRV can serve as a diagnostic tool for assessing stroke prognosis, particularly because
ANS dysfunction plays a crucial role in determining patient outcomes [58]. Understanding the
mechanisms behind HRV changes and integrating HRV measurements into routine clinical
practice could enhance stroke care. HRV can guide the customization of treatment plans and
management strategies, ultimately leading to improved outcomes in stroke patients.

5.1. Risk Stratification Based on HRV

Research supports HRV as an effective tool for stratifying stroke patients based on their risk
levels. Decreased HRV predicts post-stroke complications, including additional cardiovascular
issues or recurrent strokes [59]. This stratification is particularly crucial in the first few days
following a stroke, when timely intervention can significantly influence outcomes.

Low HRYV levels typically indicate impaired ANS regulation and are associated with a
higher mortality rate. Patients with reduced HRV may need closer monitoring and targeted
interventions to prevent complications, as they are in a higher-risk category [24]. For example,
using HRV in acute stroke cases may help predict the development of complications such as
arrhythmias or cardiovascular dysfunction [54]. Conversely, relatively higher HRV values are
generally associated with better autonomic regulation and a lower risk of severe complications.

It is important to consider the substantial inter-individual and intra-individual vari-
ability in HRV, both of which impact its clinical interpretation. Inter-individual variability
arises from stable characteristics such as age, sex, fitness level, baseline autonomic tone,
and psychological traits (e.g., trait anxiety and emotion regulation capacities), all of which
may influence resting HRV values even in the absence of disease [60,61]. In contrast, intra-
individual variability reflects short-term fluctuations in HRV due to circadian rhythms,
posture, physical activity, sleep, and emotional state [62,63]. These temporal changes may
obscure pathological signals unless longitudinal or standardized measurements are applied.
In the context of stroke, the absence of individual pre-stroke HRV baselines complicates
interpretation. Thus, personalized baseline assessments, where feasible, and within-subject
tracking over time are critical to distinguishing clinically meaningful changes from natural
variability. Such contextualization supports the utility of HRV as a reliable prognostic
biomarker within a biopsychosocial framework.

5.2. Monitoring Recovery Using HRV

Heart rate variability (HRV) is an increasingly valuable biomarker for assessing the re-
covery process in stroke patients. By tracking fluctuations in HRV characteristics over time,
clinicians can gain insights into how well patients are responding to various therapeutic
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interventions. HRV reflects the dynamic balance between sympathetic and parasympa-
thetic nervous system activity, making it particularly relevant for monitoring post-stroke
autonomic function, a key factor in overall recovery.

Improvements in HRV parameters, such as increased high-frequency power or nor-
malized time-domain indices, may signal the gradual restoration of autonomic balance and
better physiological resilience. For example, stroke patients with preserved or improved
HRYV after motor rehabilitation were found to have better functional outcomes in the short
physical performance battery and handgrip strength tests compared to those with reduced
HRV (Figure 4). This suggests that HRV may serve not only as a passive indicator but also
as a responsive metric tied to therapeutic success [56].
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Figure 4. Difference in functional outcome after rehabilitation in patients with normal HRV and
depressed HRV. The figure shows the change from baseline value after motor rehabilitation in the
(A) short physical performance battery and (B) handgrip strength. The figure is adapted from [56],

with permission.

Growing evidence supports the use of HRV as a feedback tool to evaluate the effective-
ness of rehabilitation programs. Regular HRV assessments enable clinicians to individualize
rehabilitation protocols to maximize functional gains and recovery speed [56,57]. For in-
stance, if a patient’s HRV stagnates or declines during therapy, it may indicate insufficient
autonomic recovery or overexertion, prompting clinicians to adjust the regimen by incor-
porating more cardiovascular conditioning, stress management techniques, or adjusting
intensity to match physiological capacity.

Moreover, HRV-guided treatment adjustments enhance the responsiveness and adapt-
ability of rehabilitation programs. Continuous HRV monitoring can flag acute changes in
autonomic function, allowing for early intervention and preemptive changes in therapy
plans before clinical deterioration becomes apparent [13]. This dynamic, patient-centered
approach facilitates precision rehabilitation, aligning treatment with each patient’s evolving
needs and contributing to better long-term outcomes.

5.3. Interventional Strategies to Improve HRV

Numerous interventional approaches have been suggested to augment HRV and facili-
tate stroke recovery, encompassing the regulation of sympathetic/parasympathetic balance.
For instance, several drugs have demonstrated well-established or promising effects to
modulate autonomic tone, including beta-blockers and acetylcholinesterase inhibitors.
Beta-blockers are known to reduce sympathetic tone while enhancing parasympathetic
tone, which positively influences HRV [64]. Similarly, cholinergic-modulating drugs, partic-
ularly cholinesterase inhibitors, have been explored for their ability to enhance vagal tone,
thereby improving HRV [65]. These pharmacological interventions can be integrated into



Biomedicines 2025, 13, 1659

11 0f 18

multidisciplinary stroke management strategies to enhance ANS regulation and promote
recovery across various types of stroke.

Behavioral therapies such as exercise and mindfulness training have also proven
effective in enhancing HRV and improving clinical outcomes in stroke survivors. While the
intensity and timing of physical exercise must be carefully adapted to individual stroke
severity and recovery stage, it can support improvements in autonomic function and, over
time, cardiovascular fitness. Research shows that regular physical activity, when feasible,
enhances parasympathetic activity and modulates sympathetic activity, thereby improving
autonomic tone [66,67]. Aerobic activities such as walking, cycling, and swimming can
help rebalance the autonomic nervous system by increasing parasympathetic tone and
reducing sympathetic dominance over time. However, the acute effects of these exercises
on HRV depend on the intensity and duration of the activity. For example, a gentle walk
in nature may acutely increase HRV, while prolonged or high-intensity exercise, such as
a 3-h bike ride, can temporarily suppress HRV due to increased physiological stress [68].
Strength training and flexibility exercises also contribute to improved autonomic function
and may positively impact HRV when appropriately tailored to the individual’s capacity.
Notably, acute resistance exercise has been shown to reduce parasympathetic modulation
temporarily, especially at higher intensities [69]. In clinical populations, lower-intensity
resistance exercise appears to produce more favorable effects on HRV than high-intensity
resistance training [70].

Mindfulness practices, including meditation, deep breathing, yoga, and tai chi, can
improve HRV by reducing psychological stress and promoting relaxation [71]. These
practices are particularly beneficial for addressing the psychological challenges associated
with stroke, leading to improved autonomic function and quality of life. For instance,
mindfulness-based interventions have shown promise in stroke rehabilitation, with pre-
liminary evidence suggesting potential improvements in HRV, reductions in anxiety and
depression, and enhanced quality of life. However, findings remain tentative due to the
limited number and methodological variability of existing studies [72].

6. Future Directions

Future research should aim to consolidate HRV’s role in stroke rehabilitation by addressing
three areas: longitudinal monitoring, mechanistic understanding, and multimodal integration.
These efforts may strengthen HRV’s clinical utility and improve prognostic accuracy.

6.1. Longitudinal Studies

Longitudinal studies are essential for understanding the long-term impact of HRV on
stroke recovery outcomes [66]. These studies should focus on assessing improvements in
key recovery areas, such as motor function, cognition, and quality of life in stroke patients.
Since most research on HRV variations spans periods of weeks or months, it is crucial
to identify patterns and predictors in the recovery process, which can then be applied
in clinical practice [73]. Longitudinal data, in particular, offer valuable insights into the
temporal aspects of autonomic regulation and how it interacts with different phases of
stroke rehabilitation.

The strength of longitudinal studies lies in their ability to provide detailed information
on the changes in HRV throughout a patient’s recovery. For instance, these studies can
track the temporal dynamics of HRV from the acute stage of stroke through to the chronic
stage, identifying factors that influence these changes [74]. Additionally, such research
can evaluate the effects of various interventional strategies on HRV and, by extension,
on recovery outcomes [54,57]. Longitudinal HRV monitoring may guide personalized
interventions in stroke care.
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6.2. Mechanistic Studies

Further biochemical and cellular research is needed to elucidate the physiological
factors that drive changes in HRV among stroke patients. Understanding these mechanisms
will help identify potential treatment targets and improve the effectiveness of therapeutic
strategies. For example, studying the relationship between inflammatory processes in
stroke and shifts in HRV could reveal insights into neuroendocrine and central nervous
system damage, as well as other aspects of autonomic dysfunction [75,76]. By gaining a
deeper understanding of ANS regulation and its imbalances, clinicians can develop more
precise therapies to modulate the ANS and enhance the recovery process.

Research into the neural substrates underlying HRV changes can also provide clin-
icians with valuable insights into the impact of stroke on the ANS. By combining neu-
roimaging and electrophysiological studies, researchers can develop a comprehensive un-
derstanding of the mechanisms involved in autonomic dysfunction post-stroke. Functional
magnetic resonance imaging can be used to observe brain activity related to HRV varia-
tions, identifying specific regions involved in autonomic regulation following stroke [77,78].
Conversely, diffusion magnetic resonance imaging can provide insights into white matter
integrity and connectivity between autonomic centers in the brain [79]. By studying these
connections, researchers can identify disruptions caused by stroke and their impact on HRV,
pinpointing crucial neural pathways for autonomic function. Furthermore, the relationship
between neural activity and HRV changes can be analyzed using electroencephalography
to examine brain wave patterns. This approach helps identify specific neural oscillations
associated with autonomic dysfunction, offering a deeper understanding of the neural
mechanisms underlying HRV changes [80,81].

6.3. Integration with Complementary Biomarkers

Future studies should prioritize combining HRV with other biomarkers and clinical
indicators to enhance the specificity of prognoses and optimize patient management. While
HRYV has shown potential as a non-invasive marker of autonomic function, its predictive
power can be substantially enhanced when combined with other physiologic and biochem-
ical indicators. Stroke is a systemic disorder with multisystem involvement—including
inflammation, cardiac stress, and neurovascular injury—and a multimodal approach to
prognostication is more likely to capture this complexity.

Inflammatory biomarkers, particularly C-reactive protein (CRP) and IL-6, have been
independently associated with poor stroke outcomes and reduced HRV. These cytokines are
key mediators in the acute phase response and may contribute to impaired parasympathetic
tone and sustained sympathetic activation. Elevated CRP and IL-6 levels not only correlate
with infarct volume and mortality but also mirror autonomic dysregulation, suggesting a
pathophysiological link between inflammation and HRV suppression [82].

Cardiac biomarkers, such as troponin and brain natriuretic peptide (BNP), are also
clinically relevant. Troponin elevations are observed in up to 20-30% of acute ischemic
stroke patients, even in the absence of overt coronary disease, often reflecting neurogenic
myocardial injury or concurrent cardiac dysfunction. Similarly, BNP is linked to atrial
fibrillation, cardioembolic stroke subtype, and poor long-term outcomes [83]. When consid-
ered alongside HRV data, these markers can help distinguish between centrally mediated
autonomic dysfunction and primary cardiac pathology, which may influence both acute
management and rehabilitation planning [41].

Neuroimaging markers provide anatomical and structural insights that complement
physiological measurements. For instance, strokes affecting the insula, hypothalamus, or
brainstem are more likely to disrupt autonomic regulation and produce lower HRV. Infarct
volume and lesion location based on magnetic resonance imaging (MRI) can therefore
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contextualize HRV changes and improve patient stratification when combined in predictive
models [20]. A growing number of studies support this integrative approach. For example,
a composite risk model incorporating HRV, CRP, and BNP was proposed, which more
accurately predicted complications such as post-stroke infections and delayed neurological
deterioration [84]. Similarly, it was found that HRV alone underestimates risk in complex
patients and that combining it with systemic and neuroimaging data significantly improves
prognostic accuracy [85].

Beyond biological markers, advanced data integration techniques, including machine
learning and multimodal data fusion, offer a promising path forward. By combining HRV
with clinical scores of stroke severity, lab values, and imaging metrics, these systems can
personalize prognostication and rehabilitation pathways. In the future, wearable devices
and point-of-care diagnostics may further facilitate real-time integration of HRV with
biochemical markers, enhancing early detection of complications and enabling dynamic
risk assessment.

6.4. Methodological Challenges

Despite its clinical and research potential, HRV measurement is subject to several
methodological challenges that can impact its interpretation and utility, especially in stroke
rehabilitation contexts. HRV is highly sensitive to numerous external and physiological
factors, including nutrition and hydration status, caffeine and alcohol intake, physical activ-
ity, time of day, posture, respiration rate, and sleep quality [86]. These variables introduce
substantial within- and between-subject variability, making it complex to distinguish patho-
logical changes from normal physiological fluctuations, particularly in patients without
pre-stroke HRV baselines.

Hence, standardization of measurement protocols is essential to minimize confound-
ing factors and improve data comparability across studies. For example, resting-state
HRYV should ideally be recorded at the same time of day, under consistent environmental
conditions, and following strict pre-assessment guidelines (e.g., fasting, no recent exercise,
and controlled breathing) to enhance reliability [12].

Additionally, different HRV metrics (time-domain, frequency-domain, and non-linear)
are influenced by varying physiological processes and measurement durations, adding
complexity to interpretation. Short-term (e.g., 5-min) and ultra-short-term (e.g., <1-min)
HRV recordings, often used in wearable technology and clinical settings, may lack the
robustness of 24-h recordings for certain indices [87]. Inconsistent use of these metrics
across studies further hampers generalization and clinical translation.

However, recent research has demonstrated that, when properly standardized, HRV
measurements can exhibit strong reliability [88]. For instance, a recent study using wearable
technology showed high intra-individual consistency of HRV during sleep and resting
states, supporting its value for longitudinal monitoring [89]. This progress underscores the
importance of rigorous methodology and careful contextual interpretation in both clinical
and research applications of HRV. To advance HRYV as a reliable biomarker in stroke care,
future studies must prioritize methodological transparency, standardized protocols, and
reporting guidelines. Doing so will help ensure more accurate, reproducible results and
facilitate clinical adoption.

7. Conclusions

HRYV is recognized as a key prognostic factor in stroke recovery, as it provides insight
into autonomic modulation and its critical influence on cardiovascular stability, neurological
function, and overall health status. By utilizing both conventional time-domain and
frequency-domain parameters, along with novel non-linear methods, clinicians can gain a
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comprehensive understanding of autonomic activity. These aspects can be combined to
provide precise measures that reflect the dependence of autonomic dysfunction on stroke
severity, mortality rate, and functional recovery. There is evidence from human clinical
trials proving that HRV is helpful in stroke patient management and risk differentiation.
HRYV could play a pivotal role in clinical practice by guiding therapeutic interventions to
improve patient outcomes. This is encouraging because as more healthcare practitioners
integrate HRV into their practice, they can develop rehabilitation and stroke therapies
that are better aligned with the patient’s recovery needs, ultimately enhancing overall
healthcare delivery.

The next step involves conducting further research that refines the current methodology
and deepens the theoretical understanding of HRV in stroke. Future studies should explore
the interactions between HRV and other biomarkers, such as neuroimaging data, genetic
factors, and inflammatory markers, to gain a more comprehensive understanding of stroke
pathology and recovery. Additionally, longitudinal studies are essential to determine the
long-term impact of HRV on stroke outcomes, which could lead to more effective prognostic
models and treatment strategies. The ability to collect HRV data through wearable sensors,
such as smartwatches or fitness bands, enhances its practicality as a health marker, offering an
accessible, cost-effective, and potentially high-impact means of continuous monitoring.

In conclusion, the use of HRV as a predictive tool enables stakeholders in stroke care
to improve the nature of existing management in this specialty. It also helps to advance the
quality of treatment and care of stroke patients and enhances the quality of their lives. Since
more knowledge, experience, and research about HRV continue to grow, HRV analyses will
become a part of modern healthcare practices for stroke, with the potential to significantly
improve patient outcomes.
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Abbreviations

The following abbreviations are used in this manuscript:

ANS Autonomic Nervous System
ApEn Approximate Entropy

BNP Brain Natriuretic Peptide

CRP C-Reactive Protein

DFA Detrended Fluctuation Analysis
ECG Electrocardiogram

ENS Enteric Nervous System

HF High Frequency

HPA Axis Hypothalamic-Pituitary—Adrenal Axis
HRV Heart Rate Variability

IL-6 Interleukin 6

LE Lyapunov Exponent

LF Low Frequency

LF/HF Low Frequency/High Frequency Ratio

MRI Magnetic Resonance Imaging

PNN50 Proportion of NN Intervals that Differ by More Than 50 ms
PNS Parasympathetic Nervous System
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PPG Photoplethysmography
RMSSD Root Mean Square of Successive Differences
SampEn Sample Entropy

SDNN Standard Deviation of Normal-to-Normal Intervals
SIE Stroke-in-Evolution
SNS Sympathetic Nervous System
TNF-« Tumor Necrosis Factor-alpha
References
1.  Pucciarelli, G.; Vellone, E.; Savini, S.; Simeone, S.; Ausili, D.; Alvaro, R.; Lee, C.S.; Lyons, K.S. Roles of Changing Physical

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Function and Caregiver Burden on Quality of Life in Stroke: A Longitudinal Dyadic Analysis. Stroke 2017, 48, 733-739. [CrossRef]
[PubMed]

Tziaka, E.; Tsiakiri, A.; Vlotinou, P,; Christidi, F.; Tsiptsios, D.; Aggelousis, N.; Vadikolias, K.; Serdari, A. A Holistic Approach to
Expressing the Burden of Caregivers for Stroke Survivors: A Systematic Review. Healthcare 2024, 12, 565. [CrossRef] [PubMed]
Teasell, R.W,; Foley, N.C.; Bhogal, S.K.; Speechley, M.R. An Evidence-Based Review of Stroke Rehabilitation. Top. Stroke Rehabil.
2003, 10, 29-58. [CrossRef] [PubMed]

Damkjeer, M.; Simonsen, S.A.; Heiberg, A.V.; Mehlsen, J.; West, A.S.; Jennum, P; Iversen, H.K. Autonomic Dysfunction after Mild
Acute Ischemic Stroke and Six Months after: A Prospective Observational Cohort Study. BMC Neurol. 2023, 23, 26. [CrossRef]
Tenberg, A.; Tahara, N.; Grewal, A.; Herrera, A.; Klein, L.M.; Lebo, R.; Zink, E.K.; Bahouth, M.N. Dysautonomia and Activity in
the Early Stroke Recovery Period. Neurol. Sci. 2024, 45, 2505-2521. [CrossRef]

Armstrong, R.; Wheen, P; Brandon, L.; Maree, A.; Kenny, R.-A. Heart Rate: Control Mechanisms, Pathophysiology and
Assessment of the Neurocardiac System in Health and Disease. QJM Int. ]. Med. 2022, 115, 806-812. [CrossRef]

Jimenez-Ruiz, A.; Racosta, ].M.; Kimpinski, K.; Hilz, M.].; Sposato, L.A. Cardiovascular Autonomic Dysfunction after Stroke.
Neurol. Sci. 2021, 42, 1751-1758. [CrossRef]

Wehrwein, E.A.; Orer, H.S.; Barman, S.M. Overview of the Anatomy, Physiology, and Pharmacology of the Autonomic Nervous
System. Compr. Physiol. 2016, 6, 1239-1278. [CrossRef]

Korpelainen, J.T.; Sotaniemi, K.A.; Myllyld, V.V. Autonomic Nervous System Disorders in Stroke. Clin. Auton. Res. 1999, 9,
325-333. [CrossRef]

Nayak, S.K.; Pradhan, B.; Mohanty, B.; Sivaraman, J.; Ray, S.S.; Wawrzyniak, J.; Jarzebski, M.; Pal, K. A Review of Methods and
Applications for a Heart Rate Variability Analysis. Algorithms 2023, 16, 433. [CrossRef]

Lehrer, P; Kaur, K.; Sharma, A.; Shah, K.; Huseby, R.; Bhavsar, J.; Sgobba, P.; Zhang, Y. Heart Rate Variability Biofeedback
Improves Emotional and Physical Health and Performance: A Systematic Review and Meta Analysis. Appl. Psychophysiol.
Biofeedback 2020, 45, 109-129. [CrossRef] [PubMed]

Shaffer, F.; Ginsberg, ].P. An Overview of Heart Rate Variability Metrics and Norms. Front. Public. Health 2017, 5, 258. [CrossRef]
[PubMed]

Zeid, S.; Buch, G.; Velmeden, D.; Sohne, J.; Schulz, A.; Schuch, A.; Trobs, S.-O.; Heidorn, M.W.; Miiller, E; Strauch, K.; et al. Heart
Rate Variability: Reference Values and Role for Clinical Profile and Mortality in Individuals with Heart Failure. Clin. Res. Cardiol.
2023, 113, 1317-1330. [CrossRef] [PubMed]

Muslumanoglu, L.; Akyuz, G.; Aki, S.; Karsidag, S.; Us, O. Evaluation of Autonomic Nervous System Functions in Post-Stroke
Patients. Am. J. Phys. Med. Rehabil. 2002, 81, 721-725. [CrossRef]

Bai, X.; Wang, N.; Si, Y; Liu, Y.; Yin, P.; Xu, C. The Clinical Characteristics of Heart Rate Variability After Stroke: A Systematic
Review. Neurologist 2023, 29, 133-141. [CrossRef]

Diitsch, M.; Burger, M.; Dorfler, C.; Schwab, S.; Hilz, M.]. Cardiovascular Autonomic Function in Poststroke Patients. Neurology
2007, 69, 2249-2255. [CrossRef]

Cha, K.H.; Kang, N.Y,; Huh, S.; Ko, S.-H.; Shin, Y.-L; Min, J.H. The Effects of Autonomic Dysfunction on Functional Outcomes in
Patients with Acute Stroke. Brain Sci. 2023, 13, 1694. [CrossRef]

Baldo, J.V.; Schendel, K.; Lwi, S.J.; Herron, T.J.; Dempsey, D.G.; Muir, J.; Curran, B.C.; Paulraj, S.; Chok, J.; Cole, M.A. Mindfulness-
Based Stress Reduction Intervention in Chronic Stroke: A Randomized, Controlled Pilot Study. Mindfulness 2021, 12, 2908-2919.
[CrossRef]

Lee, K.E.; Choi, M.; Jeoung, B. Effectiveness of Rehabilitation Exercise in Improving Physical Function of Stroke Patients: A
Systematic Review. Int. |. Env. Res. Public. Health 2022, 19, 12739. [CrossRef]

Buitrago-Ricaurte, N.; Cintra, F; Silva, G.S. Heart Rate Variability as an Autonomic Biomarker in Ischemic Stroke. Arg. Neuro-
Psiquiatr. 2020, 78, 724-732. [CrossRef]


https://doi.org/10.1161/STROKEAHA.116.014989
https://www.ncbi.nlm.nih.gov/pubmed/28196939
https://doi.org/10.3390/healthcare12050565
https://www.ncbi.nlm.nih.gov/pubmed/38470676
https://doi.org/10.1310/8YNA-1YHK-YMHB-XTE1
https://www.ncbi.nlm.nih.gov/pubmed/12970830
https://doi.org/10.1186/s12883-023-03054-4
https://doi.org/10.1007/s10072-023-07289-4
https://doi.org/10.1093/qjmed/hcab016
https://doi.org/10.1007/s10072-021-05128-y
https://doi.org/10.1002/j.2040-4603.2016.tb00714.x
https://doi.org/10.1007/BF02318379
https://doi.org/10.3390/a16090433
https://doi.org/10.1007/s10484-020-09466-z
https://www.ncbi.nlm.nih.gov/pubmed/32385728
https://doi.org/10.3389/fpubh.2017.00258
https://www.ncbi.nlm.nih.gov/pubmed/29034226
https://doi.org/10.1007/s00392-023-02248-7
https://www.ncbi.nlm.nih.gov/pubmed/37422841
https://doi.org/10.1097/00002060-200210000-00001
https://doi.org/10.1097/NRL.0000000000000540
https://doi.org/10.1212/01.wnl.0000286946.06639.a7
https://doi.org/10.3390/brainsci13121694
https://doi.org/10.1007/s12671-021-01751-0
https://doi.org/10.3390/ijerph191912739
https://doi.org/10.1590/0004-282x20200087

Biomedicines 2025, 13, 1659 16 of 18

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Schafer, A.; Vagedes, ]. How Accurate Is Pulse Rate Variability as an Estimate of Heart Rate Variability?: A Review on Studies
Comparing Photoplethysmographic Technology with an Electrocardiogram. Int. J. Cardiol. 2013, 166, 15-29. [CrossRef] [PubMed]
Nussinovitch, U.; Elishkevitz, K.P; Katz, K.; Nussinovitch, M.; Segev, S.; Volovitz, B.; Nussinovitch, N. Reliability of Ultra-Short
ECG Indices for Heart Rate Variability. Ann. Noninvasive Electrocardiol. 2011, 16, 117-122. [CrossRef] [PubMed]

Sibrecht, G.; Piskorski, J.; Krauze, T.; Guzik, P. Heart Rate Asymmetry, Its Compensation, and Heart Rate Variability in Healthy
Adults during 48-h Holter ECG Recordings. J. Clin. Med. 2023, 12, 1219. [CrossRef]

Li, K.; Cardoso, C.; Moctezuma-Ramirez, A.; Elgalad, A.; Perin, E. Heart Rate Variability Measurement through a Smart Wearable
Device: Another Breakthrough for Personal Health Monitoring? Int. |. Environ. Res. Public. Health 2023, 20, 7146. [CrossRef]
[PubMed]

Nardelli, M.; Vanello, N.; Galperti, G.; Greco, A.; Scilingo, E.P. Assessing the Quality of Heart Rate Variability Estimated from
Wrist and Finger PPG: A Novel Approach Based on Cross-Mapping Method. Sensors 2020, 20, 3156. [CrossRef]

Beh, W.-K,; Yang, Y.-C.; Wu, A.-Y. Quality-Aware Signal Processing Mechanism of PPG Signal for Long-Term Heart Rate
Monitoring. Sensors 2024, 24, 3901. [CrossRef]

de Beukelaar, T.T.; Mantini, D. Monitoring Resistance Training in Real Time with Wearable Technology: Current Applications and
Future Directions. Bioengineering 2023, 10, 1085. [CrossRef]

Aziz, S.; Ahmed, S.; Alouini, M.-S. ECG-Based Machine-Learning Algorithms for Heartbeat Classification. Sci. Rep. 2021, 11, 18738.
[CrossRef]

Yadav, O.P; Ray, S. A Novel Method of Preprocessing and Modeling ECG Signals with Lagrange-Chebyshev Interpolating
Polynomials. Int. J. Syst. Assur. Eng. Manag. 2021, 12, 377-390. [CrossRef]

Benchekroun, M.; Chevallier, B.; Istrate, D.; Zalc, V.; Lenne, D. Preprocessing Methods for Ambulatory HRV Analysis Based on
HRV Distribution, Variability and Characteristics (DVC). Sensors 2022, 22, 1984. [CrossRef]

Li, K,; Riidiger, H.; Ziemssen, T. Spectral Analysis of Heart Rate Variability: Time Window Matters. Front. Neurol. 2019, 10, 545.
[CrossRef] [PubMed]

Catai, A.M.; Pastre, C.M.; de Godoy, M.F,; da Silva, E.; de Medeiros Takahashi, A.C.; Vanderlei, L.C.M. Heart Rate Variability: Are
You Using It Properly? Standardisation Checklist of Procedures. Braz. J. Phys. Ther. 2020, 24, 91-102. [CrossRef] [PubMed]
Mietus, J.E.; Peng, C.-K.; Henry, I.; Goldsmith, R.L.; Goldberger, A.L. The pNNXx Files: Re-Examining a Widely Used Heart Rate
Variability Measure. Heart 2002, 88, 378-380. [CrossRef] [PubMed]

Hayano, J.; Yuda, E. Assessment of Autonomic Function by Long-Term Heart Rate Variability: Beyond the Classical Framework
of LF and HF Measurements. ]. Physiol. Anthropol. 2021, 40, 21. [CrossRef]

Hu, J.; Gao, J.; Tung, W. Characterizing Heart Rate Variability by Scale-Dependent Lyapunov Exponent. Chaos 2009, 19, 028506.
[CrossRef]

Beckers, F.; Ramaekers, D.; Aubert, A.E. Approximate Entropy of Heart Rate Variability: Validation of Methods and Application
in Heart Failure. Cardiovasc. Eng. 2001, 1, 177-182. [CrossRef]

Udhayakumar, R.K.; Karmakar, C.; Palaniswami, M. Approximate Entropy Profile: A Novel Approach to Comprehend Irregularity
of Short-Term HRV Signal. Nonlinear Dyn. 2017, 88, 823-837. [CrossRef]

Udhayakumar, R K.; Karmakar, C.; Palaniswami, M. Understanding Irregularity Characteristics of Short-Term HRV Signals Using
Sample Entropy Profile. IEEE Trans. Biomed. Eng. 2018, 65, 2569-2579. [CrossRef]

Bojorges-Valdez, E.R.; Echeverria, ].C.; Valdés-Cristerna, R.; Pefia, M.A. Scaling Patterns of Heart Rate Variability Data. Physiol.
Meas. 2007, 28, 721-730. [CrossRef]

Pefia, M.A.; Echeverria, ].C.; Garcia, M.T.; Gonzalez-Camarena, R. Applying Fractal Analysis to Short Sets of Heart Rate Variability
Data. Med. Biol. Eng. Comput. 2009, 47, 709-717. [CrossRef]

von Rennenberg, R.; Krause, T.; Herm, J.; Hellwig, S.; Scheitz, ].E; Endres, M.; Haeusler, K.G.; Nolte, C.H. Heart Rate Variability
and Recurrent Stroke and Myocardial Infarction in Patients With Acute Mild to Moderate Stroke. Front. Neurol. 2021, 12, 772674.
[CrossRef] [PubMed]

Wu, M.-J,; Dewi, S.R.K,; Hsu, W.-T;; Hsu, T.-Y,; Liao, S.-F; Chan, L.; Lin, M.-C. Exploring Relationships of Heart Rate Variability,
Neurological Function, and Clinical Factors with Mortality and Behavioral Functional Outcome in Patients with Ischemic Stroke.
Diagnostics 2024, 14, 1304. [CrossRef] [PubMed]

Huang, Y.-W.; Zhang, Y.; Feng, C.; An, Y.-H.; Li, Z.-P; Yin, X.-S. Systemic Inflammation Response Index as a Clinical Outcome
Evaluating Tool and Prognostic Indicator for Hospitalized Stroke Patients: A Systematic Review and Meta-Analysis. Eur. ]. Med.
Res. 2023, 28, 474. [CrossRef] [PubMed]

Zhao, M.; Guan, L.; Wang, Y. The Association of Autonomic Nervous System Function With Ischemic Stroke, and Treatment
Strategies. Front. Neurol. 2020, 10, 1411. [CrossRef]

Datta, A.; Saha, C.; Godse, P.; Sharma, M.; Sarmah, D.; Bhattacharya, P. Neuroendocrine Regulation in Stroke. Trends Endocrinol.
Metab. 2023, 34, 260-277. [CrossRef]

Wexler, T.L. Neuroendocrine Disruptions Following Head Injury. Curr. Neurol. Neurosci. Rep. 2023, 23, 213-224. [CrossRef]


https://doi.org/10.1016/j.ijcard.2012.03.119
https://www.ncbi.nlm.nih.gov/pubmed/22809539
https://doi.org/10.1111/j.1542-474X.2011.00417.x
https://www.ncbi.nlm.nih.gov/pubmed/21496161
https://doi.org/10.3390/jcm12031219
https://doi.org/10.3390/ijerph20247146
https://www.ncbi.nlm.nih.gov/pubmed/38131698
https://doi.org/10.3390/s20113156
https://doi.org/10.3390/s24123901
https://doi.org/10.3390/bioengineering10091085
https://doi.org/10.1038/s41598-021-97118-5
https://doi.org/10.1007/s13198-021-01077-z
https://doi.org/10.3390/s22051984
https://doi.org/10.3389/fneur.2019.00545
https://www.ncbi.nlm.nih.gov/pubmed/31191437
https://doi.org/10.1016/j.bjpt.2019.02.006
https://www.ncbi.nlm.nih.gov/pubmed/30852243
https://doi.org/10.1136/heart.88.4.378
https://www.ncbi.nlm.nih.gov/pubmed/12231596
https://doi.org/10.1186/s40101-021-00272-y
https://doi.org/10.1063/1.3152007
https://doi.org/10.1023/A:1015212328405
https://doi.org/10.1007/s11071-016-3278-z
https://doi.org/10.1109/TBME.2018.2808271
https://doi.org/10.1088/0967-3334/28/6/010
https://doi.org/10.1007/s11517-009-0436-1
https://doi.org/10.3389/fneur.2021.772674
https://www.ncbi.nlm.nih.gov/pubmed/35002927
https://doi.org/10.3390/diagnostics14121304
https://www.ncbi.nlm.nih.gov/pubmed/38928719
https://doi.org/10.1186/s40001-023-01446-3
https://www.ncbi.nlm.nih.gov/pubmed/37915088
https://doi.org/10.3389/fneur.2019.01411
https://doi.org/10.1016/j.tem.2023.02.005
https://doi.org/10.1007/s11910-023-01263-5

Biomedicines 2025, 13, 1659 17 of 18

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

Manuel, J.; Farber, N.; Gerlach, D.A.; Heusser, K.; Jordan, J.; Tank, J.; Beissner, F. Deciphering the Neural Signature of Human
Cardiovascular Regulation. Elife 2020, 9, e55316. [CrossRef]

Battaglini, D.; Robba, C.; Lopes da Silva, A.; dos Santos Samary, C.; Leme Silva, P.; Dal Pizzol, E; Pelosi, P.; Rocco, PR.M.
Brain—-Heart Interaction after Acute Ischemic Stroke. Crit. Care 2020, 24, 163. [CrossRef]

Aref, HM.A.; Fahmy, N.A.; Khalil, S.H.; Ahmed, M.E; ElSadek, A.; Abdulghani, M.O. Role of Interleukin-6 in Ischemic Stroke
Outcome. Egypt. J. Neurol. Psychiatry Neurosurg. 2020, 56, 12. [CrossRef]

McCabe, ].J.; Walsh, C.; Gorey, S.; Harris, K.; Hervella, P; Iglesias-Rey, R.; Jern, C.; Li, L.; Miyamoto, N.; Montaner, J.; et al.
C-Reactive Protein, Interleukin-6, and Vascular Recurrence After Stroke: An Individual Participant Data Meta-Analysis. Stroke
2023, 54, 1289-1299. [CrossRef]

Wang, F; Luo, M.; Zhou, L.; Yang, L.; Lanzino, G.; Chang, H.-J.; Wellman, G.C. Endocrine Dysfunction Following Stroke.
J. Neuroimmune Pharmacol. 2021, 16, 425-436. [CrossRef]

Holman, E.A.; Cramer, S.C. Lifetime and Acute Stress Predict Functional Outcomes Following Stroke: Findings From the
Longitudinal STRONG Study. Stroke 2023, 54, 2794-2803. [CrossRef] [PubMed]

Aftyka, J.; Staszewski, J.; Debiec, A.; Pogoda-Wesolowska, A.; Zebrowski, J. Heart Rate Variability as a Predictor of Stroke Course,
Functional Outcome, and Medical Complications: A Systematic Review. Front. Physiol. 2023, 14, 1115164. [CrossRef] [PubMed]
Qu, Y; Sun, Y.; Abuduxukuer, R;; Si, X,; Zhang, P; Ren, J.; Fu, Y.; Zhang, K,; Liu, J.; Zhang, P; et al. Heart Rate Variability Parameter
Changes in Patients With Acute Ischemic Stroke Undergoing Intravenous Thrombolysis. J. Am. Heart Assoc. 2023, 12, e028778.
[CrossRef] [PubMed]

Chen, C.-H.; Huang, P.-W.; Tang, S.-C.; Shieh, J.-S.; Lai, D.-M.; Wu, A.-Y,; Jeng, J.-S. Complexity of Heart Rate Variability Can
Predict Stroke-In-Evolution in Acute Ischemic Stroke Patients. Sci. Rep. 2015, 5, 17552. [CrossRef]

Scherbakov, N.; Barkhudaryan, A.; Ebner, N.; von Haehling, S.; Anker, S.D.; Joebges, M.; Doehner, W. Early Rehabilitation after
Stroke: Relationship between the Heart Rate Variability and Functional Outcome. ESC Heart Fail. 2020, 7, 2983-2991. [CrossRef]
Chen, L.; Gao, H.; Wang, Z.; Gu, B.; Zhou, W.; Pang, M.; Zhang, K.; Liu, X.; Ming, D. Vagus Nerve Electrical Stimulation in the
Recovery of Upper Limb Motor Functional Impairment after Ischemic Stroke. Cogn. Neurodyn 2024, 18, 3107-3124. [CrossRef]
Mainali, S.; Darsie, M.E.; Smetana, K.S. Machine Learning in Action: Stroke Diagnosis and Outcome Prediction. Front. Neurol.
2021, 12, 734345. [CrossRef]

Tang, S.; Xiong, L.; Fan, Y,; Mok, V.C.T.; Wong, K.S.; Leung, T.W. Stroke Outcome Prediction by Blood Pressure Variability, Heart
Rate Variability, and Baroreflex Sensitivity. Stroke 2020, 51, 1317-1320. [CrossRef]

Lischke, A.; Pahnke, R.; Mau-Moeller, A.; Behrens, M.; Grabe, H.J.; Freyberger, H.].; Hamm, A.O.; Weippert, M. Inter-Individual
Differences in Heart Rate Variability Are Associated with Inter-Individual Differences in Empathy and Alexithymia. Front.
Psychol. 2018, 9, 229. [CrossRef]

Lischke, A.; Lemke, D.; Neubert, J.; Hamm, A.O.; Lotze, M. Inter-Individual Differences in Heart Rate Variability Are Associated
with Inter-Individual Differences in Mind-Reading. Sci. Rep. 2017, 7, 11557. [CrossRef] [PubMed]

Boudreau, P.; Dumont, G.; Boivin, D. Circadian Variation of Heart Rate Variability during Different Sleep Stages. Sleep. Med. 2013,
14, €76. [CrossRef]

Gander, P.H.; Connell, L.J.; Graeber, R.C. Masking of the Circadian Rhythms of Heart Rate and Core Temperature by the
Rest-Activity Cycle in Man. |. Biol. Rhythm. 1986, 1, 119-135. [CrossRef]

Saleem, S.; Khandoker, A.H.; Alkhodari, M.; Hadjileontiadis, L.J.; Jelinek, H.F. Investigating the Effects of Beta-Blockers on
Circadian Heart Rhythm Using Heart Rate Variability in Ischemic Heart Disease with Preserved Ejection Fraction. Sci. Rep. 2023,
13, 5828. [CrossRef]

Roy, A.; Guatimosim, S.; Prado, V.E; Gros, R.; Prado, M.A.M. Cholinergic Activity as a New Target in Diseases of the Heart. Mol.
Med. 2014, 20, 527-537. [CrossRef]

Grassler, B.; Thielmann, B.; Bockelmann, I.; Hokelmann, A. Effects of Different Exercise Interventions on Heart Rate Variability
and Cardiovascular Health Factors in Older Adults: A Systematic Review. Eur. Rev. Aging Phys. Act. 2021, 18, 24. [CrossRef]
Guo, X.H,; Yi, G.; Batchvarov, V.; Gallagher, M.M.; Malik, M. Effect of Moderate Physical Exercise on Noninvasive Cardiac
Autonomic Tests in Healthy Volunteers. Int. ]. Cardiol. 1999, 69, 155-168. [CrossRef]

Perez-Quilis, C.; Kingsley, ].D.; Malkani, K.; Cervellin, G.; Lippi, G.; Sanchis-Gomar, F. Modulation of Heart Rate by Acute or
Chronic Aerobic Exercise. Potential Effects on Blood Pressure Control. Curr. Pharm. Des. 2017, 23, 4650—4657. [CrossRef]
Kingsley, ].D.; Figueroa, A. Acute and Training Effects of Resistance Exercise on Heart Rate Variability. Clin. Physiol. Funct.
Imaging 2016, 36, 179-187. [CrossRef]

Saeidi, M.; Ravanbod, R.; Pourgharib Shahi, M.H.; Navid, H.; Goosheh, B.; Baradaran, A.; Torkaman, G. The Acute Effects of 2
Different Intensities of Resistance Exercise on Autonomic Function in Heart Failure Patients: A Randomized Controlled Trial.
Anatol. ]. Cardiol. 2023, 27, 266. [CrossRef]

Kirk, U.; Axelsen, ].L. Heart Rate Variability Is Enhanced during Mindfulness Practice: A Randomized Controlled Trial Involving
a 10-Day Online-Based Mindfulness Intervention. PLoS ONE 2020, 15, e0243488. [CrossRef] [PubMed]


https://doi.org/10.7554/eLife.55316
https://doi.org/10.1186/s13054-020-02885-8
https://doi.org/10.1186/s41983-019-0121-8
https://doi.org/10.1161/STROKEAHA.122.040529
https://doi.org/10.1007/s11481-020-09935-6
https://doi.org/10.1161/STROKEAHA.123.043356
https://www.ncbi.nlm.nih.gov/pubmed/37767737
https://doi.org/10.3389/fphys.2023.1115164
https://www.ncbi.nlm.nih.gov/pubmed/36846317
https://doi.org/10.1161/JAHA.122.028778
https://www.ncbi.nlm.nih.gov/pubmed/37232237
https://doi.org/10.1038/srep17552
https://doi.org/10.1002/ehf2.12917
https://doi.org/10.1007/s11571-024-10143-8
https://doi.org/10.3389/fneur.2021.734345
https://doi.org/10.1161/STROKEAHA.119.027981
https://doi.org/10.3389/fpsyg.2018.00229
https://doi.org/10.1038/s41598-017-11290-1
https://www.ncbi.nlm.nih.gov/pubmed/28912591
https://doi.org/10.1016/j.sleep.2013.11.154
https://doi.org/10.1177/074873048600100203
https://doi.org/10.1038/s41598-023-32963-0
https://doi.org/10.2119/molmed.2014.00125
https://doi.org/10.1186/s11556-021-00278-6
https://doi.org/10.1016/S0167-5273(99)00029-7
https://doi.org/10.2174/1381612823666170710151942
https://doi.org/10.1111/cpf.12223
https://doi.org/10.14744/AnatolJCardiol.2022.2282
https://doi.org/10.1371/journal.pone.0243488
https://www.ncbi.nlm.nih.gov/pubmed/33332403

Biomedicines 2025, 13, 1659 18 of 18

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

Lazaridou, A.; Philbrook, P.; Tzika, A.A. Yoga and Mindfulness as Therapeutic Interventions for Stroke Rehabilitation: A
Systematic Review. Evid. Based Complement. Altern. Med. 2013, 2013, 357108. [CrossRef] [PubMed]

Voss, A. Longitudinal Analysis of Heart Rate Variability. J. Electrocardiol. 2007, 40, S26-S29. [CrossRef]

Kuzemczak, M.; Biatek-Lawniczak, P; Torzyriska, K.; Janowska-Kulifiska, A.; Miechowicz, I.; Kramer, L.; Moczko, J.; Siminiak, T.
Comparison of Baseline Heart Rate Variability in Stable Ischemic Heart Disease Patients with and without Stroke in Long-Term
Observation. J. Stroke Cerebrovasc. Dis. 2016, 25, 2526-2534. [CrossRef]

DeLong, J.H.; Ohashi, S.N.; O’Connor, K.C.; Sansing, L.H. Inflammatory Responses After Ischemic Stroke. Semin. Immunopathol.
2022, 44, 625-648. [CrossRef]

Przykaza, L. Understanding the Connection Between Common Stroke Comorbidities, Their Associated Inflammation, and the
Course of the Cerebral Ischemia/Reperfusion Cascade. Front. Immunol. 2021, 12, 782569. [CrossRef]

Dimova, V.; Welte-Jzyk, C.; Kronfeld, A.; Korczynski, O.; Baier, B.; Koirala, N.; Steenken, L.; Kollmann, B.; Ttischer, O.; Brockmann,
M.A; et al. Brain Connectivity Networks Underlying Resting Heart Rate Variability in Acute Ischemic Stroke. Neurolmage Clin.
2024, 41, 103558. [CrossRef]

Matusik, P.S.; Zhong, C.; Matusik, P.T.; Alomar, O.; Stein, PK. Neuroimaging Studies of the Neural Correlates of Heart Rate
Variability: A Systematic Review. J. Clin. Med. 2023, 12, 1016. [CrossRef]

Boucher, J.; Marcotte, K.; Bedetti, C.; Houzé, B.; Descoteaux, M.; Brisebois, A.; Garcia, A.O.; Rochon, E.; Leonard, C.; Desautels,
A.; et al. Longitudinal Evolution of Diffusion Metrics after Left Hemisphere Ischaemic Stroke. Brain Commun. 2023, 5, fcad313.
[CrossRef]

Attar, E.T.; Balasubramanian, V.; Subasi, E.; Kaya, M. Stress Analysis Based on Simultaneous Heart Rate Variability and EEG
Monitoring. IEEE ]. Transl. Eng. Health Med. 2021, 9, 2700607. [CrossRef]

Lee, H.; Jeon, S.-B.; Lee, K.-S. Continuous Heart Rate Variability and Electroencephalography Monitoring in Severe Acute Brain
Injury: A Preliminary Study. ACC 2021, 36, 151-161. [CrossRef] [PubMed]

Richard, S.; Lagerstedt, L.; Burkhard, P.R.; Debouverie, M.; Turck, N.; Sanchez, J.-C. E-Selectin and Vascular Cell Adhesion
Molecule-1 as Biomarkers of 3-Month Outcome in Cerebrovascular Diseases. | Inflamm. 2015, 12, 61. [CrossRef] [PubMed]
Wildi, K.S.; Nigro, N.; Mueller, C.; Schuetz, P.; Mueller, B.; Fluri, F; Christ-Crain, M.; Katan, M. BNP but Not Troponin Is
Associated with Cardioembolic Aetiology and Poor Outcome after Acute Ischemic Stroke or TIA. Eur. Heart J. 2013, 34, P405.
[CrossRef]

Orgianelis, I.; Merkouris, E.; Kitmeridou, S.; Tsiptsios, D.; Karatzetzou, S.; Sousanidou, A.; Gkantzios, A.; Christidi, F.; Polatidou,
E.; Beliani, A.; et al. Exploring the Utility of Autonomic Nervous System Evaluation for Stroke Prognosis. Neurol. Int. 2023, 15,
661-696. [CrossRef]

Lees, T.; Shad-Kaneez, F.; Simpson, A.M.; Nassif, N.T; Lin, Y.; Lal, S. Heart Rate Variability as a Biomarker for Predicting Stroke,
Post-Stroke Complications and Functionality. Biomark. Insights 2018, 13, 1177271918786931. [CrossRef]

Laborde, S.; Mosley, E.; Thayer, J.F. Heart Rate Variability and Cardiac Vagal Tone in Psychophysiological Research—
Recommendations for Experiment Planning, Data Analysis, and Data Reporting. Front. Psychol. 2017, 8, 213. [CrossRef]
Castaldo, R.; Melillo, P.; Bracale, U.; Caserta, M.; Triassi, M.; Pecchia, L. Acute Mental Stress Assessment via Short Term HRV
Analysis in Healthy Adults: A Systematic Review with Meta-Analysis. Biomed. Signal Process. Control 2015, 18, 370-377. [CrossRef]
Besson, C.; Baggish, A.L.; Monteventi, P.; Schmitt, L.; Stucky, F.; Gremeaux, V. Assessing the Clinical Reliability of Short-Term
Heart Rate Variability: Insights from Controlled Dual-Environment and Dual-Position Measurements. Sci. Rep. 2025, 15, 5611.
[CrossRef]

Chen, Y.-S.; Lu, W.-A,; Pagaduan, J.C.; Kuo, C.-D. A Novel Smartphone App for the Measurement of Ultra-Short-Term and
Short-Term Heart Rate Variability: Validity and Reliability Study. JMIR Mhealth Uhealth 2020, 8, €18761. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1155/2013/357108
https://www.ncbi.nlm.nih.gov/pubmed/23781259
https://doi.org/10.1016/j.jelectrocard.2006.10.024
https://doi.org/10.1016/j.jstrokecerebrovasdis.2016.06.033
https://doi.org/10.1007/s00281-022-00943-7
https://doi.org/10.3389/fimmu.2021.782569
https://doi.org/10.1016/j.nicl.2023.103558
https://doi.org/10.3390/jcm12031016
https://doi.org/10.1093/braincomms/fcad313
https://doi.org/10.1109/JTEHM.2021.3106803
https://doi.org/10.4266/acc.2020.00703
https://www.ncbi.nlm.nih.gov/pubmed/33730778
https://doi.org/10.1186/s12950-015-0106-z
https://www.ncbi.nlm.nih.gov/pubmed/26543408
https://doi.org/10.1093/eurheartj/eht307.P405
https://doi.org/10.3390/neurolint15020042
https://doi.org/10.1177/1177271918786931
https://doi.org/10.3389/fpsyg.2017.00213
https://doi.org/10.1016/j.bspc.2015.02.012
https://doi.org/10.1038/s41598-025-89892-3
https://doi.org/10.2196/18761

	Introduction 
	Pathophysiology of Stroke and Autonomic Dysfunction 
	Types of Stroke: Ischemic and Hemorrhagic 
	Impact of Autonomic Dysfunction in Stroke 

	Heart Rate Variability: Measurement and Analysis 
	Basics of HRV 
	Methods of HRV Measurement 
	HRV Preprocessing 
	Extraction of Traditional Linear HRV Parameters 
	Extraction of Non-Linear HRV Parameters 

	HRV as a Biomarker in Stroke Recovery 
	Mechanisms Underlying HRV Changes Post-Stroke 
	Utility of HRV as a Prognostic Tool in Stroke 

	Clinical Applications 
	Risk Stratification Based on HRV 
	Monitoring Recovery Using HRV 
	Interventional Strategies to Improve HRV 

	Future Directions 
	Longitudinal Studies 
	Mechanistic Studies 
	Integration with Complementary Biomarkers 
	Methodological Challenges 

	Conclusions 
	References

