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Background: Heart rate variability (HRV) is a widely used digital biomarker reflect-
ing autonomic regulation and has been associated with diverse cardiovascular, 
critical care, and stress-related outcomes. In parallel, AI and machine-learning 
methods have expanded rapidly in HRV-based prediction, often achieving strong 
predictive performance. However, clinical translation remains constrained by lim-
ited interpretability, unclear accountability, and challenges in workflow integra-
tion, particularly for black-box models used in high-stakes settings.
Methods: This narrative, concept-driven review examined conceptual, method-
ological, clinical, and governance dimensions of interpretability in AI-driven HRV 
prediction. A structured literature search was performed in PubMed/MEDLINE, 
Scopus, and Embase databases.
Results: The analysis showed that interpretability is not a binary property but 
varies by model design and deployment context. Post-hoc explainability methods 
may increase transparency, yet they can also be unstable, incomplete, or mis-
leading, with potential to increase automation bias. Clinical adoption is further 
limited by signal-quality variability (ECG vs. wearable PPG), insufficient external 
validation, workflow misalignment, and unclear medico-legal responsibility. A 
four-step pragmatic implementation framework is proposed: data governance 
and signal integrity; robust model development and validation; workflow-com-
patible clinical integration with human oversight; and continuous post-deploy-
ment monitoring and governance.
Conclusion: HRV-AI systems should be treated as socio-technical interventions. 
Responsible adoption requires proportional transparency, explicit accountability 
structures, and lifecycle governance beyond predictive accuracy alone.
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1 Introduction

Heart rate variability (HRV) has emerged as an important digital 
biomarker reflecting the dynamic interplay between the sympathetic 
and parasympathetic branches of the autonomic nervous system (Task 
Force of the European Society of Cardiology the North American 
Society of Pacing Electrophysiology, 1996; Shaffer and Ginsberg, 2017). 
Unlike static physiological measures, HRV captures complex, time-
dependent regulatory processes that integrate cardiovascular, meta-
bolic, inflammatory, and neurohumoral signals (Thayer et al., 2010). 
Over the past two decades, HRV metrics derived from short-term and 
long-term ECG recordings have been associated with a wide range of 
clinical outcomes, including cardiovascular morbidity and mortality, 
autonomic dysfunction, critical illness evolution, and stress-related 
conditions (Tsuji et al., 1996; Buccelletti et al., 2009; Ahmad et al., 2009; 
Chalmers et al., 2014). This physiological richness has positioned HRV 
as an attractive target for advanced computational modeling aimed at 
prediction rather than mere description (Faust et al., 2018).

In parallel with the growing clinical interest in HRV, artificial 
intelligence (AI) and machine-learning (ML) techniques have rapidly 
expanded within HRV analytics (Acharya et al., 2017; Clifford et al., 
2017). Contemporary studies increasingly employ complex models, 
such as ensemble methods, deep neural networks, and hybrid archi-
tectures, to predict outcomes ranging from arrhythmia detection and 
acute deterioration to long-term prognosis and behavioral or psycho-
logical states. These approaches frequently demonstrate impressive 
predictive performance, often outperforming traditional statistical 
models and established clinical scores. As a result, HRV-based AI sys-
tems are progressively framed as decision-support tools with potential 
applicability across preventive, acute, and critical care settings 
(Hannun et al., 2019; Kwon et al., 2018).

Despite these advances, the clinical translation of AI-driven HRV 
prediction is constrained by a fundamental tension between predictive 

performance and interpretability. Many of the most accurate models 
operate as so-called “black boxes,” offering limited insight into how 
specific HRV features contribute to predictions or how outputs relate 
to known physiological mechanisms. While opacity may be acceptable 
in purely technical contexts, clinical decision-making relies on trans-
parency, causal plausibility, and the ability to integrate algorithmic 
outputs into structured medical reasoning. Consequently, high per-
formance alone is insufficient to guarantee clinical trust, adoption, or 
responsible use (Rudin, 2019; Castelvecchi, 2016; Wiens et al., 2019).

The lack of interpretability in HRV-based black-box models raises 
practical challenges for clinicians, institutions, and healthcare systems. 
Opaque predictions complicate bedside decision-making, hinder mean-
ingful communication with patients, and generate uncertainty regarding 
medico-legal responsibility when algorithmic recommendations influ-
ence care. These concerns are amplified in contexts where HRV-based 
predictions could influence high-stakes interventions or resource alloca-
tion (Rudin, 2019; Wiens et al., 2019; Kelly et al., 2019; Price et al., 2019).

Beyond clinical practicality, black-box HRV models introduce 
ethical and governance dilemmas related to accountability, automa-
tion bias, and asymmetries between algorithm developers and end-
user clinicians. HRV reflects sensitive physiological dynamics related 
not only to cardiovascular function but also to stress and neuroauto-
nomic regulation. As HRV analytics increasingly extend to wearable 
monitoring, occupational health, and high-risk operational environ-
ments, opaque AI systems may generate consequences that extend 
beyond traditional clinical care. In such settings, proportional trans-
parency and clearly defined responsibility frameworks become essen-
tial for maintaining trust and enabling responsible deployment 
(Thayer et al., 2010; Price et al., 2019; London, 2019).

Against this background, the present narrative review critically 
examines the role of interpretability in AI-driven HRV prediction, 
moving beyond a simplistic dichotomy between black-box and inter-
pretable models (Figure 1). Particular attention is given to the 

FIGURE 1

Conceptual landscape of HRV-AI interpretability.
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emerging field of explainable artificial intelligence (XAI), which seeks 
to enhance transparency through post-hoc or intrinsically interpre-
table techniques without necessarily sacrificing predictive 
performance.

We aim to clarify the conceptual and practical limits of explain-
ability, distinguishing between technical explanations and clinically 
meaningful understanding. Furthermore, this review explores when 
XAI approaches may genuinely support trust, accountability, and 
clinical integration, and when they risk providing only superficial 
reassurance. Building on this analysis, we propose a pragmatic imple-
mentation framework designed to guide the responsible clinical 
adoption of HRV-based AI systems across diverse healthcare 
contexts.

Although this review engages with broader literature on medical 
AI, explainability, human factors, and governance, its primary focus 
is HRV-based AI systems. HRV poses distinctive translational chal-
lenges because model behavior may be shaped not only by algorithmic 
architecture, but also by signal modality, preprocessing decisions, 
recording conditions, physiological context, and the interpretive 
ambiguity of certain feature families. Accordingly, examples from 
adjacent domains are used here to contextualize implementation 
issues, but they should not be interpreted as substitutes for HRV-
specific evidence.

2 Methodological approach and scope

This article was conducted as a narrative, concept-driven critical 
review. The objective was not to perform a systematic review or quan-
titative meta-analysis, but to examine conceptual, methodological, 
clinical, and governance dimensions of interpretability in AI-driven 
heart rate variability (HRV) prediction. The methodological approach 
was designed to ensure transparency of the literature identification 
process, and analytical rigor, while acknowledging the heterogeneity 
inherent to HRV analytics.

2.1 Search strategy and time frame

A structured literature search was performed in PubMed/
MEDLINE, Scopus, and Embase databases. The search was con-
ducted between 1 November 2025 and 31 December 2025. Search 
terms included combinations of the following keywords: “heart 
rate variability,” “HRV,” “machine learning,” “artificial intelligence,” 
“deep learning,” “neural network,” “random forest,” “gradient 
boosting,” “support vector machine,” “explainable AI,” “interpre-
table machine learning,” and “black-box model.” Boolean operators 
were used to combine physiological and methodological terms. No 
language restrictions were applied during the initial search. 
Reference lists of relevant articles were manually screened to iden-
tify additional publications of conceptual or methodological 
relevance.

The database search yielded 812 records, with an additional 14 
records identified through reference screening. After removal of dupli-
cates, 536 unique records were screened by title and abstract. The final 
narrative synthesis was informed by 53 publications considered 
directly relevant to one or more of the following domains: (1) HRV-
based AI prediction studies; (2) interpretability or explainability meth-
ods relevant to healthcare AI; (3) clinical implementation, human 

factors, or workflow integration issues; and (4) ethical, legal, or gov-
ernance analyses relevant to high-stakes clinical AI.

2.2 Study selection and prioritization

Two reviewers independently screened titles and abstracts for rel-
evance. Articles were considered for full-text evaluation if they met at 
least one of the following criteria: (1) original research applying AI or 
machine-learning approaches to HRV-based prediction tasks; (2) 
methodological studies addressing model interpretability, explainabil-
ity, or transparency in healthcare AI; (3) ethical, legal, or governance 
analyses concerning opaque AI systems in clinical decision support; 
or (4) foundational physiological standards relevant to HRV interpre-
tation. Because this article was designed as a narrative, concept-driven 
synthesis rather than a systematic review, study selection was not 
intended to support exhaustive quantitative comparison. Instead, pub-
lications were prioritized when they were conceptually informative, 
methodologically representative, or clinically relevant to the central 
question of how interpretability affects the responsible deployment of 
HRV-based AI systems. Disagreements regarding inclusion were 
resolved through discussion and consensus. Formal risk-of-bias tools 
were not applied, however, methodological rigor, validation strategy, 
reporting transparency, and relevance to the review objectives were 
considered during study selection and interpretation.

2.3 Data extraction and analytical synthesis

For included studies, data were extracted independently by the 
two reviewers using a predefined framework. When available, 
extracted elements included HRV feature domains (time-domain, 
frequency-domain, and nonlinear indices), signal source and acquisi-
tion context (e.g., ECG versus wearable PPG), modeling architecture, 
prediction task, validation strategy, performance metrics (e.g., 
AUROC, accuracy, sensitivity, specificity), and information relevant 
to model transparency, explainability, or black-box behavior.

Due to substantial heterogeneity in signal acquisition protocols, 
preprocessing pipelines, feature engineering strategies, outcome defi-
nitions, validation approaches, and performance reporting, quantita-
tive pooling was not considered methodologically appropriate. 
Instead, studies were synthesized narratively and comparatively, with 
emphasis on four complementary dimensions: (2) degree of model 
transparency and architectural complexity; (1) clinical context and 
risk profile of deployment; (3) ethical and governance implications, 
including accountability and automation bias; and (4) translational 
feasibility and integration into clinical reasoning.

The final body of literature included in the narrative synthesis 
comprised studies spanning several recurring HRV-AI application 
domains, including rhythm-related classification, deterioration and 
risk prediction, autonomic or stress-related state assessment, wearable 
monitoring, and broader translational or governance-oriented analy-
ses relevant to HRV deployment. Across this body of literature, the 
most frequent signal modalities were ECG-derived HRV and wearable 
PPG-derived variability signals, while the most commonly encoun-
tered model families included conventional machine-learning algo-
rithms, ensemble methods, and deep-learning approaches. 
Interpretability strategies, when reported, ranged from intrinsically 
interpretable models to post-hoc explainability methods, although the 
depth of reporting, validation practices, and deployment relevance 
varied substantially across studies.
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3 Conceptual definitions

The debate surrounding artificial intelligence in heart rate vari-
ability (HRV) prediction is frequently framed in terms of “black-box” 
versus “interpretable” models. However, these terms are often used 
imprecisely, obscuring important conceptual distinctions. In the con-
text of HRV analytics, a black-box model refers to a computational 
system whose internal decision-making processes are not directly 
accessible or understandable to human users, particularly clinicians 
(Rudin, 2019; Topol, 2019). Such models—often based on deep neural 
networks, complex ensemble methods, or high-dimensional nonlinear 
transformations—can generate highly accurate predictions while pro-
viding limited direct insight into how specific HRV features or physi-
ological patterns contribute to the output (Topol, 2019; Tjoa and 
Guan, 2021).

By contrast, interpretable approaches typically refer to models 
whose structure allows users to trace how inputs are transformed into 
predictions. Examples include linear regression models with clearly 
defined coefficients, decision trees with explicit branching logic, or 
rule-based systems grounded in predefined thresholds (Rudin, 2019; 
McKelvey et al., 2018). In HRV research, such models may align more 
directly with established physiological constructs—for instance, dis-
tinguishing between time-domain, frequency-domain, or non-linear 
indices in a manner that preserves conceptual continuity with auto-
nomic regulation theory (Task Force of the European Society of 
Cardiology the North American Society of Pacing Electrophysiology, 
1996; Shaffer and Ginsberg, 2017). Importantly, interpretability in this 
sense does not necessarily imply simplicity, but rather structural trans-
parency and retraceability (Rudin, 2019).

While the distinction between black-box and interpretable models 
is analytically useful, it may risk oversimplifying a more nuanced real-
ity. Many contemporary systems incorporate layers of varying trans-
parency, combining interpretable components with opaque 
transformations, or applying post-hoc explanation techniques to oth-
erwise complex architectures (Tjoa and Guan, 2021; Ribeiro et al., 
2016). Consequently, it may be more appropriate to consider inter-
pretability not as a strictly binary attribute, but as a property that 
varies in degree depending on model design, feature engineering, and 
contextual deployment (Ribeiro et al., 2016). Rather than asking 
whether a model is interpretable or not, a more clinically relevant 
question may be how interpretable it is, for whom, and under which 
conditions of use (Floridi et al., 2018).

Within HRV analytics, this gradation becomes particularly salient. 
A model that provides global feature importance scores may offer a 
different level of insight than one that delivers patient-specific expla-
nations, temporal attribution maps, or counterfactual scenarios. 
Similarly, a system that reveals statistical associations between HRV 
metrics and outcomes may still obscure mechanistic pathways linking 
autonomic physiology to clinical events (Task Force of the European 
Society of Cardiology the North American Society of Pacing 
Electrophysiology, 1996; Tjoa and Guan, 2021). The practical meaning 
of interpretability therefore depends not only on mathematical trans-
parency, but also on the alignment between model outputs and estab-
lished physiological knowledge. In this sense, interpretability may be 
viewed as relational: it emerges at the interface between algorithmic 
structure and clinical reasoning (London, 2019; Floridi et al., 2018).

A further conceptual clarification concerns the distinction 
between technical explainability and clinically meaningful interpret-
ability. Technical explainability refers to methods that describe 
aspects of a model’s internal functioning—such as feature attribution 

scores, gradient-based saliency maps, or local surrogate approxima-
tions (Rudin, 2019; Tjoa and Guan, 2021; Ribeiro et al., 2016). These 
tools can enhance transparency at the computational level. Clinically 
meaningful interpretability, however, requires more than insight into 
algorithmic mechanics. It implies that the explanation can be inte-
grated into pathophysiological understanding, support counterfactual 
reasoning, and inform actionable medical decisions (London, 2019; 
Floridi et al., 2018). An explanation that identifies a specific HRV 
feature as influential is technically informative; it becomes clinically 
meaningful only if the clinician can relate that feature to plausible 
autonomic mechanisms, patient context, and therapeutic implications 
(Task Force of the European Society of Cardiology the North 
American Society of Pacing Electrophysiology, 1996; Shaffer and 
Ginsberg, 2017).

Clarifying these conceptual boundaries is not a purely semantic 
exercise. In high-stakes domains such as HRV-based prediction of 
deterioration, arrhythmia risk, or stress-related dysfunction, the 
level and type of interpretability required may vary according to 
clinical risk, regulatory context, and ethical burden (London, 2019; 
Floridi et al., 2018). A screening tool deployed for low-risk stratifica-
tion may tolerate lower degrees of interpretability than a system 
influencing invasive interventions or resource allocation. 
Establishing shared definitions therefore provides the analytical 
foundation for evaluating when black-box approaches may be 
acceptable, when enhanced transparency is warranted, and how pro-
portional interpretability can be implemented in clinical AI systems 
(London, 2019; Stix, 2021).

Across the reviewed HRV-AI literature, several broad application 
domains were recurrent, including rhythm-related classification tasks, 
prediction of deterioration or adverse clinical events, autonomic or 
stress-related state assessment, and wearable or remote-monitoring 
applications. These use cases differed not only in clinical objective, but 
also in signal source, recording duration, feature engineering strategy, 
model family, validation depth, and the degree of interpretability 
expected for deployment. This heterogeneity is important because the 
practical meaning of transparency in HRV-AI depends strongly on 
whether the model is intended for low-risk monitoring, intermediate-
risk triage support, or high-stakes clinical decision support.

4 Clinical resistance and governance 
challenges in black-box HRV models

The discussion in this section is intended to move from signal- and 
model-level vulnerabilities, to clinician-facing interpretability and work-
flow challenges, and finally to broader issues of accountability, regulation, 
and deployment governance. Although these dimensions are closely inter-
connected, distinguishing them analytically helps clarify how technical 
fragility in HRV-AI systems may translate into clinical usability problems 
and, ultimately, into governance and oversight concerns.

While the conceptual distinction between interpretable and black-
box models provides a useful analytical framework, the implications 
of algorithmic opacity become most visible in real-world clinical envi-
ronments. In healthcare settings, opaque AI systems may influence 
clinical reasoning, accountability structures, and patient trust. 
Consequently, the adoption of black-box HRV prediction models 
raises not only technical questions but also cognitive, ethical, and gov-
ernance challenges that must be addressed before widespread clinical 
deployment.
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4.1 Accountability gaps in opaque AI 
systems

In the clinical setting, AI-based clinical decision support systems 
(AI-CDSS) are increasingly used to assist clinical decision making. 
While AI is capable of enhancing diagnostics, planning treatment, and 
monitoring patients, the implementation of such technologies requires 
addressing the challenges regarding data privacy, algorithmic bias, 
model interpretability, regulatory and human clinical oversight 
(O'Sullivan et al., 2022).

Data usage policies (GDPR) and AI systems development legisla-
tion (AI Act), provide guidelines regarding how the data should be 
used, as well as what can be included and how to develop an AI 
system. A mandatory requirement of the AI Act for systems that are 
used in the healthcare context is that human critical thinking must be 
maintained. This means that the systems must be designed so that they 
can be effectively overseen and the limitations and capabilities prop-
erly understood by clinicians. They should be able to remain aware of 
possible tendency to over rely on the produced output.

An additional recommendation of the AI Act states that the 
human operators must be able to correctly understand and interpret 
the system’s output using for example interpretation tools and meth-
ods available, in order to decide whether to disregard or override the 
output. The Montreal Declaration for the Responsible Development 
of Artificial Intelligence from 2018 states that “only human beings can 
be held responsible for decisions stemming from recommendations 
made by AIS (Artificial Intelligence Systems), and the actions that 
proceed therefrom” (paragraph 9.1). As a result of these requirements, 
the necessary quality of the proposed medical AI solutions has 
increased, due to the need of implementing transparency, retraceabil-
ity and comprehensibility. This also means that the focus has shifted 
from accuracy towards answering the question of why (O'Sullivan et 
al., 2022).

Accuracy remains an important factor in assessing the usability of 
a proposed solution, and as a result, some discussions follow the trade-
off between explainability and accuracy of models. From an outcome 
standpoint, the employment of opaque AI models is justified. 
However, from a responsibility assignment point-of-view, the “black 
box” models raise the question of accountability in the decision-mak-
ing process (Freyer et al., 2024).

Clinical Decision Support Systems (CDSS) that use AI have been 
debated by many authors throughout the years. Adams argues in favor 
that alongside the traditional for principles of bioethics, principle of 
beneficence, non-maleficence, respect for autonomy and justice, a fifth 
principle of explicability must be added (Adams, 2023). Floridi et al. 
note that explicability allows for the four core principles to be achieved 
in the context of AI use (Floridi et al., 2018; Adams, 2023).

Other discussions state that neither developers, nor healthcare 
providers can be held responsible for the consequences resulting from 
the use of “black-box” AI-DSS, deriving into a responsibility gap. 
According to Kempt, HCP are rationally obligated and in consequence 
are responsible for taking decisions considering the support provided 
by the AI-DSS. This also translates into discarding incorrect assess-
ments. In an earlier work of the same author, disagreements between 
the HCP and the AI model should be solved by bringing a second 
HCP (Freyer et al., 2024).

In the context of contemporary European regulatory and gover-
nance frameworks, transparency, traceability, data governance, and 
human oversight are increasingly emphasized for higher-risk clinical 

AI applications. However, the precise operational obligations and con-
formity requirements depend on the intended purpose and regulatory 
pathway of the specific system (O'Sullivan et al., 2022). These attri-
butes are also found in a study that highlights the patient concerns 
regarding oversight and the need for clear accountability structures 
involving regulatory bodies and care teams (Stroud et al., 2025). It is 
shown that patients prefer knowing what oversight procedures are 
employed when using AI tools for their care. The patient’s perspective 
provided by this article highlights the need for accountability mea-
sures, as well as transparent solutions, especially when their data will 
likely be used for improvement of the systems (Stroud et al., 2025).

4.2 Automation bias and over-reliance on 
algorithmic outputs

Beyond accountability concerns, another major challenge associated 
with opaque AI systems is automation bias. Post-hoc methods could 
provide a false sense of security, which in turn increases the risk of auto-
mation bias (Freyer et al., 2024). This risk becomes a center point of 
discussion, especially when considering the cognitive load that the intro-
duction of an AI system weighs down on. Over reliance is identified as 
a potential consequence of opaque models, due to the lack of interpret-
ability while often delivering high accuracy. This poses a threat especially 
among less experienced clinicians who might lack the expertise for criti-
cal analysis of the AI output (Freyer et al., 2024; Tun et al., 2025).

In broadening the term of over-reliance, an article examines 
“inappropriate compliance,” meaning accepting bad advice, and “inap-
propriate reliance,” meaning rejecting good advice. Highly experi-
enced specialists performed worse when the AI’s logic was perceived 
as very clear, while the performance of the participants with the least 
neurology experience improved with the use of XAI. A solution pro-
posed by this article is personalized, user-centered design of AI sys-
tems, due to the fact that a clinician’s professional background impacts 
how they interpret and rely on automated advice (Gombolay et 
al., 2024).

While analyzing the cognitive risks of AI support, an article pro-
poses frictional AI, namely pro-hoc explanations, to mitigate over 
reliance and automation bias. These explanations consist of providing 
similar cases with alternative outcomes, which encourages critical 
reflection. The frictional behavior comes from inserting a “cognitive 
forcing function” that encourages users to think critically, rather than 
automatically accepting the AI’s first suggestion. Less experienced 
physicians found the pro-hoc support as beneficial, even if their diag-
nostic accuracy has not radically improved (Cabitza et al., 2024).

A study argues that the use of lower-level Class Activation Maps 
(CAMs) yields higher diagnostic accuracy among experienced physi-
cians. In this case the features extracted from earlier layers of the con-
volutional neural network and traditional coloring schemes were 
more effective at increasing diagnostic accuracy, in the task of detect-
ing thoracolumbar fractures from the vertebral X-rays, then higher 
level semantic designs. The findings of this article highlight the impact 
of explanation design on user reliance, and the importance of human 
centered solutions (Famiglini et al., 2024).

4.3 Ethical asymmetry between algorithm 
developers and clinicians

The ethical landscape of AI in healthcare reveals a structural 
asymmetry of responsibility between algorithm developers and 
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clinicians. While software developers face technical and quality man-
agement standards, namely ISO 14971 and IEC 62304, the regulatory 
framework ultimately states that there must be a “human-in-control” 
(O'Sullivan et al., 2022). The asymmetry is that developers design sys-
tems towards the best performance, but if the clinicians follow along 
suggestion, the developer is protected by the clause of “human-in-
control,” while the clinician might face the malpractice claim 
(O'Sullivan et al., 2022).

They must also take into account the unpredictability of develop-
ing a continuous learning system, however clinicians bear ultimate 
legal and moral weight of the final decision (O'Sullivan et al., 2022). 
The use of machine learning methods, specifically deep learning, 
where algorithms can train themselves or self-learn must take into 
account that the model will be learning from local clinical informa-
tion. The problem will arise when the same model is used in another 
environment that might be dissimilar to the initial one. Another issue 
is that the bias, from either insufficient data or self-learning, might be 
leading towards unreliable future predictions and poor generalizabil-
ity (Busnatu et al., 2022).

4.4 Relevance to high-risk and dual-use 
deployment contexts

Under the EU AI Act, AI used for medical diagnosis, treatment 
planning, or monitoring physiological processes, such as an AI-guided 
ECG analysis for heart failure, is classified as high risk, since it also 
falls under the classes IIa, IIb or III of the Medical Device Regulation 
(MDR) (European Parliament, 2024; European Parliament, 2017). 
This entails that the systems must undergo a “third party conformity 
assessment” by a regulatory body, that evaluates the robustness of the 
data quality, transparency, and human-oversight mechanisms.

Research that can benefit and harm humanity or dual-use research 
is a topic discussed in medical ethics. The surge in the use of artificial 
intelligence for tools and research has asked for a call to action, espe-
cially since AI is becoming less expensive to use and, in some cases, 
requires less training (European Parliament, 2017; Bobier et al., 2025). 
Additionally, while the need for traceability and reproducibility 
imposes for research to be shared on repositories for “open science,” 
the risk of misuse must also be taken into account. This leads to a 
debate between scientific openness and public security, requiring a 
look into restricting the publication of datasets or algorithm features, 
such as weights (Bobier et al., 2025).

The AI Act also states that a robust risk management system is 
crucial, when developing AI for healthcare. It calls for a response pro-
tocol in the case of errors and biases which should be continuously 
monitored (European Parliament, 2024).

4.5 Signal-level and data-quality risks 
specific to HRV analytics

The monitoring and analysis of Heart Rate Variability (HRV) can 
be typically done using precise electrocardiograms (ECGs) in a clini-
cal setting, or photoplethysmography (PPG) sensors from wearables. 
However, PPG-based data collection is highly susceptible to noise, 
variations in temperature, and poor peripheral perfusion, all of which 
can compromise the integrity of the data (Tasmurzayev et al., 2025). 
Other measurement inaccuracies include the reliance on specific HRV 
metrics, such as the LF/HF ratio for sympathovagal balance measure-
ment, which is highly debated. If context is not accounted for these 

metrics can be influenced by respiratory rate, posture and non-sta-
tionary dynamics, which can mislead users or clinicians (Burlacu et 
al., 2026). The context should also include gender and age, as younger 
men present with a lower complexity of heartbeat generation than 
women of the same age (Voss et al., 2015). These details are highly 
relevant in the case of training predictive AI models, where non-
diverse datasets can produce misdiagnoses, and discriminatory out-
comes (Radanliev, 2025).

In the context of wearables protecting privacy and confidentiality 
is crucial as these devices capture sensitive information regarding the 
individual’s health (Radanliev, 2025). While General Data Protection 
Regulation (GDPR) imposes severe penalties to organizations that 
handle personal data inadequately, it is important to note that anony-
mizing data does not always guarantee privacy (Radanliev, 2025). The 
collection of raw physiological data is hard to anonymize completely, 
as it can sometimes be reverse engineered to identify individuals, 
which represents another reason for urgent updates to existing privacy 
laws, cybersecurity and data stewardship frameworks 
(Radanliev, 2025).

One of the risks of using wearables sensors’ data and AI systems 
is the black-box nature of the deep learning models used for interpret-
ing HRV data, whose decisions are difficult to interpret and under-
stand. Another risk is the over-reliance on these algorithms which can 
influence people’s decisions based on the guidance from AI, thus 
potentially reducing human agency and decision-making 
(Radanliev, 2025).

These signal-level and preprocessing-related issues are not only 
technical concerns, but also shape how clinicians interpret, trust, and 
operationalize HRV-AI outputs in practice.

4.6 Barriers to real-world clinical adoption

The real-world clinical adoption of AI systems remains limited by 
the opacity of complex ML models and the uncertainty they create for 
clinicians and healthcare institutions (Tun et al., 2025; Busnatu et al., 
2022). The lack of insight makes it difficult for clinicians to interpret 
the pathophysiological rationale behind a prediction (Hu et al., 2019). 
Furthermore, the integration of AI tools that misalign with the exist-
ing workflow often causes cognitive overload and alert fatigue, thus 
rendering the decision support ineffective (Wong et al., 2025).

The lack of interpretability directly impacts the medico-legal 
accountability and responsibility concerns (O'Sullivan et al., 2022). 
Clinicians have expressed their concern regarding medical liability, 
especially concerning who is legally at fault if the AI system makes an 
incorrect recommendation that results in patient harm. Regulatory 
frameworks, such as the EU AI Act, that classify AI in healthcare as 
“high-risk” and impose strict human oversight, insist that human cli-
nicians remain in control and bear the ultimate responsibility for the 
medical decisions. However, the legal and ethical “responsibility gap” 
that comes from whether or not to hold clinicians accountable for 
black-box outputs they cannot understand the reasoning behind, is a 
deterrent for the adoption of such systems (O'Sullivan et al., 2022; 
Freyer et al., 2024).

These transparency and accountability barriers do not only impact 
the clinicians’ trust, but also patient communication and broader insti-
tutional acceptance (Tun et al., 2025). As physicians struggle to ade-
quately explain AI-driven diagnoses or treatment plans to their 
patients, the shared decision-making and informed consent is hin-
dered, thus compromising the patient-clinician relationship (Freyer et 

https://doi.org/10.3389/fcomp.2026.1847389
https://www.frontiersin.org/journals/computer-science
https://www.frontiersin.org


Burlacu et al.� 10.3389/fcomp.2026.1847389

Frontiers in Computer Science 07 frontiersin.org

al., 2024; Stroud et al., 2025). Additionally, institutional acceptance is 
also inhibited by the disruption of established clinical roles, the dehu-
manization of patient care and fear of job displacement (Tun et 
al., 2025).

Ultimately, these interconnected barriers have profound implica-
tions for healthcare investment and resource allocation (Agard et al., 
2026). Rather than focusing on algorithmic performance, healthcare 
investments must prioritize interdisciplinary collaboration, human-
centered explainable AI (XAI) design, and robust infrastructure to 
ensure these tools are safely and effectively integrated into real-world 
workflows (Agard et al., 2026; Raszke et al., 2025).

Taken together, these clinical, cognitive, ethical, and regulatory 
challenges illustrate why the black-box nature of many high-perfor-
mance ML models remains a major barrier to their responsible adop-
tion in healthcare. While predictive accuracy remains essential, the 
limitations described above highlight the need for approaches capable 
of reconciling model performance with transparency, interpretability, 
and human oversight. In recent years, a growing body of research has 
therefore focused on methods designed to bridge this gap, including 
explainable artificial intelligence (XAI), hybrid modeling strategies, 
and physiology-informed ML approaches. This tension has stimulated 
growing interest in methodological approaches capable of improving 
model transparency while preserving predictive performance.

When these interpretability and reliability limitations are trans-
ferred into real clinical environments, they become workflow, com-
munication, and human-factor challenges rather than purely 
computational ones.

5 Approaches to reconcile predictive 
performance and interpretability

A critical appraisal of black-box HRV models should not be inter-
preted as a categorical rejection of model complexity. In physiological 
time-series analysis, higher-capacity models may capture nonlinear, 
multiscale, or temporally distributed patterns that are difficult to rep-
resent with simpler architectures. In some settings, this may generate 
genuine clinical value. The central question is therefore not whether 
complexity should be eliminated, but under what conditions the per-
formance gains of more complex models are sufficiently robust, clini-
cally relevant, and governable to justify reduced transparency.

In response to the limitations associated with opaque ML models, 
a growing body of research has explored methods aimed at improving 
transparency while preserving predictive performance. These 
approaches aim to reduce the tension between predictive performance 
and interpretability that characterizes many contemporary ML appli-
cations in healthcare. Rather than replacing complex models with fully 
transparent ones, current research increasingly explores intermediate 
strategies capable of improving transparency while preserving predic-
tive power.

5.1 Post-hoc explainability methods and 
their limitations

Post-hoc explainability refers to the methods applied to models 
that are not interpretable by design, with the purpose of enhancing the 
understanding of the mechanisms behind the output provided 
(Barredo Arrieta et al., 2020). Some examples of the methods used can 

be categorized based on the presentation of the explanation, inspired 
by the ways humans explain, namely text, visual, local, by example, by 
simplification and feature relevance techniques. Text explanations 
enhance model explainability by generating symbols that map the 
model’s rationale. Visual techniques visualize model behavior using 
dimensionality reduction, facilitating understanding for non-experts. 
Local explanations focus on simpler solution subspaces for clearer 
insights. Explanations by example extract relevant data to elucidate 
inner model relationships. Simplification techniques build new 
models that retain performance while reducing complexity. Lastly, 
feature relevance methods assess and compare variable sensitivity to 
outputs, indirectly revealing model functionality (Barredo Arrieta et 
al., 2020).

The categorization of explainability methods can focus on the 
usability besides for the model proposed (Linardatos et al., 2021). The 
distinction between model-agnostic methods and model-specific 
methods is whether or not they can be used on a single or group of 
models, or they can be applied to any model. The generation of local 
explanations can be done using LIME, SHAP, and Grad-CAM, due to 
their ability highlight the features that contribute most to the model’s 
output. LIME, or Local Interpretable Model-agnostic Explanations, 
use local surrogate models that explain model predictions by generat-
ing fake instances around a target instance, applying the complex 
model to these instances, and training an interpretable model to cap-
ture the original model’s behavior in that area. SHAP (Shapley 
Additive Explanations) offers a unified framework for interpretation 
based on Shapley values, which measure the contribution of each fea-
ture to model predictions. Comparisons between LIME and SHAP 
demonstrate their effectiveness in explaining a deep learning model’s 
decision in medical datasets (Tursunalieva et al., 2024).

Both LIME and SHAP, despite their advantages, have significant 
limitations affecting their reliability (Hooshyar, 2024). These methods’ 
approximating models are indirectly related to the original model, 
often failing to provide accurate explanations for the model’s output. 
LIME’s assumptions of local linearity and feature independence limit 
its use with complex data, leading to unstable explanations. SHAP, 
while offering detailed contribution analysis, faces challenges in com-
putational efficiency and precision due to similar restrictive assump-
tions (Hooshyar, 2024). Research from Harvard, MIT, Drexel, and 
Carnegie Mellon University found that these explanation methods 
frequently produce conflicting outputs for models like neural net-
works, causing machine learning practitioners to rely on potentially 
misleading explanations in decision-making scenarios (Krishna et 
al., 2022).

For more complex algorithms, such as Artificial Neural Networks 
(ANNs), explanations should focus more on the depth of the hidden 
layers than the surface-level ones that LIME and SHAP provide. By 
combining predictive power with the transparency of symbolic rea-
soning, neural-symbolic AI has the potential to make ANNs easier to 
understand (Hooshyar, 2024).

The critics of methods such as LIME and SHAP argue that they 
are vulnerable to adversarial attacks, meaning that manipulated data 
can mislead model outcomes without human detection (Hooshyar, 
2024). This undermines the reliability of explanations in XAI, as 
minor changes, especially in image classification, can lead to inaccu-
rate explanations or failure to accurately identify relevant features 
(Garouani et al., 2024).

Emerging evidence indicates that explanations can negatively 
impact clinical decision making by creating undue confidence in AI 
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outputs. The phenomena of post-hoc explanations deluding the user 
into understanding without providing actual insight into the behavior 
of the model is coined as “explainability trap” (Singh et al., 2025). A 
study by Ghassemi et al. revealed that physicians exposed to saliency 
maps with AI recommendations were more likely to accept incorrect 
suggestions than those who only received predictions, thus potentially 
undermining clinical judgment (Ghassemi et al., 2021).

A study argues that the limitations of explanations of an AI can be 
classified as follows: unfaithful, where the explanation conflicts with 
model data; irrelevant, when it does not meet user need; unstable, 
producing different outputs to the same data and model; incoherent; 
revealing, exposing sensitive information; unnecessary, providing 
redundant details; cherry-picked, by selectively presenting informa-
tion while ignoring contradictions (Martens et al., 2025).

Conversely, a fully interpretable model is not automatically prefer-
able if its predictive performance is inferior in a high-consequence 
clinical task. A proportionate view is therefore needed: the degree and 
form of interpretability required should depend on deployment risk, 
intended clinical use, availability of human oversight, and the conse-
quences of model error. In low-risk or supportive applications, limited 
opacity may be acceptable if performance is robust and outputs are 
embedded within appropriate oversight structures. In higher-risk set-
tings, however, stronger transparency, clearer uncertainty communi-
cation, and more explicit accountability mechanisms become 
increasingly important.

5.2 Cognitive risks of explainability: the 
explainability trap

While the explanations improve decision accuracy when the 
output is correct, a paradox emerges from the accuracy decrease when 
the AI is incorrect. A study involving 257 medical students and 3,855 
diagnostic decisions validates this transparency paradox, arguing that 
the convincing reasons provided by the AI systems made it hard to 
differentiate between correct and incorrect advice. The persuasiveness 
leads to potential over-reliance, discernment failure and false confi-
dence (Khanna et al., 2025).

Post-hoc explanations may seem to provide transparency, how-
ever they pose a risk of misleading users. In an effort to satisfy human 
demands, developers might create algorithms that present convincing 
yet false narratives about a model’s true reasoning. Relying on super-
ficial explanations threaten to reproduce a pathological human behav-
ior of using socially acceptable justifications to mask biases. These 
explanations offer an illusion of understanding while hiding the mod-
el’s actual, potentially flawed decision-making process (Singh et al., 
2025; Lipton, 2018).

5.3 Pro-hoc explainability and frictional AI

A form of explanations that consists in offering alternative expla-
nations, by using examples of similar cases for each category of the 
possible outcomes is termed pro-hoc explanations. Instead of giving 
direct recommendation or post-hoc explanations, pro-hoc is part of 
frictional AI, aimed at balancing decision effectiveness with cognitive 
risks, such as over-reliance or automation-bias mitigation. In an article 
employing this type of explanations, a group of physicians was pre-
sented with an X-ray image, got their opinions noted, were then pro-
vided with three similar cases, and finally had their final decisions 
collected. This analysis resulted in the orthopedists detecting vertebral 

fractures with an improved accuracy, and a reduction in specific 
errors. Another important aspect revealed in this study was that the 
physician’s confidence in their final decisions has increased (Cabitza 
et al., 2024).

By encouraging the user to verify the AI’s logic against their own 
clinical knowledge, the system prevents “inappropriate compliance.” 
Their aim is to be “cognitively non-invasive” and “non-substitutive,” 
thus ensuring that the physicians remain the primary decision-mak-
ers. Several typologies have been identified for integrating friction to 
manage user cognitive load: Judicial Protocols contrast various argu-
ments to avoid reliance on single AI classifications; Cautious Protocols 
utilize uncertainty quantification to address ambiguous cases; and 
Decentralized Protocols delay information until users complete spe-
cific tasks, minimizing automation bias. This friction serves as a tool 
for responsible knowledge work, requiring careful calibration to avoid 
frustration or passive reliance (Cabitza et al., 2024).

The principles of Frictional AI may lead towards design ethos that 
may seem contrary to the industry’s trend towards efficiency and 
specificity in AI systems. Frictional AI emphasizes the value of human 
expertise while embracing ambiguity, and the alignment to the clini-
cians’ work practices can enhance the usability of this technology in 
real-world scenarios, such as in radiology (Anichini et al., 2024).

5.4 Hybrid modeling strategies combining 
interpretable and black-box components

Hybrid strategies are revolutionizing the understanding of com-
plex dynamics through “gray-box” identification. Systems biology 
models often only know some of the details of how things work, so 
they need to find new rules by looking at small amounts of noisy clini-
cal data (Ahmadi Daryakenari et al., 2024). Symbolic regression meth-
ods are mixed with Physics-Informed Neural Networks (PINNs) and 
the Extreme Theory of Functional Connections (X-TFC) in the 
AI-Aristotle framework to solve this problem. Initially, deep neural 
networks approximate the missing, unobserved physical dynamics, 
functioning as the black-box component. Subsequently, symbolic 
regression algorithms turn these learned neural representations into 
compact analytical expressions. This framework was tested on bio-
medical challenges, such as single-dose pharmacokinetics and ultra-
dian glucose-insulin endocrine models, successfully recovering 
hidden biological interactions, therefore translating opaque neural 
weights into transparent mathematical equations (Ahmadi 
Daryakenari et al., 2024).

Another domain-specific framework is OIKAN (Optimized 
Interpretable Kolmogorov-Arnold Network), which enhances predic-
tive tasks by merging the neural network’s expressiveness with sym-
bolic transparency (Yedilkhan et al., 2025). Unlike traditional 
multilayer perceptrons, which use dense weight matrices, OIKAN 
utilizes a neural network which learns intermediate representations 
which are then processed using a two-stage sparse symbolic regression 
pipeline with ElasticNet regularization. This process identifies key 
variables and applies non-linear transformations to create interpre-
table mathematical formulas. By integrating deep learning’s pattern 
recognition with symbolic logic, OIKAN produces clinically relevant 
models that are both accurate and mathematically verifiable 
(Yedilkhan et al., 2025).

In clinical text analysis, integrating LLMs with rule-based expert 
systems represents a major step towards decision-making transpar-
ency (Prenosil et al., 2025). While models like GPT-4 adequately 
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handle unstructured data, they often provide unclear reasoning. To 
solve this issue, researchers developed a semantic-neuro-symbolic 
framework that integrates GPT-4 with a prolog-based expert system 
Plato-3, to extract structured clinical data from free-text found in 
PET/CT reports for prostate cancer patients. The proposed system is 
able to transform unstructured diagnostic reports into structured, 
traceable outputs and reduce risks associated with data privacy and 
inaccuracies (Prenosil et al., 2025).

5.5 Physiology-informed and 
constraint-based AI approaches

Integrating biological laws into machine learning model architec-
ture represents a shift from purely data-driven methods. Researchers 
are using “partial-knowledge” models that combine the mechanistic 
models’ predictability with deep learning’s data processing abilities. 
An important technique for partial knowledge is “in-processing,” 
where medical principles are embedded into the algorithm. This 
approach uses regularization terms to penalize deviations from physi-
ological norms, promoting biologically consistent and interpretable 
outputs. The result is models that are both accurate and grounded in 
real-world scenarios (de Rooij et al., 2025).

An approach of constraint-based AI is the development of 
Universal Differential Equation (UDE) systems that are enhanced by 
physiology-informed regularization (de Rooij et al., 2025). UDEs 
combine mechanistic differential equations with neural networks to 
enable learning of unknown biological interactions from sparse bio-
medical data. To mitigate potential overfitting, physiology-informed 
regularization imposes penalties on biologically implausible predic-
tions, thus ensuring accurate outcomes. For example, constraints like 
non-negativity and area-under-the-curve, in glucose appearance from 
a meal, direct the neural network towards stable and physiologically 
valid results. This approach not only stabilizes training with limited 
data, but also minimizes unrealistic behavior, producing models that 
are more transparent (de Rooij et al., 2025).

6 A pragmatic implementation 
framework for HRV-AI systems

The translation of AI-based HRV prediction models from experi-
mental research into clinical practice requires more than algorithmic 
performance alone. Although numerous studies have demonstrated 
the predictive potential of ML models applied to physiological signals, 
real-world clinical implementation remains limited due to technical, 
organizational, and governance barriers (Wiens et al., 2019; Kelly et 
al., 2019; Golden et al., 2024). The integration of AI systems into 
healthcare environments must therefore address multiple dimensions 
simultaneously, including data quality, model reliability, workflow 
compatibility, and long-term monitoring (Wiens et al., 2019; Kelly et 
al., 2019).

In clinical environments, predictive models frequently operate as 
components of clinical decision support systems (CDSS), where they 
interact directly with healthcare professionals and influence diagnostic 
or therapeutic reasoning. However, the successful deployment of 
AI-enabled CDSS depends on careful alignment with existing clinical 
workflows and decision-making processes. Systems that are poorly 
integrated into clinical routines may increase cognitive burden, 

disrupt clinical judgement or contribute to alert fatigue, ultimately 
altering clinician trust and adoption (Poly et al., 2020; Abdelrahman 
Mohamed et al., 2025). Previous studies evaluating AI-assisted CDSS 
have emphasized that usability, transparency, and workflow compat-
ibility are essential determinants of successful implementation in 
healthcare settings (Golden et al., 2024; Wang et al., 2021).

Clinical environments are dynamic, characterized by evolving 
patient populations, changing diagnostic protocols, and variable data 
acquisition conditions. These factors can alter the relationship between 
model inputs and clinical outcomes over time, leading to performance 
degradation if models are not continuously evaluated and recalibrated. 
Consequently, responsible deployment of HRV-based AI systems 
requires a structured implementation strategy that addresses the entire 
lifecycle of data, models, and clinical interaction (Botha et al., 2024).

To address these challenges, we propose a pragmatic four-step 
implementation framework designed to guide the responsible transla-
tion of HRV-based AI systems from experimental models to real-
world clinical environments (Figure 2). The framework emphasizes 
data governance, robust model development, integration into clinical 
workflows, and continuous monitoring of algorithmic performance.

6.1 Step 1—data governance and signal 
integrity

The first and most fundamental stage of HRV-AI implementation 
concerns the quality, reliability, and governance of physiological data. 
HRV analysis relies on accurate detection of inter-beat intervals, 
making predictive models particularly sensitive to signal noise, acqui-
sition artifacts, and preprocessing variability.

Electrocardiography (ECG) remains the gold standard for HRV 
measurement in clinical environments, providing high temporal resolu-
tion and precise detection of R-R intervals. In contrast, photoplethys-
mography (PPG) sensors embedded in wearable devices offer scalable 
monitoring solutions but are more susceptible to motion artifacts, varia-
tions in peripheral perfusion, and environmental noise. These limita-
tions may introduce significant variability in HRV features and can 
influence model performance when algorithms trained on ECG-derived 
data are applied to wearable-derived signals (Tasmurzayev et al., 2025).

Standardization of signal preprocessing is therefore essential. 
Recommended procedures typically include artifact detection and cor-
rection, filtering of ectopic beats, interpolation of missing intervals, and 
harmonized feature extraction across time-domain, frequency-domain, 
and nonlinear HRV metrics. Lack of standardization across datasets 
has been identified as a major barrier to reproducibility and generaliz-
ability in physiological signal analytics (Shaffer and Ginsberg, 2017).

Beyond signal quality, responsible data governance must also 
address issues related to privacy, consent, and regulatory compliance. 
Physiological signals collected through wearable devices may reveal 
sensitive information regarding both physical and psychological 
states. As digital health infrastructures expand, robust governance 
frameworks aligned with data protection regulations become essential 
for the ethical management of patient-generated health data 
(Radanliev, 2025).

6.2 Step 2—model development and 
validation

The second step involves the development and validation of pre-
dictive models capable of extracting clinically meaningful information 
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from HRV signals. Machine learning approaches commonly applied 
to HRV prediction include support vector machines, random forests, 
gradient boosting methods, and deep neural networks capable of 
modeling complex nonlinear physiological relationships (Faust et 
al., 2018).

While advanced machine-learning architectures may achieve 
superior predictive performance, their adoption in clinical practice 
requires rigorous validation strategies. Internal validation methods 
such as cross-validation provide initial estimates of model perfor-
mance but may overestimate generalizability when applied to homo-
geneous datasets. External validation using independent datasets from 
different institutions or populations is therefore critical to assess 
model robustness and reduce the risk of dataset bias (Botha et 
al., 2024).

Another key consideration is dataset representativeness. HRV pat-
terns may vary according to age, sex, comorbidities, medication use, 
and physiological context. Models trained on narrowly defined popu-
lations may perform poorly when applied to broader clinical settings. 
Ensuring demographic and clinical diversity in training datasets is 
therefore essential for developing generalizable HRV-based predictive 
models (Shaffer and Ginsberg, 2017).

In HRV applications, this challenge is further amplified by the 
physiological sensitivity of many features to respiration, posture, cir-
cadian timing, autonomic state, medication effects, and preprocessing 

decisions. Accordingly, model generalizability in HRV-AI depends not 
only on sample size and external validation, but also on the reproduc-
ibility of the signal-processing pipeline and the physiological compa-
rability of the populations in which the model is trained and deployed.

6.3 Step 3—clinical integration and 
workflow alignment

Even highly accurate predictive models may fail to generate clini-
cal value if they are not effectively integrated into existing clinical 
workflows. The third step of the framework therefore focuses on the 
operational integration of HRV-AI systems into clinical decision sup-
port environments.

Clinical decision support systems augmented with AI have dem-
onstrated potential to enhance diagnostic accuracy and assist clini-
cians in complex decision-making scenarios. However, poorly 
designed CDSS interfaces may disrupt clinical workflows and contrib-
ute to cognitive overload. Alert fatigue represents a well-recognized 
challenge in digital clinical systems, where excessive or poorly contex-
tualized alerts may lead clinicians to ignore or override recommenda-
tions, thereby reducing the effectiveness of decision support tools 
(Poly et al., 2020).

Studies examining AI-driven clinical systems have emphasized 
the importance of designing interfaces that complement clinicians’ 

FIGURE 2

Lifecycle framework for responsible implementation of HRV-AI systems.
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cognitive processes rather than replacing them. Human-centered 
design approaches encourage the development of AI systems that 
function as collaborative tools supporting clinician judgement rather 
than autonomous decision-makers. Within this paradigm, AI systems 
provide risk estimates or pattern recognition insights while clinicians 
retain full authority over diagnostic and therapeutic decisions (Golden 
et al., 2024).

Transparency in model outputs is equally important for clinical 
acceptance. Interfaces that provide contextual explanations, uncer-
tainty estimates, or visual summaries of physiological trends may 
improve clinician understanding and trust in AI-supported 
predictions.

6.4 Step 4—continuous monitoring and 
lifecycle governance

The final step addresses the long-term governance of AI systems 
after deployment. Unlike traditional clinical tools, machine-learning 
models operate within evolving environments where changes in 
patient populations, clinical practices, or data acquisition technologies 
may alter the relationship between inputs and outcomes.

This phenomenon could gradually degrade predictive perfor-
mance if algorithms are not periodically evaluated and recalibrated. 
Continuous monitoring frameworks therefore play an important role 
in maintaining the reliability of deployed AI systems (Botha et 
al., 2024).

Model governance strategies typically include periodic perfor-
mance auditing, recalibration of prediction thresholds, and evaluation 
of model behavior across demographic or clinical subgroups. These 
procedures help identify unintended biases or performance deteriora-
tion that may emerge over time. Importantly, governance structures 
should also define clear accountability pathways among clinicians, 
healthcare institutions, and algorithm developers. Transparent over-
sight mechanisms contribute to maintaining clinical trust while ensur-
ing that AI systems remain aligned with patient safety standards 
(Botha et al., 2024).

Taken together, these four stages emphasize that the safe deploy-
ment of HRV-based AI systems requires attention not only to model 
performance, but also to data integrity, workflow integration, and 
long-term governance. Rather than viewing AI models as isolated pre-
dictive tools, this framework highlights their role as components of 
broader socio-technical systems within healthcare environments. 
Importantly, these stages should not be interpreted as strictly sequen-
tial but as interacting components of an iterative governance process 
throughout the lifecycle of clinical AI systems.

7 Limitations

This review has several limitations. First, it was designed as a 
narrative, concept-driven review rather than a systematic review. 
Accordingly, although a structured literature search was per-
formed, study selection was not intended to be fully exhaustive 
and no formal risk-of-bias assessment was conducted. Second, the 
included literature was heterogeneous with respect to source type, 
signal source, preprocessing methods, HRV feature definitions, 
prediction tasks, validation strategies, and study design, which 

precluded quantitative synthesis. Third, part of the argument 
developed in this review draws on broader healthcare AI, explain-
ability, ethics, and governance literature rather than exclusively 
HRV-specific empirical studies, reflecting the still limited number 
of deployment-oriented investigations in this exact niche. Finally, 
the four-step implementation framework proposed here is concep-
tual and pragmatic in nature and should be regarded as a transla-
tional guide rather than an empirically validated implementation 
model. Future work should test, refine, and validate this frame-
work in real-world HRV-AI deployment settings.

8 Conclusion

AI applied to heart rate variability (HRV) analysis offers prom-
ising opportunities for improving risk stratification and physio-
logical monitoring across multiple clinical domains. However, the 
transition from experimental models to real-world clinical use 
remains constrained by important challenges related to interpret-
ability, accountability, and integration into existing healthcare 
workflows.

The relationship between algorithmic accuracy and interpretabil-
ity should therefore not be approached as a strict dichotomy. Highly 
accurate models often rely on complex architectures that are difficult 
to interpret, while overly simplified models may fail to capture the 
physiological complexity reflected in HRV signals. The central chal-
lenge is not the elimination of model opacity, but the development of 
governance and implementation strategies that allow these systems to 
be used responsibly in clinical environments.

Explainability techniques can contribute to improving transpar-
ency, yet they also present methodological limitations and may some-
times generate misleading impressions of understanding. 
Consequently, explanations should be interpreted cautiously and con-
sidered supportive tools rather than definitive representations of algo-
rithmic reasoning.

In this context, the pragmatic implementation framework pro-
posed in this article emphasizes four essential dimensions for the 
responsible adoption of HRV-based AI systems: ensuring data quality 
and signal integrity, developing and validating robust predictive 
models, integrating these tools into clinical workflows with appropri-
ate human oversight, and maintaining continuous monitoring of algo-
rithm performance after deployment.

Ultimately, HRV-AI systems should be understood not merely as 
predictive algorithms but as components of complex socio-technical 
healthcare systems. Their clinical value will depend not only on pre-
dictive accuracy, but also on transparent governance structures, care-
ful implementation strategies, and the ability of clinicians to critically 
interpret algorithmic outputs within the broader context of 
patient care.
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