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Abstract. Human-centered artificial intelligence (AI) is increasingly ap-
plied to electroencephalography (EEG) for sleep staging and sleep disor-
der detection, offering scalable screening and automated monitoring. In
parallel, mouse EEG studies provide mechanistic insight into sleep regu-
lation under controlled experimental conditions. Despite rapid advances
in both domains, synthesis across species and integration of human-
centered evaluation remain limited.
This PRISMA-guided systematic review examines 42 studies of AI-based
sleep EEG across human and mouse research, with an explicit human-
centered AI perspective. We synthesize (1) effectiveness evidence and
validation practices, (2) biomarkers and model classes used for prediction
and monitoring, and (3) translational connections between mechanistic
and clinical contexts. Reported performance is generally strong within
task-specific settings (e.g., 75–85% accuracy for human sleep staging;
AUC 0.80–0.92 for apnea detection), yet fewer than half of studies report
external validation, and formal user evaluations are rare (fewer than five
studies).
Across species, hybrid approaches combining physiologically grounded
biomarkers with deep learning representations are increasingly common.
However, interaction validity—including interpretability, trust calibra-
tion, and workflow integration—is inconsistently assessed. We argue that
advancing AI-assisted sleep EEG from high-performing models to clin-
ically deployable systems requires alignment across mechanistic, repre-
sentational, clinical, and interaction layers of evaluation.

Keywords: Human-centered AI · EEG · Sleep EEG · Clinical workflow · Inter-
pretability · Translational research · Clinical decision support

1 Introduction

Sleep disorders affect a substantial proportion of the global population and are
associated with significant health, cognitive, and societal consequences. Elec-
troencephalography (EEG) remains a central modality for assessing sleep ar-
chitecture and detecting abnormalities because it provides a direct measure of
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neural dynamics across sleep stages. Recent survey and systematic review work
has further documented rapid growth in deep learning, transformer-based, and
hybrid EEG modeling approaches, alongside persistent challenges in comparabil-
ity and reporting across studies [26,34]. Recent advances in artificial intelligence
(AI), particularly machine learning and deep learning, have enabled automated
analysis of EEG signals for sleep staging, disorder detection, and physiological
characterization.

Despite rapid methodological progress, the literature remains fragmented
across research domains. Clinical studies primarily focus on diagnostic perfor-
mance and deployment-oriented evaluation in human populations, while animal
research—especially mouse studies—emphasizes mechanistic insight, controlled
experimentation, and biomarker discovery. Although both domains contribute
valuable knowledge, their findings are rarely synthesized within a unified frame-
work, limiting the ability to translate physiological insights into clinically ac-
tionable AI systems.

Related human-in-the-loop EEG systems and real-time personalization stud-
ies also suggest that user interaction constraints and feedback mechanisms can
substantially shape deployment feasibility [4,39].

At the same time, growing interest in human-centered clinical AI highlights
that performance alone is insufficient for safe adoption. Interpretability, work-
flow integration, and trust calibration play critical roles in determining whether
AI-assisted EEG tools can be effectively incorporated into clinical practice. How-
ever, these considerations are often discussed separately from methodological
and translational analyses, creating a gap between technical development and
real-world deployment.

Our framing is also informed by prior EEG-centered reviews that emphasize
how taxonomy choices and evaluation protocols shape what conclusions can be
drawn from heterogeneous literature [26,59].

This review addresses these gaps by providing a cross-species synthesis of
AI-based EEG research for sleep analysis, integrating methodological trends,
biomarker design, human-centered considerations, and translational implications.
By jointly examining human and mouse studies, we aim to identify common pat-
terns, differences in evaluation practices, and opportunities for bridging mecha-
nistic understanding with clinical application.

Research Questions (RQs).

1. RQ1: What performance patterns and validation practices characterize AI-
based EEG methods for sleep disorder detection across human and mouse
studies?

2. RQ2: What biomarkers, feature representations, and AI model classes are
most commonly used for prediction and monitoring, and how are they dis-
tributed across species?

3. RQ3: What human–AI interaction considerations (e.g., interpretability, trust
calibration, workflow integration) are reported in this literature, and how do
they shape the deployment of AI-assisted EEG systems?
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4. RQ4: How can insights from mouse studies inform human clinical applica-
tions, and what design guidelines emerge for human-centered translational
EEG AI?

Contributions. This review makes three primary contributions. First, it
provides a structured comparison of methodological and evaluation practices
across human and mouse EEG studies, highlighting differences in performance re-
porting and validation strategies. Second, it synthesizes the landscape of biomark-
ers, feature representations, and modeling approaches used in sleep EEG anal-
ysis, identifying emerging trends in representation learning and interpretability.
Third, it integrates translational and human-centered perspectives, outlining de-
sign considerations for AI-assisted EEG systems that bridge mechanistic research
and clinical deployment.

Together, these contributions aim to support the development of AI methods
that are not only technically robust but also physiologically grounded, clinically
relevant, and aligned with real-world decision-making contexts.

This framing motivates examination of alignment across mechanistic, repre-
sentational, clinical, and interaction dimensions.

2 Related Work

Prior research on AI-assisted EEG analysis for sleep disorders spans several in-
tersecting themes, including algorithmic performance evaluation, biomarker and
feature development, translational neuroscience, and human-centered deploy-
ment considerations. Existing reviews provide valuable foundations, yet they
often focus on a single species, disorder, or methodological perspective. This
section synthesizes these strands to position the present review and highlight
gaps motivating a cross-species, human-centered analysis.

2.1 AI-Based EEG Analysis and Performance Evaluation

A substantial body of literature has examined machine learning and deep learn-
ing methods for automated sleep staging, event detection, and disorder classifica-
tion using EEG and polysomnography signals. Broad surveys of computational
sleep analysis outline the evolution of algorithmic approaches and emphasize
variability in benchmarking practices and evaluation protocols [12]. Complemen-
tary signal-processing reviews detail classical EEG feature families, including
spectral, time-frequency, and entropy-based representations, which remain im-
portant baselines and often serve as inputs to hybrid machine learning pipelines
[33].

More recent synthesis efforts provide comprehensive overviews of automated
sleep analysis pipelines, summarizing commonly used datasets, modeling ap-
proaches, and evaluation metrics across a large body of studies [60]. Earlier deep
learning–focused reviews document the field’s transition toward end-to-end rep-
resentation learning and highlight how architectural advances have shaped per-
formance improvements in sleep staging and disorder detection [8]. Complemen-
tary mapping-style reviews have similarly emphasized the rapid diversification
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of EEG model classes and the need for clearer reporting of evaluation design
choices [34]. The most recent systematic reviews continue to report heterogene-
ity in datasets, validation protocols, and reporting standards, underscoring the
need for more structured comparisons of performance patterns across studies
[57].

Recent work also highlights the expanding ecosystem of EEG-based sleep
technologies beyond traditional laboratory PSG.Related systematic reviews of
consumer-grade EEG in interactive settings further highlight practical constraints
(e.g., usability, calibration, and real-time feedback) that shape deployment be-
yond algorithmic accuracy alone [59]. Systematic reviews of wearable EEG sys-
tems report increasing feasibility, high user compliance, and promising accuracy
for sleep staging, suggesting a shift toward scalable and home-based monitor-
ing solutions [14]. Complementing these reviews, empirical benchmarking stud-
ies comparing multiple machine learning classifiers demonstrate that optimized
feature engineering and ensemble methods can achieve high diagnostic perfor-
mance, while also illustrating how results depend on dataset characteristics and
experimental design [44].

Additional methodological overviews further emphasize the rapid diversifica-
tion of architectures and learning paradigms in automated sleep analysis, doc-
umenting trends in model design, training strategies, and evaluation practices
across recent studies [6,24,28].

Within clinical sleep disorder detection, obstructive sleep apnea has received
particular attention. Reviews of diagnostic sensors and algorithms situate EEG-
based methods within multimodal monitoring ecosystems and highlight ongoing
challenges in dataset heterogeneity, labeling practices, and cross-study compara-
bility [31,49]. More recent systematic reviews further categorize datasets, mod-
eling approaches, and evaluation metrics, underscoring persistent issues such
as subject-wise generalization and incomplete reporting of validation strategies
[13]. Collectively, these observations motivate closer examination of performance
patterns and validation practices across both human and animal studies.

2.2 Biomarkers, Feature Representations, and Modeling Trends

At the methodological level, both classical machine learning and deep neural
architectures have been applied to EEG for sleep staging and disorder detection.
Representative work includes automated sleep stage classification pipelines eval-
uated on clinical datasets [9]. Studies on apnea classification demonstrate that
engineered frequency-band features can remain competitive under certain con-
ditions, suggesting that performance gains may arise from both representation
learning and preprocessing choices [53,63].

Recent empirical and quantitative studies further explore the role of feature
engineering and physiological biomarkers in sleep analysis. Comparative investi-
gations of EEG feature extraction strategies highlight the contributions of spec-
tral, statistical, and nonlinear features to classification performance [50]. Quanti-
tative EEG analyses provide additional insight into physiologically interpretable
markers associated with sleep stages and transitions [19]. Meanwhile, studies on
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channel selection demonstrate that reduced-electrode configurations can main-
tain competitive performance while improving practicality for real-world moni-
toring scenarios [29].

Recent reviews and methodological syntheses further emphasize the diver-
sity of feature representations and their interaction with modeling approaches.
Emerging surveys document how spectral, time-frequency, and nonlinear biomark-
ers remain foundational descriptors of sleep dynamics, while hybrid feature
pipelines increasingly combine physiologically interpretable features with data-
driven learning [48]. Automated analysis frameworks highlight the growing role
of end-to-end feature learning in extracting discriminative EEG signatures for
sleep tasks [10]. Comparative evaluations of automated EEG pipelines further
underscore how performance depends on the alignment between feature repre-
sentation, preprocessing strategy, and task definition [62].

Systematic mapping studies further highlight the growing dominance of deep
learning approaches and provide taxonomies linking EEG biomarkers, neural
architectures, and diagnostic tasks, while also identifying gaps in explainability
and cross-disorder generalization [46].

Recent advances in deep learning have further expanded the landscape of
representation learning for sleep EEG analysis, consistent with hybrid EEG
modeling trends reported in recent transformer-focused reviews [65,26]. Hybrid
architectures combining convolutional and transformer components have been
proposed to jointly model local signal characteristics and long-range temporal
dependencies, demonstrating improved performance for both sleep staging and
disorder prediction tasks [54]. Other work continues to refine convolutional net-
work designs, highlighting how architectural choices such as receptive field con-
figuration and hierarchical feature extraction influence classification accuracy
and robustness [32]. At the same time, lightweight and efficiency-oriented deep
models are emerging to support scalable and real-world monitoring scenarios,
reflecting a growing emphasis on deployability alongside performance [21].

Recent work has also expanded the scope of physiologically grounded biomark-
ers and feature representations. Reviews of sleep EEG microstructure emphasize
that traditional severity indices such as the apnea–hypopnea index may not fully
capture clinically relevant neural dynamics, motivating the use of microstruc-
tural markers including sleep spindles, K-complexes, cyclic alternating pattern,
and quantitative REM signatures [16]. Connectivity-based feature extraction
approaches demonstrate how inter-channel relationships and network-level rep-
resentations can reveal disorder-related patterns [45]. Nonlinear and geometry-
aware approaches further extend this space, with topological data analysis pro-
viding complementary frameworks for capturing complex temporal structure in
EEG signals [47].

Complementing representation-focused research, several studies provide sys-
tematic comparisons between traditional machine learning and deep learning
paradigms for sleep EEG analysis [2,5,51]. These comparisons emphasize that
methodological choice depends on deployment constraints such as data volume,
computational resources, and the need for explainable outputs.
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In addition, attention-based CNN variants have been used to capture both
averaged voltage patterns and localized temporal changes in EEG recordings, fur-
ther reflecting the broader shift toward attention mechanisms in EEG modeling
[61].Across studies, commonly reported biomarkers include spectral power distri-
butions, time-frequency signatures, entropy-based measures, and event-related
features such as micro-arousals. More recent work increasingly leverages learned
representations from convolutional, recurrent, and transformer-based architec-
tures, reflecting a shift toward end-to-end modeling. However, the relative preva-
lence of these approaches and their distribution across species remain under-
synthesized, highlighting the need for a systematic taxonomy of biomarkers and
model classes.

2.3 Translational Perspectives in Cross-Species Sleep Research

Mouse EEG research has historically focused on mechanistic insight and con-
trolled experimentation, enabling causal inference unavailable in many clini-
cal studies. Translational sleep science frameworks emphasize the importance
of integrating preclinical models with human observational research to identify
biomarkers that are both physiologically grounded and clinically meaningful [15].

Recent work further highlights methodological challenges in bridging experi-
mental and clinical domains. Comparative discussions of sleep measurement and
benchmarking practices underscore differences in acquisition protocols, scoring
criteria, and evaluation paradigms across species, which complicate direct com-
parison and model transfer [25]. Emerging conceptual syntheses also highlight
how translational success depends on aligning experimental designs, data repre-
sentations, and clinical endpoints across research settings [17].

At a mechanistic level, studies of neural representations and circuit-level dy-
namics provide insight into how sleep-related activity patterns generalize across
species [3,18,22]. These perspectives suggest that translational progress may
depend on identifying shared physiological mechanisms while accounting for
species-specific differences in sleep architecture and recording methodologies.
Despite this potential, explicit integration of cross-species evidence in AI-driven
EEG research remains limited, motivating the need for systematic synthesis.

2.4 Human-Centered Considerations in Clinical AI

Beyond technical performance, the deployment of AI-assisted EEG systems de-
pends on how model outputs are integrated into clinical workflows. Human–AI
interaction research emphasizes interpretability, transparency, and trust calibra-
tion as key determinants of safe and effective adoption [7].

Empirical studies of AI-assisted sleep staging systems show that explanation
interfaces grounded in clinician workflows can improve both user performance
and confidence [20]. Conceptual frameworks further emphasize that human–AI
collaboration evolves through feedback and adaptation, framing clinical AI as
a socio-technical system rather than a static tool [35]. Systematic perspectives
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on explainable AI in healthcare identify gaps in evaluation practices and call for
standardized reporting of explanation quality and usability [1].

Workflow-oriented analyses outline how attribution methods and visualiza-
tion techniques can be integrated into diagnostic pipelines [30], while human-
factors studies demonstrate that clinician interaction with AI systems is shaped
by usability, cognitive workload, and trust calibration [55]. Governance-focused
perspectives further highlight the interplay between interpretability, account-
ability, and responsibility in clinical decision making [36].

In healthcare contexts, reporting frameworks such as DECIDE-AI highlight
the importance of documenting intended users, decision pathways, and evalu-
ation stages for AI-driven decision support [52]. In sleep medicine, these con-
siderations are particularly salient because clinicians must interpret algorithmic
outputs alongside other physiological signals and patient histories. However, ex-
isting EEG-focused reviews rarely examine whether and how studies address
these human-centered deployment factors, indicating an important gap between
technical development and real-world use.

2.5 Positioning of This Review

Taken together, prior work provides extensive insight into algorithmic methods,
biomarker development, translational neuroscience, and human-centered clinical
AI. Yet several gaps remain: existing reviews often focus on either human or ani-
mal studies, emphasize technical performance without systematically comparing
validation practices, lack unified taxonomies across species, and rarely synthesize
human–AI interaction considerations alongside methodological findings.

The present review addresses these gaps by integrating evidence across species,
examining methodological and performance patterns, identifying recurring biomark-
ers and model classes, and synthesizing human-centered implications for deploy-
ment. This positioning motivates the RQ-driven synthesis presented in the sub-
sequent sections.

3 Method

3.1 Protocol and Reporting Standard

This systematic literature review was conducted in accordance with the PRISMA
2020 reporting guidelines to ensure transparency and methodological rigor. The
review protocol defined the research questions, search strategy, inclusion and
exclusion criteria, and data extraction framework prior to full-text screening.
The study selection process is summarized in Fig. 1.

3.2 Search Strategy

A structured search strategy was developed to identify peer-reviewed studies
applying artificial intelligence (AI) methods to EEG-based analysis of sleep dis-
orders. Searches were conducted between December 2025 and January 2026.
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Table 1. Keyword groups and qualitative frequency in search results.

Category Example keywords Freq.

AI / ML machine learning; deep learning; neural network; transformer H
EEG electroencephalography; EEG signal; EEG analysis; brain activity H
Sleep disorders sleep disorder; apnea; insomnia; narcolepsy; REM sleep M–H
Cross-species mouse model; rodent; human study; translational M
Performance accuracy; AUC; F1-score; classification; prediction M
Features wavelet; spectral; time-frequency; entropy M–L

Five databases were queried: PubMed, Web of Science, IEEE Xplore, ACM
Digital Library, and Google Scholar. Boolean combinations were constructed
across three primary concept groups:

– AI-related terms: “machine learning,” “deep learning,” “neural network,”
“transformer”

– EEG-related terms: “electroencephalography,” “EEG signal,” “EEG anal-
ysis,” “brain activity”

– Sleep-related terms: “sleep disorder,” “sleep apnea,” “insomnia,” “narcolepsy,”
“REM sleep”

Search queries were adapted to the syntax of each database. For Google
Scholar, results were sorted by relevance and the first 100 records were screened,
consistent with prior systematic review practices to balance coverage and feasi-
bility.

Although no strict lower publication year bound was imposed, studies prior to
approximately 2015 were rarely eligible due to the focus on modern AI and deep
learning approaches. Studies lacking sufficient methodological detail or quanti-
tative evaluation were excluded during screening.

Table 1 summarizes keyword groups and qualitative frequency observed dur-
ing search and screening.

3.3 Screening and Study Selection

The initial search returned 120 records for title and abstract screening. After
removal of duplicate records (n = 12), 92 records proceeded to eligibility assess-
ment. Seventy full-text articles were reviewed in detail. A total of 42 studies met
all inclusion criteria and were included in the final synthesis, as illustrated in
Fig. 1.

Title/abstract screening and full-text eligibility assessment were conducted
by a primary reviewer, with a second reviewer independently verifying inclusion
decisions at the full-text stage. Disagreements were resolved through discussion
until consensus was reached.
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Fig. 1. PRISMA 2020 flow diagram showing identification of studies via databases and
screening.

3.4 Inclusion and Exclusion Criteria

Studies were included if they:

– Applied artificial intelligence methods (machine learning, deep learning, or
hybrid approaches) to EEG data;

– Focused on sleep disorders (e.g., sleep apnea, insomnia, narcolepsy, parasom-
nias);

– Used human or mouse subjects with clearly described EEG methodology;
– Were published in peer-reviewed journals or full conference proceedings;
– Reported quantitative performance metrics (e.g., accuracy, F1-score, AUC);
– Were available in full-text English.

Studies were excluded if they relied solely on classical statistical analyses
without machine learning components, lacked sufficient EEG methodological de-
tail, or did not provide quantitative evaluation. Earlier studies predating modern
AI approaches were excluded when methodological reporting did not meet con-
temporary standards.

Table 2 summarizes the screening criteria.
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Table 2. Inclusion and exclusion criteria applied during the screening process.

Inclusion / Exclusion Criteria Include?

Applies artificial intelligence (ML, DL, or hybrid models) to EEG data Yes
Focuses on sleep disorders (e.g., sleep apnea, insomnia, narcolepsy, para-
somnias)

Yes

Uses data from human or mouse subjects with clear EEG-based
methodology

Yes

Published in a peer-reviewed journal or full conference paper Yes
Includes quantitative performance evaluation (e.g., accuracy, F1-score,
AUC)

Yes

Written in English with full text available Yes

Non-AI or purely statistical methods without machine learning compo-
nents

No

Lacking sufficient EEG methodological detail or modern evaluation
standards

No

3.5 Data Extraction and Coding

A structured data extraction framework was developed to align with the research
questions. The coding schema was piloted on 15 randomly selected eligible stud-
ies to refine variable definitions and ensure clarity before full extraction.

Each included study was coded for:

– Species (human, mouse, or cross-species);
– Sleep disorder focus and task type (e.g., staging, apnea detection);
– EEG acquisition characteristics (e.g., channel configuration, sampling rate

when reported);
– Feature representation category (spectral, time-frequency, entropy, statisti-

cal, learned representation, etc.);
– AI model class (e.g., classical ML, CNN, RNN, Transformer, hybrid);
– Validation strategy (e.g., cross-validation, subject-wise split, external test

set);
– Performance metrics and reported ranges;
– Translational framing (mechanistic discovery, clinical validation, cross-species

mapping);
– Human-centered deployment signals (e.g., interpretability mechanisms, ex-

planation interfaces, workflow integration, user evaluation).

Extraction was conducted by a primary reviewer and verified by a second
reviewer. Discrepancies were resolved through discussion until consensus was
achieved.
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3.6 Synthesis Approach

Given heterogeneity across datasets, tasks, and evaluation protocols, a narra-
tive synthesis combined with structured descriptive aggregation was performed
rather than a pooled meta-analysis.

For RQ1, reported performance metrics (e.g., accuracy, AUC, F1-score) were
grouped by task type and species, and performance ranges were summarized to
characterize patterns in effectiveness and validation practices.

For RQ2, feature representations and AI model classes were categorized into
a unified taxonomy to identify dominant methodological trends across species.

For RQ3, studies were analyzed for explicit reporting of human–AI inter-
action considerations. Approximately 25–50% of included studies referenced in-
terpretability, explanation, or workflow integration, though formal user studies
were comparatively rare.

For RQ4, translational evidence was mapped across mechanistic, representation-
level, clinical validation, and deployment-oriented stages to identify recurring
challenges and design implications.

This cross-sectional synthesis enables comparison of methodological trends,
evaluation rigor, and human-centered considerations across human and mouse
EEG research without assuming statistical homogeneity.

4 Results

4.1 Overview of Included Studies

A total of 42 studies met inclusion criteria, including 33 human-focused studies
and 9 mouse-based studies. No included study directly used shared human and
mouse datasets within a single empirical framework; translational insights were
primarily conceptual or representation-level rather than dataset-level integra-
tion.

Human studies predominantly addressed diagnostic tasks such as sleep stag-
ing and sleep apnea detection, while mouse studies emphasized automated state
scoring and mechanistic biomarker discovery under controlled laboratory condi-
tions.

4.2 RQ1: Effectiveness of AI-Based EEG Methods Across Species

Performance Patterns in Human Studies Human studies most frequently
evaluated sleep staging and sleep apnea detection. Reported performance ranges
varied by task type:

Performance was generally strong within task-specific settings. However, val-
idation practices varied considerably. Approximately 20–40% of studies reported
evaluation on external or independent test sets, while fewer than 20% explicitly
employed strict subject-wise cross-validation protocols. This heterogeneity limits
direct cross-study comparability and highlights ongoing challenges in generaliza-
tion assessment.
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Table 3. Representative performance ranges reported across included studies.

Task Type Metric Typical Range

Sleep staging (human) Accuracy 75%–85%
Apnea detection (human) AUC 0.80–0.92
Mouse state classification Accuracy 85%–95%

Table 4. Approximate distribution of AI model classes across included studies.

Model Class Approximate Prevalence

CNN-based models 30–50%
Transformer / hybrid deep models >30%
Classical ML (SVM, RF, etc.) 20–40%

Model Distribution Across included studies, deep learning architectures were
dominant, particularly convolutional neural networks (CNNs), which appeared
in approximately 30–50% of studies. Transformer-based or hybrid architectures
accounted for more than 30% of recent studies, reflecting growing interest in
modeling long-range temporal dependencies. Classical machine learning methods
(e.g., SVM, random forest) appeared in approximately 20–40% of studies, often
in combination with engineered features.

Importantly, performance differences were not attributable solely to model
architecture. Feature engineering, preprocessing pipelines, and dataset composi-
tion were frequently cited as influential factors in reported outcomes.

Comparative Interpretation Across Species Mouse studies emphasized re-
producibility and physiological alignment with expert scoring rather than clinical
utility metrics. Reported accuracy ranges (85–95%) were typically evaluated un-
der controlled laboratory conditions. Differences in EEG montage, sampling rate,
stage definitions, and experimental objectives complicate absolute cross-species
comparison. Therefore, effectiveness is best interpreted as domain-specific ro-
bustness rather than directly comparable numerical superiority.

4.3 RQ2: Biomarkers and AI Techniques for Prediction and
Monitoring

Feature representations spanned both physiologically grounded biomarkers and
data-driven learned representations. Spectral and time-frequency features were
the most consistently reported engineered features across both species. Entropy-
based and nonlinear complexity measures appeared less frequently but were often
used in sleep quality or microstructure analysis contexts.

Learned representations derived from CNN, RNN, and transformer archi-
tectures were increasingly common, particularly in human diagnostic studies.
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Table 5. Taxonomy of EEG biomarkers and feature representations identified across
included studies.

Category Description Common Context

Spectral features Frequency-band power (delta, theta, alpha, beta) Staging, apnea detection
Time-frequency features Wavelet/STFT patterns Transition detection
Entropy / nonlinear Signal complexity measures Sleep quality analysis
Statistical features Amplitude and variance summaries Baseline modeling
Physiological biomarkers qEEG indices, stage signatures Interpretable diagnostics
Learned representations CNN/RNN/Transformer embeddings End-to-end prediction
Channel optimization Reduced electrode setups Wearable monitoring

Table 6. Reporting frequency of human-centered AI considerations.

Human-AI Reporting Element Approximate Count (n=42)

Interpretability / explanation discussed 10–15
Formal user study or clinician evaluation <5
Workflow integration discussion 10–15

Hybrid approaches combining interpretable features with deep learning were
frequently described as balancing predictive accuracy with clinical interpretabil-
ity.

Table 5 summarizes the unified taxonomy of feature categories across in-
cluded studies.

Across studies, convergence toward hybrid modeling strategies was observed,
particularly in human clinical contexts where interpretability was valued along-
side predictive performance.

4.4 RQ3: Human–AI Interaction Considerations in Clinical EEG
Systems

Human-centered reporting was less prevalent than technical performance re-
porting. Approximately 10–15 of the 42 included studies explicitly discussed
interpretability, explanation interfaces, or workflow integration. Fewer than five
studies reported formal user evaluations or clinician-in-the-loop experiments.

Most human-centered discussion focused on explanation design, visualization
clarity, and trust calibration. Structured evaluation of cognitive workload, ac-
countability mechanisms, or longitudinal adoption remained comparatively rare.

4.5 RQ4: Translational Insights Across Species

Although no included study directly integrated human and mouse EEG datasets
within a single empirical framework, several studies described representation-
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level or biomarker-level parallels across species. Translational pathways typi-
cally followed staged progression from mechanistic discovery (animal models) to
representation alignment and clinical validation.

Barriers to translation included heterogeneity in acquisition protocols, label-
ing conventions, and sampling rates. Nonetheless, the literature suggests that
physiologically grounded biomarkers identified in animal research can inform
hypothesis generation and representation design in human diagnostic models.

Overall, translational integration remains conceptual and methodological
rather than dataset-level, underscoring the need for standardized cross-species
evaluation frameworks and harmonized reporting practices.

5 Discussion

This discussion synthesizes findings across research questions and introduces a
conceptual framing to clarify how cross-species evidence, methodological rigor,
and human-centered deployment intersect in AI-assisted EEG systems for sleep
research.

5.1 A Translational Alignment Model for Human-Centered EEG AI

The results suggest that translational progress in AI-based EEG analysis depends
on alignment across multiple layers of evidence and evaluation. We therefore
propose a Translational Alignment Model comprising four interdependent forms
of validity:

1. Mechanistic validity: Alignment between EEG features and underlying
neurophysiological processes, often derived from controlled animal studies.

2. Representational validity: Stability and transferability of learned or en-
gineered feature representations across datasets and contexts.

3. Clinical validity: Robust performance under clinically realistic validation
protocols, including subject-wise splits and external test sets.

4. Interaction validity: Safe and effective integration into human workflows,
including interpretability, trust calibration, and usability.

Current literature demonstrates strength in mechanistic and task-specific
clinical validity but reveals variability in representational generalization and lim-
ited systematic evaluation of interaction validity. Translational success therefore
requires not only accurate models but alignment across these four layers. Re-
lated human-in-the-loop EEG systems and real-time personalization studies fur-
ther illustrate how interaction constraints, calibration procedures, and feedback
loops influence practical deployment feasibility beyond model accuracy alone
[4,23,27,39,56,58,64].
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5.2 Reframing Performance Evaluation Beyond Accuracy (RQ1)

While reported performance ranges indicate that AI-based EEG methods are
mature and effective within defined tasks, evaluation practices remain heteroge-
neous. Fewer than half of studies reported external validation, and strict subject-
wise cross-validation was comparatively uncommon.

This pattern suggests that performance metrics alone are insufficient indi-
cators of translational readiness. Accuracy, AUC, and F1-score reflect task-level
discrimination, but they do not necessarily capture robustness under distribu-
tional shifts or real-world deployment constraints.

We argue that future evaluation frameworks should explicitly incorporate:

– Clear reporting of validation splits (record-wise vs subject-wise),
– External dataset testing when feasible,
– Sensitivity analyses under varied acquisition conditions,
– Reporting of uncertainty estimates.

Such practices would strengthen representational and clinical validity within
the Translational Alignment Model. More broadly, recent work on human-centered
AI evaluation emphasizes that deployment readiness depends on aligning tech-
nical validation with structured interaction-level assessment and accountability
considerations [11,41,40,42,37,38,43].

5.3 Hybrid Representation Design and Interpretability (RQ2)

The convergence toward hybrid modeling strategies reflects an implicit recog-
nition that performance and interpretability are not mutually exclusive goals.
Spectral and time-frequency biomarkers provide physiologically interpretable
anchors, while learned representations enhance discriminative capacity. Recent
transformer-based and hybrid EEG architectures similarly reflect this dual em-
phasis, combining convolutional feature extraction with attention mechanisms
to balance spatial–temporal modeling and interpretability [26,61,65].

Translational opportunities lie in deliberately coupling interpretable biomark-
ers with data-driven representations. This approach may support both mecha-
nistic validity and interaction validity, particularly in clinical settings where
explainability influences adoption.

More consistent reporting of preprocessing pipelines, feature extraction meth-
ods, and representation choices would further enable reproducibility and cross-
study synthesis.

5.4 Interaction Validity as a Core Evaluation Dimension (RQ3)

Approximately one-quarter to one-third of included studies discussed interpretabil-
ity or workflow integration, yet fewer than five reported formal user evaluations.
This imbalance suggests that interaction validity remains under-assessed relative
to predictive performance.
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We contend that interaction quality should be considered a primary evalua-
tion dimension rather than an auxiliary consideration. In clinical EEG workflows,
AI systems function as decision-support tools embedded within socio-technical
environments. Effective deployment depends on:

– Explanation mechanisms aligned with clinician reasoning,
– Transparent communication of model uncertainty,
– Mechanisms for verification, override, or feedback,
– Cognitive workload considerations.

Without systematic evaluation of these dimensions, high-performing models
may face barriers to safe adoption.

5.5 Translational Opportunities and Structural Challenges (RQ4)

Although no included study directly integrated shared human and mouse EEG
datasets within a unified empirical framework, representation-level parallels were
frequently discussed. This suggests that cross-species translation currently op-
erates at the level of biomarker interpretation and architectural design rather
than dataset integration.

We view this not as a failure but as an opportunity. Future progress may
depend on developing harmonized annotation protocols, standardized EEG on-
tologies, and shared benchmarking frameworks capable of bridging mechanistic
and clinical contexts.

At a field level, establishing minimal reporting standards for cross-species
representation mapping could accelerate translational alignment and reduce frag-
mentation across research domains.

5.6 Design Recommendations for Human-Centered EEG AI

Based on synthesized findings, Table 7 outlines design and reporting recommen-
dations to support translational alignment and human-centered deployment.

These recommendations operationalize interaction validity and provide con-
crete steps for strengthening translational alignment.

5.7 Societal and Practical Considerations

AI-assisted EEG systems have potential to expand access to sleep diagnostics
through wearable and home-based monitoring. However, risks include dataset
bias, uneven performance across demographic groups, and challenges in account-
ability.

Addressing these concerns requires both technical robustness and structured
human-centered evaluation to ensure equitable and responsible deployment.
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Table 7. Design and reporting recommendations for human-centered EEG AI.

Dimension Recommendation

Validation transparency Clearly report subject-wise vs record-wise splits
and use external test sets when possible

Representation reporting Document preprocessing pipelines and feature
categories explicitly

Interpretability Describe explanation mechanisms and their phys-
iological grounding

Workflow integration Specify intended user roles and decision pathways
Uncertainty communication Report confidence estimates or reliability indica-

tors
User evaluation Incorporate clinician or end-user testing where

feasible

5.8 Limitations and Methodological Reflexivity

This review is constrained by heterogeneity in datasets, task definitions, and
reporting standards, which precluded formal meta-analysis. Although screening
and coding were conducted with verification and consensus procedures, interpre-
tive synthesis necessarily involves subjective judgment.

Limiting Google Scholar screening to the first 100 relevance-ranked results
may have excluded some peripheral studies. In addition, restricting inclusion to
English-language publications introduces potential language bias. These consid-
erations underscore the importance of transparent reporting and ongoing refine-
ment of systematic review methodologies in rapidly evolving AI domains.

5.9 Future Directions

Future research should prioritize:

– Cross-dataset benchmarking and shared annotation standards,
– Development of representation-level alignment frameworks across species,
– Integration of usability and clinician-in-the-loop evaluation into technical

validation,
– Longitudinal studies examining trust calibration and workflow adaptation,
– Harmonized reporting guidelines that incorporate interaction validity along-

side predictive performance.

Advancing AI-based EEG systems from high-performing models to human-
centered clinical tools will require coordinated progress across mechanistic, rep-
resentational, clinical, and interaction layers.
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6 Conclusion

We conducted a PRISMA-guided systematic review of AI-based EEG methods
for sleep disorder research across human and mouse studies, with an explicit
human–AI interaction perspective.

Answer to RQ1: AI-based EEG approaches generally report strong perfor-
mance for sleep staging and disorder detection tasks. However, comparisons
across studies remain constrained by heterogeneous validation strategies, lim-
ited external testing, and inconsistent reporting of generalization protocols.

Answer to RQ2: Both physiologically grounded biomarkers (e.g., spectral
and time-frequency features) and learned representations are widely used across
species. Recent work increasingly adopts hybrid modeling strategies that balance
predictive accuracy with interpretability and clinical feasibility.

Answer to RQ3: Human-centered considerations are reported less consistently
than technical metrics. While interpretability and workflow integration are in-
creasingly recognized, formal user evaluations and structured interaction assess-
ments remain relatively rare.

Answer to RQ4: Translational connections between mouse and human EEG
research are primarily representation- and biomarker-level rather than dataset-
level, highlighting the need for harmonized reporting practices and cross-domain
evaluation frameworks.

Overall, the evidence suggests that advancing AI-assisted EEG systems from
high-performing models to clinically deployable tools requires integrating mech-
anistic insight, robust validation practices, and explicit human-centered design
and evaluation strategies.
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