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Abstract
Neurocardiovascular disorders such as atrial fibrillation–related stroke, syncope, 
autonomic dysfunction, and post-stroke arrhythmogenesis are commonly evaluated 
using static risk models that estimate long-term baseline susceptibility but do not 
capture short-term physiological variability across interacting brain–heart systems. 
Emerging longitudinal data show that rhythm burden, autonomic variability, blood 
pressure variability, and inflammatory tone can fluctuate over time, although 
whether these fluctuations converge into clinically meaningful vulnerability states 
remains unproven. This conceptual narrative review proposes brain–heart instability 
windows (BHIWs) as a hypothesis-generating framework for studying temporally 
bounded reductions in coupled neurocardiovascular stability. The framework 
organizes candidate instability across autonomic, electrical, hemodynamic, thrombo-
inflammatory, and neural domains. It also introduces a brain–heart measurement 
stack integrating continuous digital signals, structured physiologic assessments, 
and structural or biological anchors. Candidate BHIWs are defined as sustained 
or recurrent deviations from individualized baseline patterns, especially when 
temporally aligned abnormalities occur across at least two physiologically coherent 
domains. The framework is intended to complement, not replace, established risk 
models by supporting empirical investigation of dynamic vulnerability, cross-domain 
convergence, and future decision pathways such as monitoring intensity, telemetry 
duration, orthostatic evaluation, and therapeutic timing. Prospective validation is 
required before BHIWs can inform clinical management.
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1. Introduction — From episodic diagnosis to continuous 
forecasting
Neurocardiology has historically evolved around discrete clinical events. Stroke is 
diagnosed following the emergence of focal neurological deficit.1 Atrial fibrillation 
(AF) is identified when captured on electrocardiography.2,3 Syncope is evaluated after 
transient loss of consciousness, often through retrospective clinical reconstruction.4 
Even autonomic dysfunction is commonly characterized through snapshot testing—
tilt-table responses, isolated blood pressure measurements, or short-duration rhythm 
monitoring.5,6 This event-centered paradigm has produced substantial advances 
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in prevention and acute management, including 
anticoagulation strategies, rhythm control approaches, 
and secondary stroke prevention protocols.7 Nevertheless, 
it remains predominantly reactive in structure.

Beyond conceptual reframing, the proposed instability-
based perspective intersects with several domains of 
contemporary neurocardiology. Atrial fibrillation–
related stroke, post-stroke arrhythmogenesis, orthostatic 
intolerance and syncope, autonomic dysfunction 
syndromes, and disorders of cerebral perfusion regulation 
all involve dynamic interactions between cardiac rhythm, 
vascular control, and neural regulatory networks. These 
interactions are empirically established at the level of 
individual physiological systems. However, whether they 
converge into discrete, temporally bounded cross-organ 
vulnerability states remains a testable hypothesis rather 
than an established clinical construct.8-10 In aerospace 
and extreme physiological environments, including 
microgravity exposure, adaptations in autonomic tone, 
hemodynamic distribution, and cerebral blood flow 
further underscore the relevance of brain–heart coupling. 
These observations support the biological plausibility of 
the brain–heart instability window (BHIW) framework but 
do not by themselves validate the existence of BHIWs.11,12

Both the brain and the heart function as excitable, 
oscillatory systems whose stability is continuously 
modulated rather than episodically determined.13 Cardiac 
rhythm varies across sleep–wake cycles, autonomic 
tone shifts, inflammatory states, hydration status, and 
emotional stress.14,15 Cerebral perfusion and neural 
network dynamics fluctuate in parallel, influenced by 
vascular resistance, autonomic balance, and metabolic 
demand.13,16 Emerging evidence indicates that several 
physiological variables relevant to stroke, arrhythmia, and 
syncope can change dynamically before, during, or around 
clinical events. These observations support the possibility 
that some neurocardiovascular events may be influenced 
by evolving physiological trajectories, although the specific 
concept of a bounded cross-organ instability window 
remains to be prospectively demonstrated.9,17 From 
this perspective, neurocardiovascular disorders may be 
understood not solely as diseases of structural pathology, 
but as disturbances of temporal physiological regulation.

The rapid expansion of wearable sensors, implantable 
loop recorders, continuous electrocardiographic 
monitoring, cuffless blood pressure estimation technologies, 
and digital phenotyping platforms has expanded the 
scope of ambulatory physiological observation.18-20 
Longitudinal heart-rate variability (HRV) dynamics, 
rhythm irregularity burden, sleep-associated autonomic 
fluctuations, activity-linked hemodynamic responses, and 

multiday blood pressure variability can now be measured 
outside the clinic.21,22 Wearable-based AF detection and 
remote rhythm monitoring have demonstrated increasing 
diagnostic sensitivity and feasibility in population 
settings.23,24 Collectively, these developments provide the 
technical capacity to characterize physiological trajectories 
rather than isolated datapoints.

Despite this progress, interpretation of continuous 
signals remains fragmented. Digital metrics are often 
analyzed in isolation rather than within an integrated cross-
organ stability framework.25,26 Current risk prediction 
models for stroke, AF-related thromboembolism, and 
syncope continue to rely primarily on static demographic 
and structural variables, whereas temporal instability 
patterns—such as short-term variability shifts, arrhythmic 
clustering, and nonlinear autonomic transitions—are less 
systematically incorporated into clinical inference.20,25,27-30

These considerations support a complementary focus 
on instability assessment: identifying whether continuous 
autonomic, electrical, hemodynamic, and thrombo-
inflammatory signals can define phases of heightened 
cross-organ vulnerability.19,31

Methodologically, this article is designed as a conceptual 
narrative review rather than a systematic review or meta-
analysis. The reviewed literature was selected to synthesize 
evidence across neurocardiology, autonomic physiology, 
cardiac electrophysiology, cerebrovascular regulation, 
thrombo-inflammatory biology, wearable and implantable 
monitoring, and systems-level risk modeling. The goal 
is not to provide an exhaustive quantitative assessment 
of all studies in these areas, but to integrate established 
observations into a hypothesis-generating framework for 
dynamic neurocardiovascular vulnerability. Accordingly, 
the article combines narrative synthesis with conceptual 
model development, while distinguishing established 
evidence from biologically plausible inference and 
unvalidated research propositions.

Building on this conceptual narrative review structure, 
this work hypothesizes that some neurocardiovascular 
events may be temporally concentrated within bounded 
phases of reduced physiological resilience, which are termed 
“brain–heart instability windows” (BHIWs). This proposal 
should be interpreted as a conceptual and hypothesis-
generating framework, not as evidence that such windows 
have already been clinically validated. The framework 
integrates three levels of inference: established evidence 
that autonomic, electrical, hemodynamic, inflammatory, 
and neural variables fluctuate over time; biologically 
plausible mechanisms through which these fluctuations 
may interact across brain–heart systems; and testable but 
currently unproven propositions that coordinated cross-
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domain deviations may define transient states of increased 
vulnerability.19 The framework presented here is intended 
as a conceptual scaffold to guide empirical investigation 
and to support the development of physiology-informed 
forecasting approaches in neurocardiovascular medicine.

2. The brain and heart as coupled excitable 
systems
The brain and the heart are often approached as distinct 
clinical domains; however, both may be understood 
as excitable biological networks governed by shared 
electrophysiological and regulatory principles.32,33 
Neuronal circuits and cardiac myocytes generate action 
potentials through tightly regulated ion-channel dynamics, 
translating membrane depolarization into coordinated 
electrical and functional output.34,35 In both organs, 
excitability extends beyond individual cellular properties 
and emerges from network organization, connectivity, and 
modulatory influences.

2.1. Ion-channel–dependent excitability

At the cellular level, neuronal firing and cardiac conduction 
depend on voltage-gated sodium, potassium, and calcium 
channels that define threshold behavior, propagation 
velocity, refractory characteristics, and repolarization 
stability.32,35,36 Alterations in ion-channel conductance, 
expression, or modulation can influence network synchrony 
in cortical circuits or modify arrhythmic susceptibility in 
the myocardium.37,38 Inflammatory mediators, autonomic 
signaling, metabolic stress, and ischemic conditions 
have been shown to influence channel kinetics in both 
tissues39,40, suggesting that channel-level perturbations 
may represent a mechanistic point of convergence in cross-
organ vulnerability.

2.2. Oscillatory rhythm generation

Both organs function as oscillatory systems. Cardiac rhythm 
arises from sinoatrial pacemaker activity and conduction 
network synchronization, whereas brain function depends 
on multiscale oscillations distributed across cortical and 
subcortical circuits.41,42 Stability in each system reflects 
a dynamic balance between excitation and inhibition, 
depolarizing and repolarizing currents, and local versus 
network-level synchronization.37,41,43 Destabilization in 
these oscillatory systems may manifest as arrhythmia in the 
heart or as seizure activity, dysregulated neural oscillations, 
or impaired network coordination in the brain.37,38,42 These 
parallels support the view that rhythm instability may be 
understood as a systems-level phenomenon rather than 
solely a tissue-specific abnormality.

2.3. Autonomic gain modulation

Cardiac rhythm and cerebral perfusion are continuously 

modulated by autonomic regulation. Sympathetic and 
parasympathetic inputs dynamically influence heart 
rate, conduction velocity, vascular tone, and blood 
pressure variability.44,45 The central autonomic network—
including cortical, subcortical, and brainstem structures—
integrates emotional, metabolic, and homeostatic 
inputs to regulate cardiovascular output and vascular 
resistance.46,47 Fluctuations in autonomic gain may 
transiently alter electrical stability, modify perfusion 
thresholds, and influence systemic vulnerability.9,48 Heart-
rate variability (HRV) provides one quantifiable index of 
autonomic modulation and has been associated with both 
cardiovascular and neurological outcomes.49,50

2.4. Perfusion–metabolism coupling

Cerebral function depends upon relatively stable perfusion, 
which is maintained through coordinated cardiac output, 
vascular compliance, and autoregulatory mechanisms.51,52 
Variability in cardiac output or systemic blood pressure 
may influence cerebral blood flow dynamics, particularly 
in individuals with impaired autoregulation, endothelial 
dysfunction, or structural vascular disease.46,53 Under 
such conditions, perfusion fluctuations may interact with 
neural metabolic demand and inflammatory signaling to 
modulate neurological vulnerability.54,55

Conversely, acute brain injury, stroke, or 
neurodegenerative processes may disrupt autonomic 
balance and have been associated with secondary 
cardiac electrical disturbances, including arrhythmias 
and repolarization abnormalities.10,56 These observations 
suggest that perturbations in one system may influence 
stability in the other through shared autonomic and 
hemodynamic pathways.

2.5. Bidirectional regulation and coupled stability

The relationship between brain and heart is therefore 
plausibly bidirectional. The central autonomic network 
exerts ongoing regulatory influence over cardiac rhythm 
and vascular tone45,48, while cardiac output variability and 
systemic hemodynamics contribute to cerebral perfusion 
stability and neural metabolic homeostasis.50,57 Electrical, 
autonomic, inflammatory, and hemodynamic pathways 
provide potential routes through which perturbations may 
propagate across systems.

Clinical phenomena such as AF, syncope, post-
stroke arrhythmia, or progressive cognitive decline are 
traditionally categorized within distinct specialties. 
However, these conditions may, in some cases, reflect 
interacting instability processes within coupled excitable 
networks rather than entirely independent pathologies.
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Recognizing the brain and heart as interdependent 
excitable systems provides a mechanistic foundation for 
the BHIW construct and for interpreting longitudinal 
physiological signals within a coupled network context.

3. Limitations of static risk stratification 
frameworks
Contemporary neurocardiovascular risk assessment relies 
predominantly on models derived from population-
level associations. Tools such as the CHA₂DS₂-VASc 
score for AF-related stroke risk, structured orthostatic 
testing protocols for syncope evaluation, single-timepoint 
electrocardiography for rhythm diagnosis, and clinic-based 
blood pressure averages for vascular risk stratification 
have substantially improved clinical standardization and 
guideline implementation.58,59 These frameworks have 
contributed meaningfully to reductions in morbidity and 
mortality. However, they are primarily designed to estimate 
long-term baseline susceptibility rather than short-term 
dynamic vulnerability.

3.1. Time-agnostic risk estimation

Many widely used risk models are largely time-agnostic 
in structure. The CHA₂DS₂-VASc score assigns weighted 
points based on age, hypertension, diabetes, heart failure, 
prior stroke, and vascular disease60,61—variables that 
typically change gradually. As a result, the model yields an 
estimated annualized risk that is relatively stable over time. 
Similarly, syncope risk stratification tools and orthostatic 
hypotension criteria rely on discrete measurements 
obtained during clinical evaluation.59,62 Snapshot 
electrocardiography captures rhythm at a single moment 
24,63, and blood pressure–based risk assessment frequently 
depends on averaged clinic readings.58,64

While such approaches estimate cumulative probability 
effectively, they are not designed to detect short-term 
increases in physiological vulnerability.

3.2. Limited incorporation of dynamic physiological 
states

Static risk models primarily incorporate structural 
comorbidities and demographic characteristics. Dynamic 
physiological states—such as shifts in autonomic tone, 
acute inflammatory activation, dehydration, sleep 
disruption, or metabolic stress—are less systematically 
integrated into routine risk estimation.65,66 Yet accumulating 
evidence suggests that AF burden may cluster temporally, 
that thromboembolic risk may fluctuate in relation to 
arrhythmic activity, and that syncope risk may increase 
during transient autonomic instability.67,68

From this perspective, existing models effectively 

quantify baseline susceptibility but are less equipped to 
characterize evolving physiological states.

3.3. Averaging and loss of variability structure

A further methodological limitation relates to averaging. 
Blood pressure, HRV, and rhythm irregularity metrics are 
often reduced to mean values for clinical interpretation.58,69 
However, nonlinear systems research indicates that 
instability may emerge through alterations in variability 
structure, entropy, clustering, or short-term fluctuation 
dynamics rather than through shifts in mean levels alone.

Short-lived bursts of sympathetic activation, transient 
repolarization variability, or episodic perfusion reductions 
may carry disproportionate physiological significance, 
yet remain attenuated when signals are averaged across 
extended time intervals. Pre-event destabilization 
signatures have been reported in several domains: HRV 
pattern changes preceding arrhythmic episodes70,71, blood 
pressure variability associated with cerebrovascular 
outcomes independent of mean pressure69,72, and AF 
episodes occurring in temporally clustered patterns.67,73 
These findings suggest that vulnerability may not be 
uniformly distributed across time but may instead fluctuate.

3.4. Temporal vulnerability as an underrepresented 
dimension

Static models are designed to estimate who is at risk over 
months or years, not when risk may transiently increase. 
Consequently, therapeutic decisions are often calibrated 
to long-term averages rather than evolving physiological 
states. 

The conceptual distinction between static and dynamic 
risk models is illustrated in Figure 1.

This limitation becomes more salient in the context 
of continuous monitoring technologies. Digital devices 
are capable of detecting variability shifts, arrhythmia 
clustering, and autonomic transitions in near real time. 
However, without a conceptual framework for integrating 
these dynamic signals, clinical interpretation remains 
anchored to static paradigms.

The central challenge may therefore be theoretical rather 
than technological. Neurocardiovascular risk appears 
to have both baseline and state-dependent components. 
Bridging this gap requires consideration of disorders such 
as stroke, arrhythmia, and syncope not solely as cumulative 
risk outcomes, but as potential manifestations of evolving 
state transitions. Defining and operationalizing temporally 
bounded vulnerability phases represents a possible next 
step in complementing probabilistic stratification with 
dynamic state assessment.
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4. Defining brain–heart instability windows
Consistent with the conceptual narrative review design, 
this section translates the preceding evidence synthesis 
into a provisional framework for defining and studying 
BHIWs. Several components of neurocardiovascular risk—
including autonomic tone, rhythm burden, blood pressure 
variability, inflammatory activity, and neural regulatory 
capacity—vary over time. Whether these fluctuations 
converge into discrete intervals of reduced cross-organ 
regulatory stability remains an open empirical question. 
To formalize this question, we introduce the construct of 
brain–heart instability windows (BHIWs).

For the purposes of this review, BHIWs are provisionally 
defined as candidate temporally bounded intervals of 
coordinated cross-organ physiological deviation that 
are hypothesized to reflect reduced regulatory stability 
and potentially increased cerebrovascular or arrhythmic 
vulnerability. Operationally, a candidate BHIW should 
include: identifiable onset and resolution; deviation from 
an individualized baseline or validated reference range; 
persistence or recurrence beyond brief artifact-level 
fluctuation; and either convergence across at least two 
physiological domains or strong deviation within one 
domain supported by relevant structural or biological 
substrate.

The conceptual architecture of this framework is 
illustrated in Figure 2.

Within this framework, BHIWs are conceptualized 
as dynamic state transitions rather than static disease 
markers. They are characterized by measurable 
perturbations in autonomic regulation, electrical rhythm 
dynamics, hemodynamic control, thrombo-inflammatory 
balance, or neural resilience. Importantly, BHIWs are 
not synonymous with disease presence; rather, they 
denote intervals during which compensatory buffering 
mechanisms may weaken, variability architecture may 
reorganize, and cross-organ coupling may become more 
fragile.74,75 Throughout this review, the term “window” 
therefore refers to a proposed inferential construct rather 
than a clinically validated diagnostic entity. The novelty 
of the BHIW construct lies not in individual variability 
metrics, which are well established, but in the structured 
integration of cross-domain temporal convergence as a 
state-based vulnerability model.

Under this model, events such as ischemic stroke, 
syncope, AF onset, malignant ventricular arrhythmia, and 
cognitive decompensation are proposed as possible clinical 
contexts in which regulatory redundancy may become 
transiently compromised.76,77 This association remains 
hypothetical; the framework instead provides a structured 
approach for testing whether temporal convergence across 
physiological axes carries incremental predictive value.

We propose a taxonomy of BHIWs organized according 
to dominant physiological domain, recognizing that in 

Figure 1. Static versus dynamic conceptualizations of neurocardiovascular risk. Traditional risk models estimate long-term probability based primarily 
on demographic characteristics and structural comorbidities and are largely time-agnostic in structure. In contrast, the brain–heart instability framework 
conceptualizes vulnerability as temporally dynamic, characterized by evolving physiological states across autonomic, electrical, hemodynamic, thrombo-
inflammatory, and neural domains. Discrete peaks represent instability windows—temporally bounded phases of reduced cross-organ regulatory stability 
during which event probability may be transiently increased. Original figure created by the author for this article.
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practice these domains may overlap and interact. The 
structured domain taxonomy is summarized in Figure 3.

To avoid conflating evidence levels, the taxonomy 
below distinguishes between established physiological or 
clinical associations and the more speculative claim that 
these associations define temporally bounded cross-organ 
instability windows. In Table 1, individual mechanisms 

and measurable signals are treated as evidence-supported 
where appropriate, whereas cross-domain convergence and 
window-based prediction are treated as investigational. 

A structured summary of the proposed BHIW 
taxonomy, including candidate mechanisms, measurable 
signals, clinical associations, current evidence maturity, 
and whether each component is clinically measurable or 

Figure 2. The brain–heart instability framework: coupled excitable systems and temporal vulnerability. The framework conceptualizes neurocardiovascular 
events as potentially emerging during temporally bounded reductions in cross-organ stability, a hypothesis that requires prospective validation. Five 
interacting physiological domains, namely autonomic gain, electrical instability, hemodynamic instability, thrombo-inflammatory activation, and neural 
vulnerability, are proposed to converge toward a candidate transient state of heightened vulnerability. Radial arrows represent coordinated destabilization, 
while dashed inter-domain links denote bidirectional interaction among regulatory axes. The outer temporal ring emphasizes that instability unfolds across 
minutes to subacute phases. Clinical events are hypothesized to arise preferentially during convergence of destabilizing axes rather than from isolated static 
risk factors. For research purposes, such convergence should be prespecified using temporal alignment, magnitude of deviation from baseline, minimum 
duration or recurrence criteria, and rules for handling discordant signals. Original figure created by the author for this article.
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Figure 3. Taxonomy of brain–heart instability windows across physiological domains. Brain–heart instability windows (BHIWs) are categorized according 
to dominant physiological axis: autonomic gain, electrical instability, hemodynamic instability, thrombo-inflammatory activation, and neural vulnerability. 
Each domain reflects temporally bounded reductions in regulatory stability. Although presented discretely for conceptual clarity, domains frequently 
overlap and may converge during periods of heightened vulnerability. The taxonomy provides a structured framework for empirical investigation and 
cross-domain signal alignment. Original figure created by the author for this article. 
Abbreviations: AF: Atrial fibrillation; CRP: C-reactive protein; HRV: Heart-rate variability.
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primarily research-stage within the BHIW framework, is 
provided in Table 1.

For conceptual clarity, these domains may be broadly 
grouped into four interacting categories: regulatory 
(autonomic–electrical), hemodynamic, thrombo-
inflammatory, and neural vulnerability axes. The more 
granular distinctions below are presented for mechanistic 
specificity rather than categorical rigidity. 

4.1. Autonomic gain windows

Autonomic gain windows refer to intervals during which 
sympathetic–parasympathetic balance is acutely or 
subacutely altered, potentially amplifying downstream 
electrical and hemodynamic variability. Given the central 
role of autonomic modulation in regulating cardiac 
excitability, vascular tone, and cerebral perfusion, even 
modest shifts in autonomic gain may influence cross-organ 
stability.

Table 1. Brain–heart instability windows: mechanisms, signals, clinical associations, and translational status

Window type Core mechanism Representative 
measurable signals

Clinical measurability/
Research status

Illustrative clinical 
manifestations

Current evidence 
maturity

Autonomic gain 
window

Transient 
sympathetic–

parasympathetic 
imbalance leading to 
reduced regulatory 

buffering

HRV entropy 
reduction; nonlinear 

HRV metrics; 
baroreflex sensitivity 
decline; autonomic 

tone shifts

Clinically measurable 
in part through HRV, 

autonomic testing, and 
baroreflex assessment; 

BHIW classification based 
on temporal convergence 
remains research-stage.

AF initiation, blood 
pressure lability, 

orthostatic intolerance

Moderate: 
established 

associations; 
dynamic 

convergence 
hypothesis remains 

investigational

Electrical instability 
window

Reduced excitability 
threshold, 

repolarization 
heterogeneity, 

conduction variability

Ectopy clustering 
density; AF episode 

aggregation; QT 
variability; beat-to-
beat repolarization 

dispersion

Clinically measurable 
through ECG, ambulatory 

rhythm monitoring, 
patch monitoring, and 

implantable loop recorders; 
interpretation as a temporally 

bounded BHIW remains 
investigational.

AF onset, ventricular 
arrhythmia, ictal 

arrhythmia

Established in 
cardiology; cross-

organ coupling 
hypothesis remains 

emerging

Hemodynamic 
instability window

Perfusion variability 
exceeding 

autoregulatory 
capacity

Short-term 
BP variability; 

orthostatic 
oscillatory 

responses; cardiac 
output variability 
spikes; nocturnal 

hypotension patterns

Clinically measurable 
through office/ambulatory 

BP monitoring, beat-to-beat 
BP testing, tilt-table testing, 
and orthostatic assessment; 
dynamic window prediction 

remains research-stage.

Syncope, including 
vasovagal syncope as 
a mixed autonomic–
hemodynamic event; 

transient cerebral 
hypoperfusion; silent 

ischemic injury

Moderate: 
strong variability 

data; window 
construct remains 

investigational

Thrombo-
inflammatory 
window

Transient endothelial 
activation and 
procoagulant 
amplification

CRP elevation; 
D-dimer fluctuation; 

platelet reactivity 
shifts; cytokine 

variability

Clinically measurable in 
part through CRP, D-dimer, 
coagulation indices, platelet 

assays, and inflammatory 
markers; temporally aligned 

thrombo-inflammatory 
window modeling remains 

investigational.

Embolic stroke, 
microembolism 

susceptibility

Emerging: 
biological 

plausibility 
established; 

temporal clustering 
requires validation

Neural 
vulnerability 
window

Impaired 
cerebrovascular 

autoregulation or 
reduced neural 

resilience

White matter 
hyperintensity 

burden; impaired 
dynamic 

autoregulation 
metrics; cognitive 

performance 
variability

Clinically measurable in 
part through MRI markers, 

dynamic autoregulation 
testing, cognitive assessment, 

and autonomic evaluation; 
BHIW-based temporal 

vulnerability classification 
remains research-stage.

Cognitive decline, 
post-stroke 

arrhythmogenesis, 
perfusion-sensitive 

injury

Established in 
neurology as 

substrate evidence; 
temporal window 

hypothesis remains 
investigational

Abbreviations: AF: Atrial fibrillation; BHIW: Brain–heart instability window; BP: Blood pressure; CRP: C-reactive protein; ECG: Electrocardiogram; 
HRV: Heart-rate variability; MRI: Magnetic resonance imaging.
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4.1.1. Sympathetic surges

Acute sympathetic activation—precipitated by emotional 
stress, sleep deprivation, systemic inflammation, infection, 
pain, or metabolic perturbation—can increase sinus 
rate, shorten atrial refractory periods, enhance triggered 
activity, elevate blood pressure variability, and alter 
vascular resistance.78,79 Such surges may transiently lower 
the threshold for arrhythmia initiation and influence 
cerebral perfusion dynamics, particularly in individuals 
with impaired autoregulation. Sympathetic predominance 
may also interact with inflammatory and coagulation 
pathways, suggesting potential mechanistic overlap 
between autonomic and thrombotic axes.

4.1.2. Vagal withdrawal

Parasympathetic withdrawal diminishes heart-rate 
variability and attenuates inhibitory modulation of 
atrioventricular conduction and atrial excitability.80,81 
Reduced vagal tone has been associated with adverse 
cardiovascular outcomes and increased arrhythmic 
susceptibility.76,82 From a systems perspective, vagal 
withdrawal may reflect reduced regulatory buffering 
capacity. Within the BHIW construct, such shifts may 
signal heightened autonomic instability.

4.1.3. Baroreflex impairment

The arterial baroreflex provides rapid negative feedback 
control of blood pressure fluctuations. Transient or chronic 
reductions in baroreflex sensitivity permit exaggerated 
oscillations in systolic and diastolic pressure, contributing 
to orthostatic instability and cerebral perfusion 
variability.83,84 During intervals of reduced baroreflex 
buffering, autonomic perturbations may translate more 
directly into hemodynamic variability.

4.1.4. HRV entropy reduction

Beyond conventional time-domain and frequency-domain 
HRV metrics, nonlinear measures—such as approximate 
entropy, sample entropy, detrended fluctuation analysis, 
and multiscale complexity indices—capture the 
adaptability of autonomic control systems. Reduced 
variability complexity has been associated with diminished 
physiological resilience and adverse cardiovascular 
outcomes.76,82,85 Within the BHIW framework, reductions 
in entropy may serve as candidate digital markers of 
autonomic gain windows, reflecting decreased adaptability 
and increased susceptibility.

Sick sinus syndrome requires separate interpretation. 
Although sinus-node dysfunction may be associated 
with reduced or abnormal HRV complexity, this pattern 
should not be interpreted as a purely autonomic entropy 

signal. In sick sinus syndrome, reduced variability may 
reflect intrinsic sinoatrial node disease, sinus pauses, 
chronotropic incompetence, or bradycardia–tachycardia 
transitions rather than autonomic gain alone. Within the 
BHIW framework, sick sinus syndrome is therefore best 
considered primarily within electrical instability windows, 
while recognizing that it may secondarily influence 
autonomic and hemodynamic stability.

Collectively, autonomic gain windows describe intervals 
during which regulatory amplification mechanisms 
may predispose the coupled system to instability. When 
coinciding with electrical or hemodynamic perturbations, 
such intervals could plausibly amplify vulnerability.

4.2. Electrical instability windows

Electrical instability windows describe intervals 
characterized by transient reductions in rhythm stability 
within cardiac and, in certain contexts, neural excitable 
networks. These windows may involve altered excitability 
thresholds, repolarization heterogeneity, conduction 
variability, or synchronization disturbances.

4.2.1. Ectopy clustering

Premature atrial and ventricular contractions often 
demonstrate temporal clustering rather than uniform 
distribution.82,86 Periods of increased ectopic density 
may reflect transient electrical irritability, conduction 
heterogeneity, or autonomic modulation shifts. In 
susceptible individuals, ectopy clustering has been 
observed to precede sustained atrial or ventricular 
arrhythmias86-88, suggesting a temporally bounded phase of 
electrical vulnerability.

4.2.2. Atrial fibrillation initiation phases

Atrial fibrillation frequently manifests in paroxysmal 
bursts with identifiable pre-initiation features, including 
autonomic fluctuations, premature atrial activity, 
and localized conduction slowing.87-89 These patterns 
may represent discrete electrical instability windows 
during which atrial substrate vulnerability is transiently 
heightened. Emerging data suggest that thromboembolic 
risk may fluctuate in relation to arrhythmic clustering and 
substrate activation rather than being evenly distributed 
across AF burden.77

4.2.3. Sinus node dysfunction and sick sinus syndrome

Sick sinus syndrome represents an intrinsic rhythm-
generation disorder involving sinoatrial node dysfunction, 
sinus pauses, chronotropic incompetence, and, in some 
patients, alternating bradycardia–tachycardia patterns. 
Within the BHIW taxonomy, it is best categorized primarily 
as an electrical instability window because the dominant 
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abnormality involves impaired pacemaker function and 
rhythm stability. However, its clinical consequences may 
extend into the hemodynamic domain when pauses or 
bradyarrhythmia reduce cardiac output and cerebral 
perfusion. HRV entropy reduction in this setting should 
therefore be interpreted cautiously, because reduced 
complexity may reflect intrinsic sinus-node disease rather 
than autonomic dysregulation alone.

4.2.4. QT variability and repolarization instability

Dynamic fluctuations in QT interval duration and 
repolarization dispersion have been associated with 
increased arrhythmic susceptibility.90,91 Importantly, 
repolarization instability may be reflected in beat-to-beat 
variability and temporal heterogeneity rather than solely 
in mean QT prolongation. Such variability may indicate 
reduced electrical coherence within the myocardial 
network.

4.2.5. Seizure–arrhythmia coupling

Electrical instability within neural networks can influence 
cardiac rhythm through central autonomic pathways. 
Seizure activity and cortical discharges have been 
associated with ictal bradyarrhythmias, tachyarrhythmias, 
and repolarization changes.92,93 These observations support 
the concept that electrical perturbations in one excitable 
system may transiently influence stability in the other.

Electrical instability windows therefore describe 
intervals during which excitability thresholds may 
be reduced and synchronization more fragile. When 
coincident with autonomic gain or hemodynamic 
instability windows, these phases may plausibly contribute 
to increased cerebrovascular or arrhythmic vulnerability. 
Further empirical investigation will be necessary to 
determine the predictive validity of these proposed 
temporal categories.

4.3. Hemodynamic instability windows

Hemodynamic instability windows may arise when 
fluctuations in systemic blood pressure, cardiac output, 
or vascular resistance exceed the compensatory 
buffering capacity of cardiovascular and cerebrovascular 
autoregulatory mechanisms. Because cerebral perfusion is 
closely linked to systemic hemodynamics, even transient 
perturbations may influence neurological vulnerability. 
Within the brain–heart instability framework, these 
windows describe intervals during which perfusion 
reliability may be reduced and flow–metabolism coupling 
potentially becomes less stable.

4.3.1. Orthostatic blood pressure lability

Orthostatic hypotension is a recognized contributor to 

syncope, falls, and cerebral hypoperfusion syndromes.94-96 
Beyond overt hypotension, subtle orthostatic lability—
characterized by exaggerated beat-to-beat variability, 
oscillatory systolic pressure responses, or delayed 
baroreflex compensation—may indicate transient 
limitations in autonomic or vascular buffering systems.97,98 
Such dynamic lability may not meet formal diagnostic 
thresholds yet could produce intermittent reductions in 
cerebral perfusion pressure. In individuals with impaired 
vascular compliance, small vessel disease, or reduced 
autoregulatory reserve, these transient perfusion shifts 
may plausibly represent hemodynamic instability intervals 
associated with symptomatic or subclinical consequences.

Vasovagal syncope is best categorized as a mixed 
autonomic gain–hemodynamic instability phenomenon. 
Its initiating mechanism is primarily autonomic, involving 
reflex-mediated changes in sympathetic withdrawal, vagal 
activation, vasodilation, and/or bradycardia. However, 
its clinical expression occurs through hemodynamic 
collapse and transient cerebral hypoperfusion. Within 
the BHIW framework, vasovagal syncope may therefore 
be placed primarily under autonomic gain windows, with 
downstream expression as a hemodynamic instability 
window when compensatory vascular and cardiac 
responses fail to preserve cerebral perfusion.

4.3.2. Nocturnal hypotension

Sleep involves circadian modulation of autonomic tone 
and blood pressure regulation. While physiological 
nocturnal dipping is generally adaptive, excessive dipping 
or paradoxical nocturnal hypotension has been associated 
with ischemic stroke risk, white matter progression, and 
cognitive decline in certain populations.99,100 During 
sleep, reduced sympathetic tone and altered vascular 
responsiveness may transiently narrow perfusion margins. 
In the presence of carotid stenosis, microvascular disease, 
or impaired autoregulation, nocturnal hemodynamic 
shifts may coincide with periods of increased cerebral 
susceptibility.

4.3.3. Cerebral perfusion variability (“perfusion 
noise”)

Cerebral blood flow is ordinarily stabilized through 
autoregulatory mechanisms that buffer systemic pressure 
fluctuations within a defined range.13,101 However, 
aging, hypertension, diabetes, small vessel disease, and 
neurodegenerative conditions can impair autoregulatory 
efficiency.13,102,103 Under such circumstances, systemic 
hemodynamic variability may translate into amplified 
cerebral perfusion variability—conceptualized here as 
“perfusion noise.” These microfluctuations have been 
associated with endothelial stress, oxidative signaling, and 
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metabolic strain102-104 and may contribute cumulatively to 
microvascular injury. Importantly, such variability may 
remain clinically silent while potentially influencing long-
term structural integrity.
4.3.4. Cardiac output variability

Transient reductions or oscillations in cardiac output—
arising from arrhythmic pauses, paroxysmal atrial 
fibrillation, bradyarrhythmias, or tachyarrhythmias—can 
alter cerebral perfusion dynamics.94,98,104 Even brief output 
fluctuations may interact with vulnerable cerebrovascular 
substrates, particularly in individuals with impaired 
collateral circulation or limited cerebrovascular reserve. 
In this context, electrical variability and hemodynamic 
variability may become mechanistically intertwined.

Hemodynamic instability windows therefore describe 
intervals during which systemic flow reliability may be 
reduced. When temporally aligned with autonomic or 
thrombo-inflammatory perturbations, these windows 
could plausibly contribute to increased symptomatic or 
subclinical risk. Further investigation will be required to 
define their predictive significance.

4.4. Thrombo-inflammatory windows

Beyond electrophysiologic and hemodynamic variability, 
cerebrovascular vulnerability is influenced by dynamic 
changes in endothelial function, coagulation balance, and 
inflammatory signaling. Thrombo-inflammatory windows 
refer to temporally bounded shifts in vascular biology that 
may transiently favor prothrombotic states.

4.4.1. Endothelial activation

The endothelium regulates vascular tone, platelet adhesion, 
anticoagulant balance, and inflammatory signaling. 
Acute stressors—including infection, oxidative injury, 
metabolic disturbance, and systemic inflammation—can 
induce endothelial activation, characterized by increased 
expression of adhesion molecules and procoagulant 
mediators.105,106 Such activation may transiently shift the 
vascular milieu toward a prothrombotic profile. In the 
setting of AF or turbulent atrial flow, endothelial activation 
could plausibly lower the threshold for thrombus 
formation.

4.4.2. Hypercoagulable microphases

Coagulation dynamics fluctuate in response to circadian 
rhythms, cytokine signaling, autonomic modulation, and 
metabolic stress.107,108 Variability in platelet aggregation 
potential, fibrinogen levels, and thrombin generation 
capacity may produce short-lived hypercoagulable 
microphases that are not captured by static laboratory 
measurements. When coincident with electrical or 

hemodynamic variability—such as arrhythmic clustering—
these microphases may contribute to transient increases in 
embolic susceptibility.

4.4.3. Inflammatory amplification

Inflammatory signaling has bidirectional effects on cardiac 
electrophysiology and vascular thrombogenicity.109,110 
Cytokine surges have been associated with ion-channel 
modulation, altered atrial conduction properties, and 
changes in refractory dynamics, while simultaneously 
influencing platelet activation and endothelial function. 
These interactions suggest potential cross-domain 
amplification during inflammatory states.

Clinically, inflammatory amplification may also be 
relevant in conditions where valvular or endocardial 
inflammation increases embolic vulnerability. Infective 
endocarditis represents a prototypical example in which 
infection-driven endothelial injury, vegetation formation, 
systemic inflammation, and embolic risk intersect. Non-
infective immune-mediated conditions may provide 
related but mechanistically distinct examples. Rheumatic 
fever and rheumatic valvular inflammation can promote 
endothelial and valvular injury, inflammatory remodeling, 
and thromboembolic susceptibility, while systemic lupus 
erythematosus may be associated with Libman–Sacks 
endocarditis, antiphospholipid-related thrombosis, and 
sterile valvular vegetations. These examples do not establish 
BHIWs directly, but they illustrate how inflammatory, 
endothelial, valvular, and coagulation pathways may 
converge to create temporally variable thromboembolic 
vulnerability.

4.4.4. Platelet reactivity shifts

Platelet responsiveness varies across circadian cycles 
and inflammatory conditions.105,111 Enhanced platelet 
reactivity during acute stress or infection may transiently 
elevate embolic propensity, particularly in individuals 
with underlying arrhythmic substrate or endothelial 
dysfunction.

Thrombo-inflammatory windows thus describe 
intervals during which vascular and coagulation 
equilibrium may shift toward increased vulnerability. These 
shifts may be clinically silent yet could acquire significance 
when aligned with concurrent electrical or hemodynamic 
instability.

4.5. Neural vulnerability windows

The final axis of the instability taxonomy concerns intrinsic 
cerebral susceptibility. Neural Vulnerability Windows refer 
to intervals during which the brain’s capacity to buffer 
perfusion variability, embolic burden, or autonomic 
perturbation may be reduced.

https://doi.org/10.36922/BH026100014


Brain & HeartBrain & Heart Brain–heart instability windows 

Volume X Issue X (2026)	 12� doi: 10.36922/BH026100014

4.5.1. Impaired cerebrovascular autoregulation

Cerebral autoregulation maintains relatively stable blood 
flow across varying systemic pressures. Stroke, traumatic 
injury, chronic hypertension, small vessel disease, and 
neurodegenerative processes can impair this buffering 
capacity.112,113 During such intervals, systemic blood 
pressure or cardiac output variability may exert greater 
influence on cerebral perfusion. Under these conditions, 
otherwise modest hemodynamic shifts may carry increased 
physiological significance.

4.5.2. White matter susceptibility

White matter is particularly sensitive to microvascular 
instability and perfusion variability. Blood pressure 
variability and endothelial dysfunction have been 
associated with progression of white matter hyperintensities 
and microstructural injury.114-116 Instability windows 
characterized by perfusion variability or thrombo-
inflammatory activation may contribute to cumulative 
subclinical injury over time.

4.5.3. Post-stroke remodeling phases

Following acute cerebrovascular injury, dynamic 
remodeling occurs across autonomic, inflammatory, and 
electrophysiologic domains.17,56,117 The post-stroke period 
has been associated with sympathetic predominance, 
reduced HRV, and increased arrhythmic susceptibility. 
These remodeling phases may represent intervals of 
heightened cross-organ vulnerability.

4.5.4. Neurodegenerative autonomic dysfunction

In neurodegenerative disorders such as Parkinson’s 
disease, Lewy body dementia, and multiple system 
atrophy, progressive autonomic impairment alters blood 
pressure regulation, cardiac variability, and baroreflex 
sensitivity.118-120 These changes may reduce systemic 
buffering capacity and increase susceptibility to orthostatic 
hypotension, perfusion variability, and arrhythmia.

4.5.5. Integrative synthesis: temporal convergence of 
instability axes

Across autonomic, electrical, hemodynamic, thrombo-
inflammatory, and neural domains, several forms of 
physiological variability are temporally structured rather 
than uniformly distributed. The BHIW framework proposes 
that some of these fluctuations may cluster into phases 
of reduced regulatory buffering and fragile cross-organ 
coupling. Whether such clustering provides incremental 
value for predicting stroke, syncope, arrhythmia, or 
cognitive outcomes remains to be determined through 
longitudinal validation.

5. The brain–heart measurement stack
Having defined the instability construct and domain 
taxonomy, we next describe the “brain–heart measurement 
stack,” a multilevel architecture for mapping candidate 
BHIWs onto measurable physiological signals across 
temporal and biological scales. The stack integrates 
continuous digital monitoring, structured physiologic 
assessment, and structural–biological anchors, as 
illustrated in Figure 4.

The measurement stack is grounded in three 
premises. First, many physiological signals relevant 
to neurocardiovascular risk are temporally dynamic, 
potentially evolving over minutes, hours, or days rather 
than existing as static attributes. Second, no single 
biomarker fully captures cross-organ resilience within 
coupled excitable systems. Third, inferential confidence in 
a putative instability window increases when coordinated 
deviations emerge across multiple physiological layers. In 
this formulation, dynamic vulnerability is best approached 
as a multiscale phenomenon requiring layered observation 
rather than reliance on isolated metrics.

5.1. Continuous digital signal layer

At the highest temporal resolution, continuous digital 
monitoring may provide early signatures of evolving 
instability. Wearable sensors, implantable loop 
recorders, ambulatory electrocardiography, and remote 
physiological monitoring technologies enable longitudinal 
characterization of variability architecture rather than 
single-timepoint measurements.

Nonlinear HRV metrics represent a particularly 
informative domain. While conventional time- and 
frequency-domain measures summarize autonomic tone, 
nonlinear indices—such as entropy-based measures, 
fractal scaling exponents, and multiscale complexity 
analyses—capture aspects of autonomic adaptability. 
Reductions in variability complexity have been associated 
with diminished physiological resilience and adverse 
cardiovascular outcomes.121,122 Within the brain–heart 
instability framework, such reductions may reflect early 
autonomic destabilization preceding overt electrical or 
hemodynamic perturbation.

Continuous rhythm monitoring similarly permits 
characterization of electrical variability beyond binary 
arrhythmia detection. Ectopy clustering density, AF 
episode aggregation, sinus pause burden, bradycardia–
tachycardia patterns, chronotropic response, beat-to-
beat interval dispersion, and dynamic repolarization 
variability may indicate transient reductions in rhythm 
stability.123,124 Temporal clustering patterns may represent 
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Figure 4. Multiscale measurement architecture for detecting brain–heart instability windows. The brain–heart measurement stack integrates continuous 
digital signals, structured physiologic assessments, and structural–biological anchors across temporal scales. Candidate instability states are inferred when 
coordinated deviations emerge across tiers rather than within isolated domains; this inference remains probabilistic and investigational. The framework 
conceptualizes dynamic neurocardiovascular vulnerability as a multiscale phenomenon requiring layered observation and cross-domain convergence. 
Original figure created by the author for this manuscript. 
Abbreviations: AF: Atrial fibrillation; BP: Blood pressure; CRP: C-reactive protein; DFA: Detrended fluctuation analysis; ECG: Electrocardiogram; HR: 
Heart rate; MRI: Magnetic resonance imaging.
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candidate electrical instability windows even when overall 
arrhythmia burden appears modest. 

Circadian and sleep-associated autonomic dynamics 
offer an additional dimension of state assessment. 
Wearable-derived nocturnal HRV profiles, blood pressure 
dipping patterns, and autonomic transitions during 
sleep reflect integrated central–peripheral modulation. 
Deviations from expected nocturnal profiles—including 
exaggerated dipping or autonomic flattening—may 
correspond to evolving hemodynamic or electrical 
instability windows.100,125

Emerging cuffless blood pressure estimation 
technologies and pulse transit–based proxies allow 
approximation of short-term variability outside the clinic. 
Oscillatory variability spikes or altered variability structure 
may reflect hemodynamic fragility not captured by clinic-
based averages.126,127 Activity-linked autonomic response 
profiling further informs buffering capacity under 
physiological stress. Altered heart-rate responsiveness 
to standardized activity patterns may signal impaired 
autonomic reserve.128 Collectively, the digital layer offers 
continuous mapping of physiological variability patterns 
that may precede overt clinical destabilization.

5.2. Structured physiologic assessment layer

Continuous digital signals provide temporal resolution, 
but structured physiologic testing offers mechanistic 
specificity. This intermediate layer refines interpretation 
of digital variability through controlled interrogation of 
regulatory systems.

Active stand testing with beat-to-beat hemodynamic 
monitoring enables quantitative assessment of baroreflex 
sensitivity and orthostatic compensation. Abnormal 
recovery slopes, exaggerated oscillatory responses, or 
reduced baroreflex gain may be consistent with Autonomic 
gain or hemodynamic instability windows.129,130

Tilt-table testing similarly permits controlled evaluation 
of autonomic–vascular responsiveness. Beyond categorical 
syncope diagnosis, dynamic tilt signatures—including 
latency to instability and recovery dynamics—may 
reflect underlying buffering fragility within cross-organ 
regulatory networks.131,132

Extended electrocardiogram (ECG) patch monitoring 
enhances detection of arrhythmia clustering and 
repolarization variability, potentially improving 
operationalization of electrical instability windows relative 
to single-timepoint electrocardiography.133,134

Brief, repeatable cognitive assessments administered 
digitally may detect micro-fluctuations in executive 
function or processing speed. Variability in performance, 

rather than mean score alone, may serve as a surrogate 
indicator of neural vulnerability windows in selected 
populations.135,136

This intermediate layer thus strengthens mechanistic 
interpretation when digital signals suggest evolving 
instability.

5.3. Structural and biological anchor layer

At a slower temporal scale but with higher substrate 
specificity, structural and biological markers 
contextualize dynamic perturbations within underlying 
pathophysiological frameworks.

Systemic inflammatory markers, including C-reactive 
protein (CRP) and cytokine profiles, provide indices 
of thrombo-inflammatory tone and endothelial 
activation.109,137,138 Temporal elevations may align with 
thrombo-inflammatory windows, particularly in the 
presence of arrhythmic clustering or systemic stress.

Coagulation indices—including D-dimer, fibrinogen 
levels, platelet function assays, and thrombin generation 
parameters—reflect dynamic shifts in prothrombotic 
balance.139 Relative elevations may correspond to transient 
hypercoagulable microphases that converge with electrical 
or hemodynamic instability.

Neuroimaging markers such as white matter 
hyperintensities and microstructural integrity measures 
provide structural evidence of cumulative perfusion 
variability.116,140 Longitudinal progression may support the 
hypothesis of repeated hemodynamic instability windows.

Cardiac structural remodeling—including atrial 
enlargement, strain abnormalities, and fibrosis burden—
defines the arrhythmic substrate upon which transient 
perturbations operate.141,142 Such substrate characteristics 
may amplify the impact of dynamic instability.

These anchors help distinguish physiologic fluctuation 
from biologically meaningful destabilization and 
provide substrate context for interpreting dynamic 
signals. A structured overview of the multilevel 
domains, representative metrics, temporal scales, clinical 
measurability, and current validation maturity within the 
BHIW framework is provided in Table 2.

Thus, the proposed measurement stack does not require 
entirely new categories of clinical measurement; rather, it 
proposes a research-stage method for temporally aligning 
already measurable signals across physiological domains.

5.4. Convergence across measurement layers

The brain–heart measurement stack is best understood as 
a multilevel inferential framework rather than a checklist 
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of independent tests. For research purposes, a candidate 
instability window should not be inferred from a single 
isolated abnormality. Instead, inferential confidence 
increases when deviations are temporally aligned across 
at least two physiologically coherent domains, such 
as autonomic–electrical, autonomic–hemodynamic, 
electrical–thrombo-inflammatory, or hemodynamic–

neural patterns. A single-domain deviation may be 
considered only when it is large, persistent or recurrent, 
biologically interpretable, and supported by relevant 
substrate information.

For example, reduction in HRV complexity at 
the digital layer, impaired orthostatic compensation 

Table 2. Multilevel measurement domains for detection of brain–heart instability windows: clinical measurability and validation 
maturity

Window type Core mechanism Representative 
measurable signals

Clinical measurability / 
Research status

Illustrative clinical 
manifestations

Current evidence 
maturity

Autonomic gain 
window

Transient 
sympathetic–

parasympathetic 
imbalance leading to 
reduced regulatory 

buffering

HRV entropy 
reduction; nonlinear 

HRV metrics; 
baroreflex sensitivity 
decline; autonomic 

tone shifts

Clinically measurable 
in part through HRV, 

autonomic testing, and 
baroreflex assessment; 

BHIW classification based 
on temporal convergence 
remains research-stage.

AF initiation, blood 
pressure lability, 

orthostatic intolerance

Moderate: 
established 

associations; 
dynamic 

convergence 
hypothesis remains 

investigational

Electrical instability 
window

Reduced excitability 
threshold, 

repolarization 
heterogeneity, 

conduction variability

Ectopy clustering 
density; AF episode 
aggregation; sinus 

pauses; chronotropic 
incompetence; 
bradycardia–

tachycardia patterns; 
QT variability; 

beat-to-beat 
repolarization 

dispersion

Clinically measurable 
through ECG, ambulatory 

rhythm monitoring, 
patch monitoring, and 

implantable loop recorders; 
interpretation as a temporally 

bounded BHIW remains 
investigational.

AF onset, sick 
sinus syndrome, 
bradyarrhythmic 

syncope, ventricular 
arrhythmia, ictal 

arrhythmia

Established in 
cardiology; cross-

organ coupling 
hypothesis remains 

emerging

Hemodynamic 
instability window

Perfusion variability 
exceeding 

autoregulatory 
capacity

Short-term 
BP variability; 

orthostatic 
oscillatory 

responses; cardiac 
output variability 
spikes; nocturnal 

hypotension patterns

Clinically measurable 
through office/ambulatory 

BP monitoring, beat-to-beat 
BP testing, tilt-table testing, 
and orthostatic assessment; 
dynamic window prediction 

remains research-stage.

Syncope, transient 
cerebral hypoperfusion, 

silent ischemic injury

Moderate: 
strong variability 

data; window 
construct remains 

investigational

Thrombo-
inflammatory 
window

Transient endothelial 
activation and 
procoagulant 
amplification

CRP elevation; 
D-dimer fluctuation; 

platelet reactivity 
shifts; cytokine 

variability

Clinically measurable in 
part through CRP, D-dimer, 
coagulation indices, platelet 

assays, and inflammatory 
markers; temporally aligned 

thrombo-inflammatory 
window modeling remains 

investigational.

Embolic stroke, 
microembolism 

susceptibility

Emerging: 
biological 

plausibility 
established; 

temporal clustering 
requires validation

Neural 
vulnerability 
window

Impaired 
cerebrovascular 

autoregulation or 
reduced neural 

resilience

White matter 
hyperintensity 

burden; impaired 
dynamic 

autoregulation 
metrics; cognitive 

performance 
variability

Clinically measurable in 
part through MRI markers, 

dynamic autoregulation 
testing, cognitive assessment, 

and autonomic evaluation; 
BHIW-based temporal 

vulnerability classification 
remains research-stage.

Cognitive decline, 
post-stroke 

arrhythmogenesis, 
perfusion-sensitive 

injury

Established in 
neurology as 

substrate evidence; 
temporal window 

hypothesis remains 
investigational

Abbreviations: AF: Atrial fibrillation; BHIW: Brain–heart instability window; BP: Blood pressure; CRP: C-reactive protein; ECG: Electrocardiogram; 
HRV: Heart-rate variability; MRI: Magnetic resonance imaging.
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during structured testing, and concurrent elevation of 
inflammatory markers may collectively suggest an active 
cross-organ destabilization phase if they occur within a 
prespecified temporal horizon and exceed individualized 
baseline variability. Conversely, if one marker deviates while 
other domains remain stable or move in a compensatory 
direction, the pattern should be classified as indeterminate 
rather than as a confirmed instability window.

This convergence-based approach is consistent with 
systems biology perspectives, wherein state transitions are 
characterized by multiscale perturbations rather than single 
linear shifts. Within neurocardiology, such integration may 
provide a structured pathway for interpreting continuous 
monitoring data within a mechanistic framework.

5.5. Implications for dynamic neurocardiovascular 
risk modeling

Conventional risk stratification frameworks are 
predominantly static, relying on demographic variables 
and structural comorbidities. In contrast, the brain–heart 
measurement stack supports a complementary approach 
focused on dynamic state assessment.

Instability windows cannot be reliably inferred from 
isolated datapoints or averaged values alone. Instead, 
they require multidomain measurement across temporal 
gradients, integrating variability architecture with structural 
and biological context. This layered model may permit 
differentiation between chronic baseline risk and transient 
vulnerability amplification. For example, in a patient with 
paroxysmal atrial fibrillation, a period characterized by 
reduced HRV entropy, increased arrhythmic clustering, 
and concurrent elevation of inflammatory or coagulation 
markers could be operationalized as a candidate instability 
interval if the abnormalities exceed the individual’s 
baseline variability, persist or recur over a prespecified 
time horizon, and demonstrate temporal overlap. Such a 
construct can be quantitatively defined and prospectively 
evaluated using predefined thresholds, rather than inferred 
retrospectively. 

Operationalization of instability in this manner could 
support prospective testing of specific decision pathways, 
including adaptive rhythm monitoring intensity, selection 
of patients for extended post-stroke telemetry, timing of 
repeat orthostatic assessment, and identification of periods 
when supportive hemodynamic measures may be most 
relevant. In AF, combined rhythm clustering, autonomic 
shifts, and thrombo-inflammatory markers could be 
evaluated as research signals for intensified surveillance 
or adherence reinforcement, although not for changing 
anticoagulation outside validated protocols. The brain–

heart measurement stack therefore provides a structured 
basis for testing whether cross-domain temporal signals 
can be linked to specific future clinical use cases rather 
than only to abstract risk modeling.

6. Clinical use cases: illustrative 
applications of the instability framework
The following clinical use cases are intended as 
illustrative applications of the BHIW framework 
rather than validation of the construct. They are 
based partly on analogical reasoning from established 
neurocardiovascular observations and should therefore be 
interpreted as hypothesis-generating examples. Each use 
case distinguishes established clinical observations from 
biologically plausible BHIW interpretations and currently 
unvalidated research propositions.

6.1. Use case 1: atrial fibrillation clustering and 
silent stroke vulnerability

Atrial fibrillation (AF) is traditionally assessed in terms 
of overall burden and cumulative thromboembolic risk. 
Evidence from rhythm monitoring suggests that AF 
episodes may occur in temporally clustered patterns rather 
than being randomly distributed.143,144 Within the present 
framework, such clustering is interpreted cautiously as a 
possible marker of transient electrical instability within an 
already susceptible atrial substrate, rather than as direct 
evidence of a validated BHIW.

From the perspective of the BHIW framework, AF 
clustering may be considered a candidate use case for 
studying electrical instability windows. Concurrent 
autonomic shifts—particularly nocturnal sympathetic 
predominance or vagal withdrawal—have been associated 
with AF initiation patterns in selected populations.88,145 
Whether these autonomic patterns temporally align with 
arrhythmic clustering in a way that meaningfully alters 
short-term embolic vulnerability remains an open research 
question.

Emerging observational data raise the possibility that 
thromboembolic risk may not be uniformly distributed 
across time and may vary in relation to arrhythmic activity; 
however, this evidence remains preliminary and should not 
be interpreted as sufficient to guide episode-level stroke 
prediction or anticoagulation decisions.146,147 Within the 
BHIW framework, periods characterized by arrhythmia 
clustering, autonomic perturbation, and prothrombotic 
shifts may be treated as candidate research intervals for 
studying microembolism vulnerability. This interpretation 
remains inferential and requires prospective validation 
with synchronized rhythm, autonomic, coagulation, and 
outcome monitoring.
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This use case does not imply that stroke risk can currently 
be predicted at the level of individual AF episodes. It also 
does not support changing anticoagulation strategy outside 
guideline-directed care. Rather, it identifies a research 
question: whether integrating arrhythmic clustering 
dynamics with autonomic and thrombo-inflammatory 
markers improves understanding of temporal variability in 
thromboembolic susceptibility.

6.2. Use case 2: syncope and orthostatic collapse

Syncope and orthostatic intolerance provide a second 
use case for applying the BHIW framework. Orthostatic 
hypotension, impaired baroreflex sensitivity, and 
autonomic failure have well-established roles in transient 
cerebral hypoperfusion.94,148,149

Vasovagal syncope is therefore treated in this framework 
as a mixed use case: primarily an autonomic gain window at 
the level of reflex initiation, and a hemodynamic instability 
window at the level of clinical expression.

Within the proposed framework, episodes of syncope 
may correspond to hemodynamic instability windows 
characterized by rapid blood pressure variability, 
delayed compensatory responses, or transient baroreflex 
insufficiency. Beat-to-beat blood pressure monitoring 
has demonstrated that abrupt oscillatory instability 
may precede symptomatic collapse in susceptible 
individuals.95,150

In certain patients, particularly those with autonomic 
neuropathy or neurodegenerative disease, reduced 
buffering capacity may allow relatively minor perturbations 
to trigger abrupt perfusion drops. Such cases illustrate how 
transient reductions in regulatory reserve could culminate 
in overt clinical events.

This use case illustrates the distinction between baseline 
susceptibility and possible short-term hemodynamic 
vulnerability. However, whether discrete BHIWs can be 
prospectively identified before syncope remains to be 
tested.

6.3. Use case 3: post-stroke arrhythmogenesis

Acute cerebrovascular injury is frequently accompanied by 
alterations in autonomic tone and cardiac electrophysiology. 
Increased sympathetic activation, reduced heart-rate 
variability, and repolarization changes have been observed 
in the post-stroke period.9,56,151 In some patients, these 
changes are associated with increased incidence of atrial or 
ventricular arrhythmias.

Within the BHIW framework, the post-stroke state is 
best framed as a use case for studying possible coupling 

among neural vulnerability, autonomic gain, and electrical 
instability domains. Structural brain injury—particularly 
involving insular or brainstem regions—may disrupt 
central autonomic regulation, thereby altering cardiac 
excitability thresholds.152,153

Secondary cardiac electrical instability in this context 
does not imply that stroke uniformly causes arrhythmia. 
Rather, it suggests that neural injury may transiently 
modify autonomic balance and electrophysiologic 
substrate, potentially increasing arrhythmic susceptibility 
during defined intervals.

This use case highlights the bidirectional nature of 
brain–heart interactions, while emphasizing that the 
BHIW interpretation remains a proposed research 
framework rather than evidence of a validated post-stroke 
prediction model.

6.4. Use case 4: neurodegenerative autonomic 
decline

Neurodegenerative disorders such as Parkinson’s disease, 
Lewy body dementia, and multiple system atrophy 
frequently involve progressive autonomic dysfunction.118,154 
Impaired baroreflex sensitivity, orthostatic hypotension, 
and reduced HRV are common features.

Within this population, gradual loss of autonomic gain 
may reduce physiological buffering capacity. Flattening of 
cardiac variability patterns and impaired blood pressure 
regulation may represent chronic shifts toward reduced 
regulatory reserve. Superimposed stressors—such as 
dehydration, infection, or medication effects—may further 
narrow stability margins.

In this context, the BHIW framework should be 
applied cautiously. Instability windows may not always be 
sharply bounded and may instead appear as fluctuating 
vulnerability phases within a progressively impaired 
regulatory landscape. Cardiac variability flattening and 
orthostatic lability may serve as candidate measurable 
correlates, but their ability to define actionable vulnerability 
states remains unvalidated.155,156

This use case illustrates how chronic neurodegeneration 
may lower baseline resilience while still permitting 
superimposed transient instability phases that require 
prospective characterization.

6.5. Translational implications of clinical use cases

These clinical use cases are not intended to establish 
causal proof or clinical readiness of BHIWs. Rather, they 
identify settings in which established dynamic brain–heart 
interactions may be reorganized into testable temporal 
hypotheses.
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Across AF, syncope, post-stroke states, and 
neurodegenerative autonomic dysfunction, a recurring 
pattern emerges: structural susceptibility coexists 
with temporally fluctuating physiological instability. 
Differentiating baseline risk from transient vulnerability 
may enhance mechanistic understanding and guide future 
empirical study.

Prospective validation will be required to determine 
whether identifying such windows improves predictive 
accuracy, therapeutic timing, or clinical outcomes. 
If validated, these use cases could inform specific 
research-tested decision pathways, such as adaptive 
rhythm monitoring intensity in AF, extended telemetry 
selection after stroke, anticipatory orthostatic support 
in patients with recurrent hemodynamic instability, or 
closer surveillance during neurodegenerative autonomic 
decompensation. Until such validation is available, these 
use cases should be regarded as research applications 
of a temporally structured instability framework, not as 
grounds for changing clinical management.

7. Digital integration and computational 
modeling
The conceptual framework of BHIWs gains practical 
relevance only if dynamic physiological data can be 
integrated, interpreted, and modeled in a structured 
manner. Advances in computational analytics, signal 
processing, and machine learning provide tools that may 
support such integration. However, these technologies 
should be viewed as methodological enablers rather than 
deterministic solutions.

Continuous physiological monitoring generates 
high-dimensional, temporally structured data streams. 
Translating these signals into clinically interpretable state 
assessments requires approaches capable of capturing 
variability architecture, temporal clustering, and cross-
domain interaction.

7.1. Temporal clustering analysis

Many physiological events—including arrhythmic 
episodes, autonomic shifts, and blood pressure 
fluctuations—demonstrate non-random temporal 
distribution.157,158 Statistical and computational techniques 
for clustering detection may identify periods during which 
event density exceeds baseline expectation.

Time-series segmentation methods, burst detection 
algorithms, and state-transition modeling frameworks 
could potentially be applied to identify candidate instability 
windows within continuous monitoring data. Importantly, 
such approaches would aim to characterize temporal 
structure rather than simply count cumulative burden.

At present, most clinical metrics summarize frequency 
or duration. Incorporating clustering analysis may provide 
a complementary dimension of temporal organization, 
although prospective validation will be required to 
determine clinical utility.

7.2. Early warning score development

Early warning systems have been applied in critical care 
and inpatient monitoring settings to detect physiological 
deterioration.159,160 Extending similar concepts to 
ambulatory neurocardiovascular monitoring may be 
feasible.

In the context of BHIWs, composite indices 
incorporating autonomic variability, rhythm irregularity, 
and hemodynamic fluctuation metrics could be explored 
as candidate early warning scores. Such models would not 
predict specific events deterministically, but could estimate 
the probability that a patient is entering a phase of elevated 
vulnerability.

Development of these scores would require careful 
calibration to avoid excessive false positives, as well 
as validation across diverse populations. Nonetheless, 
structured risk-state estimation may offer an intermediate 
step between raw signal detection and clinical decision-
making.

7.3. Multimodal signal fusion

Physiological instability is inherently multidimensional. 
Autonomic, electrical, hemodynamic, inflammatory, and 
behavioral signals may interact nonlinearly. Machine 
learning approaches capable of multimodal signal fusion 
could facilitate integration across these domains.161,162

Multivariate time-series modeling, Bayesian inference 
frameworks, and neural network architectures may 
allow joint modeling of variability patterns rather than 
independent signal analysis. Such approaches could 
help identify coordinated deviations across tiers of the 
measurement stack.

However, multimodal integration introduces 
challenges related to signal quality, temporal alignment, 
interpretability, and overfitting. Transparent model design 
and physiological plausibility should remain central 
considerations.

7.4. Probabilistic forecast modeling

Rather than binary prediction (event vs. no event), 
probabilistic modeling approaches may be more 
appropriate for dynamic instability assessment. State-space 
models and hidden Markov frameworks, for example, can 
represent physiological systems as transitions between 
latent stability states.163-165
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Within such models, the objective would not be to 
forecast exact timing of stroke or arrhythmia, but to 
estimate the evolving probability of being within a high-
vulnerability state. Risk could therefore be conceptualized 
as a continuous curve rather than a static category.

Importantly, probabilistic forecasting must be 
distinguished from deterministic prediction. Clinical 
translation would require rigorous validation, calibration 
assessment, and evaluation of impact on outcomes.

7.5. Personalized risk trajectories

Traditional risk models provide annualized population-
based probabilities. In contrast, integration of 
continuous physiological data may permit construction 
of individualized risk trajectories over shorter temporal 
horizons.

Personalized risk curves could reflect both baseline 
structural susceptibility and superimposed dynamic 
variability patterns. Such trajectories would remain 
probabilistic and adaptive rather than fixed. Their potential 
value would lie in illustrating temporal fluctuations in 
vulnerability rather than assigning static labels.

The clinical implications of personalized temporal risk 
modeling remain speculative. Future research will need 
to determine whether integrating dynamic physiological 
signals meaningfully improves discrimination, calibration, 
or therapeutic timing compared with existing standards.

7.6. Positioning digital integration within predictive 
neurocardiology

Digital integration and computational modeling 
should therefore be viewed as complementary tools for 
exploring temporal instability rather than replacements 
for established risk frameworks. Their value may lie in 
identifying candidate state transitions and supporting 
hypothesis generation regarding dynamic vulnerability.

At present, the brain–heart instability framework 
provides a conceptual structure within which such 
computational approaches could be systematically 
developed and evaluated. Prospective validation, external 
replication, and assessment of clinical impact will be 
essential before routine implementation can be considered. 
A staged translational pathway from signal acquisition to 
predictive validation is summarized in Figure 5.

8. Toward a standardization framework for 
BHIWs
For conceptual frameworks to achieve methodological 
traction within clinical and research communities, 
definitional precision and reporting consistency are 

essential.166,167 Without shared terminology and structured 
operational criteria, candidate instability constructs risk 
remaining heterogeneous, thereby limiting reproducibility, 
cross-study comparability, and cumulative scientific 
advancement. Accordingly, the following considerations 
are proposed as an initial methodological scaffold intended 
to stimulate empirical refinement and multidisciplinary 
dialogue rather than to establish prescriptive standards. 
Formal consensus development will require iterative 
validation across diverse cohorts and study designs. 
Because validated BHIW thresholds do not yet exist, 
the criteria proposed below should be interpreted as 
preliminary research criteria rather than clinical diagnostic 
standards. Their purpose is to make the framework 
falsifiable, reproducible, and testable across studies.

8.1. Operational definition of an instability window

To enable reproducibility, BHIWs may be operationally 
defined as temporally bounded intervals characterized 
by coordinated deviation in one or more physiological 
domains relative to an individual’s established baseline 
state, hypothesized to reflect reduced cross-organ 
regulatory stability. Several elements of this definition 
merit clarification. The term temporally bounded implies 
identifiable onset and resolution rather than persistent 
abnormality. The concept of coordinated deviation 
suggests that instability may be more plausibly inferred 
when changes demonstrate internal coherence within a 
physiological domain or occur concurrently across multiple 
domains. The emphasis on relative to baseline underscores 
the potential importance of individualized reference states 
rather than exclusive reliance on population-derived 
thresholds. Finally, describing instability as hypothesized 
reduced stability maintains a probabilistic framing and 
avoids presuming deterministic event occurrence. This 
formulation positions BHIWs as dynamic vulnerability 
states rather than inevitable precursors to clinical outcomes.

A preliminary operational definition may therefore 
classify a candidate BHIW as present when four conditions 
are met: (1) a temporally bounded pattern is identifiable, 
with onset and resolution or repeated clustering within 
a defined observation window; (2) at least one measured 
signal deviates beyond expected within-person variability 
or a validated clinical threshold; (3) the deviation persists 
or recurs beyond artifact-level fluctuation; and (4) the 
pattern demonstrates either convergence across at least two 
physiologically coherent domains or a major single-domain 
deviation supported by relevant substrate vulnerability. 
These criteria are intended for research classification and 
should be refined according to population, outcome, and 
monitoring modality.
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8.2. Preliminary research criteria for candidate 
BHIWs

A practical research definition of BHIWs requires 
prespecified criteria for duration, magnitude, convergence, 
and discordance. Minimum duration should be defined 
according to the temporal resolution of the domain being 
studied. For high-frequency digital signals, candidate 
windows may be evaluated across minutes to hours; 
for arrhythmic clustering or autonomic–hemodynamic 
patterns, hours to days may be appropriate; for 
inflammatory or coagulation markers, daily to subacute 
intervals may be more realistic. Rather than imposing a 
universal duration threshold, studies should prespecify 
domain-specific observation windows and justify them 
biologically.

Magnitude should similarly be defined relative to 
individualized baseline when longitudinal data are 
available. Candidate thresholds may include deviation 
beyond expected within-person variability, clinically 
validated cut points, or statistically defined abnormality 
such as percentile-based or standard deviation–based 
change from baseline. Because population thresholds 
may not capture individual physiological reserve, within-
person change should be prioritized when feasible.

Cross-domain convergence should be defined as 
temporal overlap or close temporal sequencing of 
abnormalities across at least two physiologically coherent 
domains. Examples include autonomic–electrical 
convergence, autonomic–hemodynamic convergence, 
electrical–thrombo-inflammatory convergence, or 
hemodynamic–neural convergence. Three-domain 
convergence may increase inferential confidence but 
should not be required for all studies, because requiring 
too many domains may reduce sensitivity and feasibility.

Contradictory signals should be handled conservatively. 
If one domain suggests instability while other relevant 
domains remain stable, improve, or indicate adaptive 
compensation, the episode should be classified as 
indeterminate rather than as a definite BHIW. If signals 
diverge because of known physiological context, such 
as exercise, sleep-stage transition, medication timing, 
hydration change, or recovery from acute illness, contextual 
interpretation should override purely algorithmic 
classification. This approach preserves specificity and 
reduces the risk of pathologizing adaptive physiological 
variability.

To translate these considerations into a reproducible 
research structure, Table 3 summarizes preliminary 

Figure 5. Translational pathway toward predictive neurocardiology. Conceptual framework illustrating progression from continuous physiological signal 
acquisition to state-aware probabilistic modeling and staged clinical validation. Digital metrics are organized into domain-specific instability categories, 
integrated across measurement tiers, and modeled using probabilistic frameworks to estimate time-varying vulnerability. Clinical translation requires 
retrospective enrichment analysis, prospective validation, calibration testing, and randomized implementation studies prior to integration into practice. 
Abbreviations: AF: Atrial fibrillation; CRP: C-reactive protein; DFA: Detrended fluctuation analysis; HRV: Heart-rate variability; WMH: White matter 
hyperintensity.
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operational criteria for identifying candidate BHIWs. 
These criteria are intended for research classification and 
should not be interpreted as clinical diagnostic standards.

These preliminary criteria provide a structured starting 
point for empirical testing, while allowing thresholds and 
temporal windows to be refined according to population, 
monitoring modality, and target outcome.

8.3. Minimum digital metric domains

These metric domains are not intended to function as 
mandatory diagnostic tests. Rather, they provide candidate 
signal classes from which operational definitions can be 
constructed and tested. The specific metric combination 
should be prespecified according to the clinical population, 
monitoring duration, and outcome of interest.

Comparability across investigations may be facilitated 
by identifying core digital metric domains reflective of 
principal physiological axes. While definitive metric 
selection requires empirical evaluation, candidate domains 
could include a nonlinear HRV measure capturing 
autonomic complexity, an index of rhythm irregularity 
or temporal clustering reflecting electrical variability, a 
short-term blood pressure variability or hemodynamic 
fluctuation parameter, and a circadian modulation marker 
such as nocturnal dipping profile or sleep-associated 
autonomic transition. The intention of proposing such 
domains is not to constrain methodological innovation 
but to provide a foundational reference structure enabling 
baseline comparability. Additional parameters—including 

inflammatory indices, coagulation markers, or cognitive 
variability metrics—may be incorporated depending on 
clinical population and research objectives. The optimal 
combination of metrics is likely to be context-dependent 
and should be determined through systematic evaluation.

8.4. Reporting considerations for instability studies

Rigorous evaluation of instability constructs requires 
transparent and standardized reporting. Studies 
investigating BHIWs would benefit from explicitly 
defining window identification criteria, describing 
baseline characterization methods, specifying signal 
acquisition temporal resolution, and detailing threshold 
determination strategies. Clear articulation of whether 
thresholds are population-derived, individualized, or 
hybrid is particularly important. In addition, cross-domain 
integration methods, validation cohort characteristics, and 
statistical performance metrics—including calibration 
and discrimination indices—should be reported when 
predictive modeling is undertaken.168,169 Transparent 
reporting practices consistent with established prediction 
model standards would facilitate replication, enable meta-
analytic synthesis, and support iterative refinement of 
instability modeling approaches.168,170

8.5. Temporal classification of window duration

A central methodological consideration concerns 
temporal scale. Instability phenomena may manifest across 
heterogeneous durations, ranging from minutes in the case 
of acute autonomic surges, to hours during arrhythmic 

Table 3. Preliminary research criteria for candidate brain–heart instability windows

Operational element Preliminary research criterion Interpretation

Temporal boundedness Identifiable onset and resolution, or recurrent clustering within a 
prespecified observation window

Distinguishes a window from chronic 
abnormality

Duration
Prespecified according to domain: minutes–hours for autonomic/

hemodynamic signals; hours–days for rhythm clustering; days/
subacute intervals for inflammatory or coagulation markers

Avoids one universal threshold across 
biologically different signals

Magnitude Deviation from individualized baseline, validated clinical threshold, 
or statistically defined abnormality

Distinguishes meaningful deviation from 
noise

Persistence/recurrence Sustained abnormality or repeated clustering beyond artifact-level 
fluctuation Reduces false-positive classification

Cross-domain convergence At least two physiologically coherent domains deviating in temporal 
alignment; three-domain convergence increases confidence

Converts the framework from single-marker 
abnormality to systems-level inference

Single-domain exception Major persistent deviation in one domain plus relevant substrate 
vulnerability

Allows clinically meaningful single-axis 
instability while maintaining specificity

Discordant signals Classify as indeterminate unless explained by known physiological 
context or later validated by outcome association

Prevents overinterpretation of contradictory 
patterns

Clinical use Research classification only until prospective validation demonstrates 
predictive value and clinical utility Prevents premature clinical implementation
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clustering, to days in inflammatory activation phases. 
Rather than imposing rigid duration thresholds, a stratified 
temporal classification may offer conceptual clarity. 
Instability intervals may be categorized as ultra-short 
(minutes), short (hours), intermediate (days), or extended 
(subacute phases), thereby aligning temporal scale with 
underlying physiological mechanism. Determining which 
durations carry clinical relevance for specific outcomes 
will require prospective investigation.

8.6. Threshold determination and baseline 
referencing

Threshold selection represents a critical methodological 
challenge in dynamic physiological modeling.171,172 Fixed 
population-based cutoffs may inadequately capture 
individualized variability architecture, whereas fully 
personalized thresholds risk reduced generalizability 
and potential overfitting. A hybrid strategy may provide 
a balanced alternative, whereby baseline variability 
is established over a defined calibration period and 
subsequent deviations are quantified relative to personal 
reference distributions, potentially supplemented 
by population-informed constraints. Cross-domain 
concurrence—simultaneous deviation across autonomic, 
electrical, or hemodynamic axes—may strengthen 
inferential confidence that a meaningful instability state 
is present. Iterative validation across heterogeneous 
populations will be required to determine optimal 
threshold methodologies.

8.7. Rationale for methodological standardization

Standardization in this context should be understood 
not as rigid uniformity but as the development of a 
shared methodological vocabulary. By articulating 
provisional operational definitions, core metric domains, 
reporting elements, temporal categories, and threshold 
considerations, the brain–heart instability framework 
becomes more amenable to empirical testing and 
cross-study synthesis. These proposals are intended to 
encourage systematic evaluation rather than immediate 
clinical implementation. Prospective validation, external 
replication, and calibration analyses will be essential 
to determine predictive relevance and therapeutic 
implications.

Formalizing terminology and methodological 
considerations may facilitate structured investigation of 
temporal vulnerability in neurocardiovascular disorders 
and enhance comparability across emerging digital health 
research. To illustrate how the instability framework 
may be operationalized empirically, selected candidate 
research hypotheses and corresponding study designs are 
summarized in Table 4.

9. Potential clinical decisions if BHIWs are 
validated: translational implications and 
guardrails
The clinical value of the BHIW framework would 
depend on whether validated instability signals can be 
linked to specific decisions rather than only to general 
risk awareness. Potential decision points include how 
intensively to monitor rhythm, which patients may 
warrant extended telemetry after stroke, when to repeat 
or intensify orthostatic evaluation, whether supportive 
hemodynamic strategies should be timed to periods of 
recurrent instability, and whether dynamic signals can 
reinforce adherence or follow-up planning in patients 
already eligible for guideline-directed therapy. These 
possible applications remain conditional on prospective 
validation and should not be interpreted as current clinical 
recommendations. 

To make these translational implications more explicit, 
Table 5 links candidate BHIW signal patterns to potential 
future clinical decision points and the validation required 
before implementation.

This mapping is intended to clarify the translational 
hypotheses generated by the framework. It does not imply 
that any listed decision should be implemented before 
prospective validation demonstrates predictive value, 
safety, and clinical utility.

9.1. Monitoring strategies aligned with instability 
states

Contemporary neurocardiovascular monitoring 
paradigms are predominantly episodic or burden-based. 
Continuous rhythm surveillance, ambulatory blood 
pressure monitoring, and wearable-derived autonomic 
metrics are increasingly utilized in both research and 
clinical settings. Yet interpretation of these data streams is 
typically retrospective and event-focused.

Within a BHIW framework, monitoring could be 
conceptualized as state-sensitive rather than solely event-
detecting. Identification of coordinated deviations across 
autonomic, electrical, and hemodynamic domains might 
justify intensified observation during candidate instability 
intervals. Such adaptive monitoring strategies could 
potentially refine the timing of diagnostic evaluation 
or follow-up without altering baseline long-term 
management.

This approach does not imply continuous escalation 
of surveillance, but rather selective attention to periods 
characterized by physiologic convergence. Prospective 
studies would be necessary to determine whether such 
state-aware monitoring improves outcome prediction or 
resource allocation.
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Table 4. Candidate research questions for empirical validation of brain–heart instability windows

Hypothesis Target population Candidate signals Primary outcome Proposed study design

Short-term clustering of AF 
episodes is associated with 
increased near-term embolic 
risk independent of annualized 
CHA₂DS₂-VASc score

Patients with 
paroxysmal AF

AF burden density; 
rhythm clustering 

indices; inflammatory 
markers (e.g., CRP)

Ischemic stroke or 
systemic embolism 

within predefined short-
term window

Prospective cohort with 
continuous rhythm 

monitoring and adjudicated 
thromboembolic outcomes

Reduction in nonlinear HRV 
complexity precedes symptomatic 
syncope events in autonomic 
dysfunction

Patients with 
autonomic failure or 

recurrent unexplained 
syncope

HRV entropy metrics; 
baroreflex sensitivity; 

short-term BP variability

Syncope or presyncope 
episodes

Longitudinal wearable-based 
monitoring with event-

triggered analysis

Exaggerated nocturnal 
hypotension is associated with 
accelerated WMH progression

Older adults with 
hypertension or small 

vessel disease

Nocturnal dipping 
profiles; short-term BP 

variability

MRI-based WMH 
volume progression

Prospective imaging 
cohort with ambulatory BP 

monitoring

Convergent autonomic and 
hemodynamic deviations increase 
short-term arrhythmia initiation 
probability

Early-stage AF or high 
ectopy burden patients

HRV entropy + 
ectopy clustering + BP 
oscillation amplitude

AF initiation or sustained 
arrhythmia

Multimodal signal fusion 
study with time-to-event 

modeling

Combined thrombo-inflammatory 
activation and AF clustering 
predicts microembolic signal 
detection

Patients with 
AF undergoing 

transcranial Doppler 
monitoring

AF clustering indices; 
D-dimer; platelet 

reactivity

Microembolic signals or 
transient ischemic events

Mechanistic cohort study with 
synchronized monitoring

Abbreviations: AF: Atrial fibrillation; BP: Blood pressure; CRP: C-reactive protein; HRV: Heart-rate variability; MRI: Magnetic resonance imaging; 
WMH: White matter hyperintensity.

If validated, BHIW-informed monitoring could support 
adaptive surveillance strategies rather than fixed-duration 
monitoring alone. For example, patients with recurrent 
AF clustering, ectopy bursts, HRV complexity loss, or 
post-stroke autonomic instability might be candidates for 
extended patch monitoring, implantable loop recorder 
consideration, or closer remote rhythm surveillance in 
research-tested protocols. The key translational question is 
whether instability-guided monitoring improves clinically 
meaningful arrhythmia detection or outcome prediction 
compared with standard monitoring pathways.

9.2. Dynamic considerations in anticoagulation 
strategy

Anticoagulation decisions in atrial fibrillation are currently 
guided by validated long-term risk stratification tools such 
as the CHA₂DS₂-VASc score and are embedded within 
international guideline frameworks.60,173 These approaches 
have substantially reduced stroke incidence and remain 
the foundation of evidence-based care.

The brain–heart instability framework does not 
propose replacement of established scoring systems. 
Rather, it raises the hypothesis that thromboembolic 
vulnerability may fluctuate within individuals over 
time, potentially influenced by arrhythmic clustering, 
endothelial activation, and inflammatory modulation. 

If future research demonstrates that such dynamic states 
meaningfully modify short-term embolic risk, temporally 
informed strategies—such as adherence reinforcement, 
closer monitoring during high-burden phases, or trial-
based exploration of adaptive dosing paradigms—could be 
evaluated in controlled settings.

At present, any modification of anticoagulation 
intensity based on dynamic signals would require rigorous 
prospective evaluation. The concept should therefore be 
regarded as hypothesis-generating rather than practice-
altering.

A more realistic near-term translational use may be 
adherence reinforcement or follow-up prioritization in 
patients who already meet guideline-directed indications 
for anticoagulation, rather than dynamic initiation or 
discontinuation of therapy. For example, if future studies 
show that AF clustering plus thrombo-inflammatory 
activation identifies periods of increased vulnerability, such 
information might support patient education, adherence 
checks, or closer monitoring within already indicated 
care pathways. Any change in anticoagulation initiation, 
interruption, dose, or intensity would require randomized 
evidence demonstrating net clinical benefit.

9.3. Timing of rhythm control interventions

Recent evidence suggests that earlier rhythm control 
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strategies in AF may influence long-term cardiovascular 
outcomes.174,175 Current decision-making, however, 
is generally guided by symptom burden, arrhythmia 
duration, structural substrate assessment, and overall 
clinical context.

Within an instability framework, electrical instability 
windows—characterized by arrhythmic clustering, 
repolarization variability, and autonomic shifts—may 
represent intervals of heightened electrical vulnerability. 
Theoretically, aligning rhythm control interventions with 
such intervals could enhance procedural or pharmacologic 
responsiveness, or reduce recurrence risk.

Whether temporally targeted rhythm management 
yields measurable benefit remains uncertain. Prospective 
studies would be required to evaluate feasibility, safety, 
and comparative effectiveness relative to standard timing 
strategies.

9.4. Hemodynamic stabilization and autonomic 
modulation

Management of syncope and orthostatic intolerance 
commonly includes hydration optimization, medication 
adjustment, compression therapy, and autonomic support 
strategies in accordance with established guidelines.176-178 
These interventions are typically applied based on chronic 
diagnostic categorization rather than dynamic physiologic 
state detection.

In the context of hemodynamic or autonomic 
gain windows, targeted supportive strategies might 
theoretically be aligned with detected instability phases. 
For example, recurrent orthostatic BP lability, delayed 
heart-rate recovery, impaired baroreflex gain, or reduced 
HRV complexity could eventually inform the timing 
of repeat orthostatic assessment, medication review, 
hydration reinforcement, compression therapy, or other 

Table 5. Candidate BHIW signals and potential future clinical decision points if prospectively validated

Clinical context Candidate BHIW signal pattern Potential future decision point Validation Required before use

AF surveillance
AF episode clustering, increased 

ectopy density, reduced HRV 
complexity, autonomic shift

Adaptive rhythm monitoring intensity; 
shorter interval follow-up; reinforcement 
of adherence to already indicated therapy

Prospective evidence that signal-
defined intervals improve short-term 

event prediction or management 
efficiency

AF-related 
thromboembolic 
vulnerability

AF clustering plus thrombo-
inflammatory or coagulation 

marker elevation

Research-tested timing of intensified 
surveillance or adherence reinforcement; 

not anticoagulation change outside 
guidelines

Demonstration of incremental 
predictive value beyond CHA₂DS₂-

VASc and standard AF burden 
measures

Anticoagulation strategy

Dynamic rhythm and thrombo-
inflammatory convergence in 

patients already under guideline-
directed assessment

Future trial-based exploration of whether 
timing or intensity strategies improve 

outcomes

Randomized evidence showing benefit 
without excess bleeding; no current 

practice change

Syncope and orthostatic 
intolerance

Recurrent orthostatic BP lability, 
impaired baroreflex recovery, 

reduced autonomic complexity

Timing of repeat orthostatic testing; 
anticipatory hydration, medication review, 

compression, or autonomic support

Prospective validation that signal 
patterns predict symptomatic episodes 

or falls

Post-stroke 
arrhythmogenesis

Post-stroke autonomic shift, 
reduced HRV, ectopy clustering, 

repolarization variability

Selection for extended telemetry or 
prolonged ambulatory rhythm monitoring 

after stroke

Evidence that BHIW-guided 
monitoring improves arrhythmia 

detection or secondary prevention

Cerebral perfusion 
vulnerability

BP variability, nocturnal 
hypotension, impaired 

autoregulation, white matter 
susceptibility

Identification of patients needing closer 
BP-pattern review or perfusion-focused 

monitoring

Validation against stroke recurrence, 
silent infarction, cognitive decline, or 

imaging progression

Neurodegenerative 
autonomic dysfunction

Progressive HRV flattening, 
orthostatic lability, nocturnal BP 

instability

Closer surveillance during autonomic 
decompensation; timing of supportive 

interventions

Evidence that dynamic monitoring 
predicts falls, syncope, cognitive 

fluctuation, or hospitalization

General dynamic risk 
modeling

Cross-domain convergence 
across at least two coherent 

domains

Entry into higher-surveillance research 
pathway or digital early-warning protocol

Calibration, discrimination, false-
positive burden, and clinical utility 

testing

Abbreviations: AF: Atrial fibrillation; BHIW: Brain–heart instability window; BP: Blood pressure; HRV: Heart-rate variability.
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autonomic support strategies. Such approaches would 
require careful validation to determine whether signal-
guided intervention reduces syncope, falls, or cerebral 
hypoperfusion without increasing overtreatment or false-
positive responses.

9.5. Personalized intervention windows

A broader implication of the BHIW framework is the 
potential transition from static risk categorization to 
individualized vulnerability profiling. Rather than 
conceptualizing risk exclusively as an annualized 
probability derived from demographic and structural 
variables, neurocardiovascular vulnerability may be 
understood as an evolving state influenced by both 
substrate and superimposed dynamic perturbations.

Personalized intervention windows would therefore 
represent intervals during which preventive or stabilizing 
strategies might yield greater marginal benefit. These 
could include reinforcement of anticoagulation adherence 
in patients already eligible for therapy, intensified rhythm 
surveillance after AF clustering or post-stroke autonomic 
instability, temporary hemodynamic support during 
recurrent orthostatic vulnerability, medication review 
during autonomic decompensation, or modulation of 
reversible triggers such as dehydration, infection, sleep 
disruption, or acute inflammatory stress. Importantly, such 
personalization would require robust validation to ensure 
that dynamic state identification improves discrimination 
and calibration beyond existing guideline-directed care.

9.6. Translational context and clinical guardrails

The translational value of the brain–heart instability 
framework lies not in immediate clinical directives but in 
reframing how temporal vulnerability is conceptualized 
and investigated. It provides a structure for prospective 
research exploring whether dynamic physiological states 
contribute incremental prognostic information and 
whether temporally aligned interventions can enhance 
precision without increasing harm.

Until supported by outcome-driven evidence, BHIWs 
should be regarded as a research construct intended to 
inform future predictive neurocardiovascular strategies 
rather than alter current standards of care. No changes 
to current guideline-directed management should be 
inferred from this framework outside of prospective trial 
validation.

10. Methodological, biological, and ethical 
limitations
The BHIW framework is proposed as a structured 
conceptual model intended to guide investigation of 

dynamic neurocardiovascular vulnerability. As with 
any state-based construct derived from continuous 
physiological monitoring, important methodological, 
biological, and ethical considerations must be explicitly 
addressed. Careful boundary definition is necessary to 
prevent overinterpretation and to ensure that translational 
applications remain evidence-informed.

10.1. Signal noise and false positive risk

Continuous digital monitoring increases temporal 
resolution but also increases detection of statistical 
deviation. Biological systems exhibit intrinsic variability 
across autonomic, electrical, and hemodynamic 
domains.179,180 As monitoring density increases, the 
likelihood of identifying short-lived fluctuations also 
increases, though these may not have independent clinical 
significance.181,182

Importantly, the presence of a candidate instability 
pattern does not imply inevitability of adverse outcome. 
Most transient arrhythmic episodes, blood pressure 
oscillations, or autonomic shifts are compensated by 
endogenous regulatory mechanisms and do not culminate 
in stroke, syncope, or sustained arrhythmia.183,184 Dynamic 
fluctuation alone should therefore not be equated with 
pathological destabilization.

Expanded anomaly detection also carries recognized 
system-level risks. High alert frequency may contribute 
to clinician alert fatigue, diminishing the signal-to-noise 
ratio in digital monitoring environments.185,186 False-
positive instability classifications may prompt unnecessary 
diagnostic testing, prolonged surveillance, or procedural 
referral without established benefit.182 In some contexts, 
cascades of evaluation may follow marginal digital findings, 
increasing cost and patient burden while yielding limited 
incremental prognostic value.182,187,188

Particular caution is warranted in domains involving 
anticoagulation and rhythm intervention. Contemporary 
anticoagulation strategies are grounded in validated long-
term risk stratification models and guideline-directed 
management.60,184 At present, there is no prospective 
evidence supporting modification of anticoagulation 
intensity or rhythm control strategy based solely on short-
term variability metrics. Premature therapeutic escalation 
based on unvalidated instability signals could expose 
patients to avoidable hemorrhagic or procedural risk.

Accordingly, the BHIW framework must not be 
interpreted as justification for intervention without 
prospective validation demonstrating incremental 
predictive value and favorable harm–benefit balance. 
Detection of physiologic deviation and initiation of 
treatment must remain clearly separated until outcome-
based evidence supports integration.
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10.2. Reverse causality and epiphenomenal risk

A second limitation concerns the causal interpretation of 
candidate instability signals. Observed variability shifts 
may function as upstream contributors to adverse events, 
intermediate amplifiers within broader pathophysiologic 
processes, or downstream reflections of evolving 
injury.182,189 Distinguishing among these possibilities is 
essential for mechanistic clarity.

Autonomic perturbations, for example, may precede 
arrhythmia initiation in selected contexts.70,87 However, 
autonomic shifts may also represent reactive responses to 
ischemia, inflammation, metabolic stress, or neurohumoral 
activation.145,180,190 Similarly, reductions in HRV or changes 
in repolarization dynamics have been associated with 
adverse cardiovascular outcomes 180,191, yet these alterations 
may reflect generalized physiological strain rather than 
specific causal drivers.

Inflammatory and endothelial markers illustrate a 
similar ambiguity. Elevation of inflammatory mediators 
has been associated with AF and thromboembolic risk.192,193 
However, inflammatory activation may arise secondary to 
subclinical tissue injury rather than preceding it. Without 
longitudinal temporal sequencing and mechanistic 
evaluation, directionality cannot be assumed.

Failure to consider reverse causality risks mechanistic 
overextension. If instability signals function primarily 
as correlates rather than causal mediators, interventions 
targeting the signal may not modify outcome. Prospective 
cohort studies, mediation analyses, and controlled 
interventional trials will be required to clarify whether 
identified instability metrics independently contribute to 
event probability.189,194

Until such evidence is available, causal interpretation 
should remain cautious and hypothesis-driven.

10.3. Physiological variability versus pathology

A central conceptual challenge lies in distinguishing 
pathological instability from adaptive physiological 
variability. Biological systems are inherently dynamic. 
Variability across autonomic, hemodynamic, and 
electrophysiologic domains often reflects regulatory 
flexibility and preserved resilience.195,196 Conversely, 
excessive rigidity or loss of signal complexity has been 
associated with impaired physiological reserve.197,198

At the same time, exaggerated variability or oscillatory 
amplification beyond autoregulatory capacity may 
contribute to dysfunction.199,200 Both reduced variability 
and excessive variability have been associated with adverse 
outcomes, depending on context and substrate.180,201 This 
bidirectional relationship complicates interpretation of 

dynamic signals.

For example, reductions in HRV entropy may indicate 
diminished autonomic adaptability. However, transient 
simplification of variability structure may accompany 
coordinated physiological states such as sleep-stage 
transitions or recovery phases.202,203 Similarly, short-
term blood pressure variability has been associated with 
cerebrovascular risk independent of mean pressure 204, 
yet physiologic oscillations during exertion or circadian 
modulation represent adaptive regulation.100,205

Variability restructuring—defined as reorganization of 
temporal patterning without clear evidence of regulatory 
failure—may occur during conditioning, circadian 
entrainment, or recovery from acute illness.206-208 Not all 
deviations from prior baselines signify loss of buffering 
capacity. Without individualized baseline referencing 
and cross-domain convergence criteria, there is risk 
of pathologizing normal physiological fluctuation. 
Discordant patterns, in which one domain appears 
abnormal while other physiologically related domains 
remain stable or compensatory, should therefore be treated 
as indeterminate until longitudinal outcome association or 
mechanistic context clarifies their significance.

Therefore, not all variability shifts constitute instability. 
Operational definitions of BHIWs must incorporate 
contextual interpretation, longitudinal validation, and 
outcome correlation to preserve specificity and prevent 
overmedicalization of adaptive biological dynamics.

11. Testable hypotheses and research 
propositions
The BHIW framework is intended to support empirical 
evaluation of temporally varying neurocardiovascular 
vulnerability. To facilitate structured investigation, several 
falsifiable research propositions may be articulated. These 
propositions are presented not as claims, but as examples 
of hypotheses that can be examined in prospective 
observational cohorts and, where appropriate, in controlled 
implementation studies.

First, in patients with atrial fibrillation undergoing 
longitudinal monitoring, temporally bounded 
convergence of autonomic deviation (e.g., reduction in 
HRV complexity), electrical instability (e.g., increased 
repolarization variability or arrhythmia clustering), and 
thrombo-inflammatory activation may be associated with 
increased short-term ischemic stroke or systemic embolism 
risk compared with periods characterized by similar AF 
burden but without cross-domain convergence, within 
prespecified short-term horizons (e.g., 7–30 days).209,210 
This proposition allows direct testing of whether dynamic 
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cross-layer coordination confers incremental vulnerability 
beyond arrhythmia burden alone.

Second, in individuals with paroxysmal AF or frequent 
ectopy, combined reductions in autonomic complexity and 
increases in beat-to-beat repolarization dispersion may 
precede arrhythmic clustering episodes more frequently 
than during physiologically stable intervals, within 
defined pre-event windows (e.g., 6–24 hours).123,211 Such 
analyses would permit evaluation of whether identifiable 
autonomic–electrical precursor signatures exist prior to 
rhythm destabilization.

Third, multilevel instability metrics derived from 
the brain–heart measurement stack may demonstrate 
incremental predictive value beyond established static 
risk models, such as CHA₂DS₂-VASc, for short-term 
cerebrovascular or arrhythmic outcomes. This hypothesis 
can be evaluated using discrimination, calibration, and 
reclassification indices over prespecified time horizons 
(e.g., 30–90 days).212-214 Demonstration of incremental 
value would be necessary before considering integration 
into clinical risk assessment paradigms.

Fourth, in populations characterized by impaired 
cerebrovascular autoregulatory reserve—such as 
individuals with small vessel disease or neurodegenerative 
autonomic dysfunction—short-term increases in beat-to-
beat blood pressure variability may correlate with greater 
within-person fluctuations in cognitive performance, 
particularly during intervals identified as hemodynamic 
instability phases.215-217 This proposition allows examination 
of whether dynamic hemodynamic variability carries 
measurable neural correlates within vulnerable substrates.

Finally, in prospective studies, monitoring strategies 
that selectively intensify assessment during validated 
instability states may increase diagnostic yield or event 
detection efficiency without disproportionate increases 
in downstream testing compared with fixed-interval 
monitoring approaches.218,219 Such evaluation would clarify 
whether state-aware monitoring improves efficiency 
without amplifying overdiagnosis.

Collectively, these propositions illustrate how the 
BHIW framework can be operationalized in empirically 
testable form. Their validity remains to be established 
through carefully designed prospective studies.

12. Toward empirical validation of the 
instability framework
The brain–heart instability window framework is proposed 
as an investigational construct and requires staged 
empirical evaluation prior to consideration of clinical 

integration. A structured validation pathway is necessary to 
determine whether dynamic instability modeling provides 
incremental value beyond established neurocardiovascular 
risk assessment paradigms.

An initial phase of investigation may involve 
retrospective analyses of existing continuous monitoring 
datasets. These analyses could evaluate whether predefined 
instability metrics derived from autonomic variability, 
electrical clustering patterns, hemodynamic fluctuation 
indices, or thrombo-inflammatory markers demonstrate 
temporal enrichment prior to documented clinical events. 
Time series segmentation, clustering approaches, and state 
transition modeling may be applied to assess whether 
candidate instability intervals occur more frequently 
before events than during baseline periods.70,87,220 Such 
studies would establish signal level plausibility but would 
not determine clinical utility.

Subsequently, prospective observational cohorts would 
be required to assess whether prespecified instability 
criteria demonstrate independent short-term predictive 
value when evaluated alongside established risk models. 
These investigations should incorporate discrimination 
and calibration metrics consistent with accepted standards 
for clinical prediction model evaluation, as well as clearly 
defined temporal horizons and comparison with standard 
of care stratification approaches.168 Particular attention 
should be given to false positive rates, signal persistence 
across repeated measurements, and reproducibility across 
populations with differing substrate characteristics.

If incremental predictive value is demonstrated, 
randomized implementation studies may then evaluate 
whether state-aware monitoring strategies improve 
diagnostic efficiency or clinical outcomes without 
increasing downstream testing burden or patient harm. For 
example, adaptive monitoring intensity during validated 
instability intervals could be compared with fixed-interval 
surveillance strategies. Any exploration of temporally 
aligned therapeutic modification would require careful 
safety oversight and continued adherence to guideline-
directed management until benefit is established through 
prospective trials.17,221,222

This staged progression from retrospective signal 
evaluation to prospective predictive validation and 
ultimately to randomized implementation testing provides 
a coherent methodological pathway for determining 
whether dynamic instability modeling meaningfully 
advances neurocardiovascular risk assessment. Until 
such validation is achieved, the BHIW framework should 
remain investigational.
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13. Future directions — Toward predictive 
neurocardiology
The BHIW framework invites a broader reorientation of 
neurocardiovascular research from static risk estimation 
toward dynamic state characterization. While current 
evidence does not support instability-based clinical 
decision-making, emerging technological and conceptual 
advances may influence how temporal vulnerability is 
investigated in the coming decade.

Continuous wearable monitoring platforms are 
evolving in signal fidelity, battery longevity, and 
multimodal integration capacity. As these technologies 
mature, research efforts may increasingly focus on 
identifying reproducible physiological state transitions 
rather than isolated arrhythmic or hemodynamic events. 
The emphasis may shift from cumulative burden metrics 
toward temporal organization of variability patterns within 
and across autonomic, electrical, and vascular domains.

The development of individualized computational 
representations of cross-organ physiology, sometimes 
conceptualized as digital twins, represents another 
potential direction. In neurocardiology, such models 
could integrate electrophysiologic dynamics, autonomic 
modulation, perfusion variability, and structural substrate 
characteristics into unified state representations. Whether 
these approaches ultimately improve risk estimation or 
therapeutic timing remains uncertain, but they offer a 
structured framework for simulating dynamic interactions 
within coupled excitable systems.

Future investigations may also explore whether 
identifying validated instability states can inform adaptive 
monitoring strategies. Rather than replacing established 
guideline-directed management, state-aware approaches 
might complement static risk models by refining temporal 
resolution. The objective would not be deterministic 
event prediction, but probabilistic recognition of evolving 
vulnerability phases.

The instability framework may hold particular 
relevance in environments characterized by physiologic 
stress or altered regulatory dynamics. Aerospace medicine, 
high-altitude exposure, and prolonged immobilization 
provide controlled contexts in which autonomic tone, fluid 
distribution, and cerebral perfusion undergo measurable 
adaptation. Studying cross-organ instability dynamics 
under such conditions may yield insights into fundamental 
principles of regulatory resilience and system fragility.

Ultimately, predictive neurocardiology should be 
understood not as forecasting precise event timing, but 
as improving characterization of fluctuating vulnerability 
within interconnected neural and cardiovascular systems. 

Progress toward this objective will require interdisciplinary 
collaboration across neurology, cardiology, computational 
science, biomedical engineering, and aerospace physiology. 
The brain–heart instability framework offers a conceptual 
structure for organizing such inquiry, while leaving 
empirical validation and clinical translation to future 
investigation.
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