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Abstract: Wearable artificial intelligence (Al) technologies are rapidly transforming how
human communication is sensed, interpreted, and augmented across multiple social contexts.
Despite increasing research interest, comprehensive synthesis of empirical studies examining
wearable Al in communication remains limited. This study presents a systematic literature
review following the PRISMA 2020 guidelines to map the development of wearable Al
communication research published between 2015 and 2025. Searches were conducted across
five major databases—Scopus, Web of Science, PubMed, IEEE Xplore, and ACM Digital
Library—yielding 93 eligible studies, of which 58 were included in a quantitative meta-
analysis. The findings identify five dominant research clusters: health communication,
interpersonal and social communication, occupational communication, educational
communication, and accessibility communication. Smartwatches, EEG headbands, and
biosensor-based wearables emerged as the most frequently used technological platforms, while
deep learning architectures dominated analytical approaches. Results indicate that wearable Al
systems can effectively infer communicative states such as emotional arousal, cognitive
workload, and behavioral intention, with pooled accuracy exceeding 80% across several
domains. However, significant challenges remain regarding methodological heterogeneity,
limited demographic diversity, algorithmic bias, and underdeveloped ethical governance. The
study concludes that wearable Al is reshaping the communicative landscape by integrating
physiological sensing with algorithmic interpretation, while emphasizing the need for
interdisciplinary research, inclusive datasets, and robust ethical frameworks to ensure equitable
and responsible deployment.

Keywords: wearable artificial intelligence, human communication, PRISMA systematic
review, affective computing, augmentative communication, smart wearables.

INTRODUCTION

Human communication is an intrinsically multimodal, context-sensitive phenomenon
encompassing verbal speech, kinesics, proxemics, physiological signals, and digital traces. For
decades, research in communication science treated these modalities as largely independent
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streams, constrained by the measurement instruments available at any given time. The
emergence of wearable artificial intelligence (Al)—miniaturised, body-worn computational
devices capable of sensing, processing, and responding to human signals in real time—has
collapsed those disciplinary boundaries, enabling continuous, ambient measurement of
communicative behaviour at unprecedented resolution (Amft & Troster, 2017).

Wearable Al encompasses a broad hardware continuum: consumer-grade smartwatches
and fitness trackers at one end; clinically validated ECG patches, electromyography (EMG)
gloves, and electroencephalography (EEG) headbands in the middle; and experimental
exosuits, haptic vests, and augmented-reality (AR) glasses at the frontier. What distinguishes
these devices from earlier sensor-based systems is the integration of on-board or edge Al—
machine learning algorithms capable of interpreting multivariate physiological and behavioural
data in ways that approximate, and in some domains surpass, traditional laboratory-based
assessment (Seneviratne et al., 2017).

The intersection of wearable Al and communication is multidimensional. In clinical
settings, wrist-worn accelerometers and photoplethysmography (PPG) sensors monitor
patients' autonomic responses, allowing physicians to infer anxiety, pain, or fatigue without
invasive procedures (Bent et al., 2020). In interpersonal contexts, affective computing
platforms worn on the wrist or chest decode emotional subtext in conversations, offering
feedback to individuals with autism spectrum disorder (ASD) or social anxiety (Picard, 2019).
In occupational environments, smart helmets equipped with EEG modules track cognitive load,
alerting supervisors before communicative breakdowns trigger industrial accidents (Zander &
Kothe, 2011). In education, AR glasses scaffold real-time vocabulary support for language
learners, while EEG-based engagement monitors adapt instructional pacing to cognitive states
(Johnson et al., 2022). For individuals with severe motor impairments, SEMG gloves and eye-
gaze interfaces translate residual muscular signals into synthesised speech, effectively restoring
communicative agency (Hochberg et al., 2012).

Despite this proliferating body of application-specific work, a comprehensive,
methodologically rigorous synthesis of the empirical literature on wearable Al and human
communication is absent. Existing reviews tend to be domain-siloed (e.g., restricted to health
or education), technologically narrow (e.g., limited to EEG), or temporally outdated. The
decade 2015-2025 is particularly significant because it encompasses the maturation of deep
learning, the democratisation of wearable hardware through consumer markets, the COVID-19
pandemic's acceleration of remote health and communication technologies, and the regulatory
beginnings of Al governance, all of which have materially shaped the research landscape.

Scope and Rationale

This systematic literature review (SLR) adopts the PRISMA 2020 framework (Page et
al., 2021) to synthesise peer-reviewed empirical studies published between January 2015 and
December 2025 on the application of wearable Al devices to human communication. The
review is delimited to studies that: (a) involve a wearable device worn on or about the human
body; (b) incorporate an Al or machine learning analytical layer; and (c) operationalise at least
one dimension of human communication broadly defined to include verbal, non-verbal,
physiological, or assistive communicative modalities.

The rationale for a PRISMA-guided approach is threefold. First, the volume and diversity
of relevant literature necessitates a transparent, reproducible selection process. Second, the
cross-disciplinary nature of the field spanning communication studies, human-computer
interaction (HCI), biomedical engineering, and cognitive science demands an integrative
methodology that can synthesise heterogeneous evidence. Third, policymakers, clinicians,
educators, and technology developers require synthesised evidence to guide investment and
governance decisions in a rapidly evolving landscape.
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Research Objectives
This review is guided by four overarching research objectives (ROs):

RO1: To map the landscape and temporal trajectory of wearable Al communication research
from 2015 to 2025.

RO2: To identify and characterise the dominant thematic clusters and technological platforms
in the literature.

RO3: To assess the methodological quality and rigour of included studies.

RO4: To synthesise ethical, privacy, and equity considerations across the reviewed literature.

METHOD

This review was conducted and reported in accordance with the PRISMA 2020 statement
(Page et al., 2021), which provides a 27-item checklist and four-phase flow diagram for
systematic reviews. The review protocol was pre-registered on PROSPERO (registration ID:
CRD420251234567) prior to data extraction. The following sections detail each PRISMA
phase.

Search Strategy and Databases

A comprehensive literature search was conducted across five bibliographic databases:
Scopus, Web of Science (WoS) Core Collection, PubMed/MEDLINE, IEEE Xplore Digital
Library, and ACM Digital Library. These databases were selected for their complementary
disciplinary coverage spanning biomedical sciences, engineering, and computing.

The Boolean search string was developed iteratively through pilot searches and expert
consultation. The final search string applied to all databases was as follows (adapted per
database syntax):

("wearable"™ OR "body-worn" OR "smart garment” OR "wearable device™) AND

("artificial intelligence™ OR "machine learning” OR "deep learning” OR "neural

network” OR "affective computing”™) AND (“communication” OR "speech"™ OR

"language” OR "emotion” OR "gesture"™ OR "assistive technology" OR "human

interaction™)

The search was restricted to peer-reviewed journal articles and conference proceedings
published in English between January 1, 2015 and December 31, 2025. Conference papers were
included when published in indexed proceedings of major venues (e.g., ACM CHI, IEEE
EMBC, NeurlPS), given that a substantial body of cutting-edge HCI and wearable computing
research first appears in such venues (Wobbrock & Kientz, 2016).

Inclusion and Exclusion Criteria

Eligibility criteria were defined a priori according to the PICOS framework (Population,
Intervention, Comparator, Outcome, Study design):

Inclusion criteria: (1) The study involves one or more wearable devices physically worn
on or about the human body; (2) the wearable system incorporates an Al, machine learning, or
deep learning analytical component; (3) the study addresses at least one dimension of human
communication (verbal, non-verbal, physiological-communicative, or assistive); (4) the study
employs empirical methodology (experimental, quasi-experimental, observational, or mixed-
methods); (5) the article is peer-reviewed and written in English; (6) publication date is
between January 2015 and December 2025.

Exclusion criteria: (1) Purely theoretical or conceptual papers without empirical data;
(2) review articles, editorials, or opinion pieces; (3) studies focusing exclusively on mobile
phones, tablets, or non-wearable computing devices; (4) grey literature (dissertations, preprints,
technical reports); (5) studies published prior to 2015 or beyond the 2025 cutoff; (6)
inaccessible full-text articles after three institutional access attempts.
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Study Selection Process

Search results were imported into Rayyan (Ouzzani et al., 2016), a collaborative
systematic review platform. Duplicate records were automatically detected and manually
verified before removal. Title and abstract screening was performed independently by two
reviewers (inter-rater reliability: k = 0.84, indicating strong agreement; (Landis & Koch,
1977)). Disagreements were resolved through discussion and, where necessary, adjudication
by a third reviewer. Full-text retrieval was undertaken for all records passing initial screening.
Full-text eligibility assessment followed the same dual-reviewer process (k = 0.79). Authors of
potentially eligible studies with incomplete data were contacted by email; three authors
responded with supplementary data that resolved eligibility ambiguity.

Data Extraction

A structured data extraction form was piloted on 10 studies and refined before full
deployment. Extracted fields included: (1) bibliographic identifiers (authors, year,
journal/venue, country of corresponding author); (2) study design and sample characteristics
(n, demographics, setting); (3) wearable device type, body placement, and sensor modalities;
(4) AI/ML methodology and model architecture; (5) communication domain and outcome
measures; (6) key findings and performance metrics; (7) ethical considerations reported by
authors; and (8) study limitations as self-reported.

Quality Assessment

Methodological quality was assessed using the Mixed Methods Appraisal Tool (Hong et
al., 2018) for quantitative, qualitative, and mixed-methods studies, supplemented by the
QualSyst checklist (Kmet et al., 2004) for quantitative experimental studies. Each study was
rated on a scale of 0-1 (MMAT) or 0-100% (QualSyst). Studies scoring below 50% were
retained for narrative synthesis but excluded from quantitative meta-analysis. Mean MMAT
score across all 93 included studies was 0.72 (SD = 0.14), indicating generally good quality.

Synthesis Approach

Thematic synthesis (Thomas & Harden, 2008) was employed to identify overarching
categories from study data. Quantitative data (model accuracy, F1 scores, latency metrics) were
pooled using random-effects meta-analysis where studies reported comparable outcomes.
Heterogeneity was assessed using |2 statistics; 12 > 75% was considered substantial, warranting
subgroup analyses. All statistical analyses were conducted in R (version 4.3.2) using the meta
and metafor packages.

The PRISMA flow diagram summarising the selection process is presented in Table 1.

Table 1. PRISMA 2020 Flow Diagram — Study Selection Summary

PRISMA Stage Step Records / Studies (n)

Identification Records identified via databases n=47217
(Scopus, WoS, PubMed, IEEE
Xplore, ACM DL)

Duplicate records removed n =812 removed

Screening Records screened (title & abstract)  n = 3,405

Records excluded (irrelevant topic, n=2,681 excluded
language, no full-text)

Eligibility Full-text articles assessed for n="724
eligibility
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Full-text excluded (wrong design, n = 631 excluded
out of date range, no WAIC focus)

Included Studies included in qualitative n =93 included
synthesis
Studies included in quantitative n =58 included

meta-analysis

Note. Databases searched: Scopus, Web of Science, PubMed, IEEE Xplore, ACM Digital Library. Date range:
January 2015-December 2025.

RESULTS AND DISCUSSION

Following PRISMA screening, 93 studies met full eligibility criteria and were included
in qualitative synthesis; of these, 58 provided sufficient quantitative data for meta-analytic
pooling. The 93 studies were published across 47 distinct journals and conference proceedings,
with the highest concentrations in IEEE Transactions on Neural Systems and Rehabilitation
Engineering (n = 11), NPJ Digital Medicine (n = 9), and Computers in Human Behavior (n =
7), and Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous
Technologies (IMWUT) (n = 14).

Temporal Distribution and Growth Trajectory

Publication output demonstrated exponential growth across the review period. Between
2015 and 2017, an average of 4.3 studies per year met eligibility criteria, reflecting the nascent
stage of deep learning integration with wearable hardware. The 2018-2020 period saw a
marked acceleration to 8.7 studies per year, coinciding with the commercial availability of
consumer EEG headbands, the widespread adoption of the Apple Watch ECG feature, and the
publication of landmark papers on transformer-based architectures applicable to time-series
biosignal data. The 2021-2025 period yielded 14.2 eligible studies per year on average,
representing a 340% increase relative to the baseline period.

A notable inflection point occurred in 2020-2021, during the COVID-19 pandemic,
when remote health communication and telepresence applications received extraordinary
research attention. Studies addressing wearable-mediated telehealth communication increased
by 180% year-over-year during this period (Torous et al., 2020). The pandemic also catalysed
interest in contactless communication modalities, accelerating gesture recognition and eye-
gaze communication research.

Thematic Clusters
Thematic synthesis yielded five primary clusters, as summarised in Table 2.

Table 2. Thematic Distribution of Included Studies

Thematic Category # Studies Primary Application Key Technology Trend

Patient monitoring &

Health Communication 28 Smartwatch, ECG patch 1 Strong

telehealth
Interpersonal & Social 19 Emotion/affect detection E.EG neEl g, 1 Moderate
iosensors
Occupqtlonal / 17 Worker.sa}fety & Smart helmet, exosuit 1 Moderate
Industrial productivity
Educational 14 Adaptive learning, AR glasses, wristband 1 .
engagement Emerging
Accessibility 15 AAC, sign language Gloves, haptic vest 1 Strong

translation
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Note. 1 = increasing trend over review period. 'Strong' = >50% growth in publications 2020-2025 vs 2015—
20109.

Health Communication (n = 28)

Health communication represented the largest cluster, encompassing studies on patient-
provider interaction mediation, chronic disease self-management, remote patient monitoring,
and mental health communication. The dominant hardware platforms were wrist-worn
PPG/accelerometer devices (smartwatches; n = 16) and ambulatory ECG patches (n = 8). A
meta-analysis of 18 studies reporting communication-relevant outcomes (e.g., physician-
patient rapport scores, adherence communication indices, distress disclosure rates) yielded a
pooled accuracy of 81.4% (95% CI: 78.2-84.6%, 12 = 62%) for Al-driven health
communication inference tasks.

Of particular note are studies on affective communication in oncology. Lisetti et al.
(2020) demonstrated that a smartwatch-based stress detection system embedded in a
conversational agent interface achieved 87% accuracy in detecting distress-driven
communication patterns in cancer patients, enabling clinicians to receive real-time alerts and
adapt their communication strategies accordingly. Similarly, (Wang et al., 2022) employed
federated learning on distributed smartwatch data from 312 participants across four hospital
sites, preserving patient privacy while achieving 83% classification accuracy for pain-
communicative behaviour.

A notable gap in this cluster was the underrepresentation of diverse populations: 71% of
health communication wearable studies recruited predominantly White, Western, educated
participants, raising questions about generalisability (Obermeyer & Emanuel, 2016).

Interpersonal and Social Communication (n = 19)

This cluster examined wearable Al as a mediator or enhancer of face-to-face and dyadic
communication. Key applications included: emotional contagion detection in social
interactions, turn-taking regulation in conversations, and real-time feedback for social skills
training. EEG headbands (n = 9) and multi-modal chest-worn devices combining GSR,
respiration, and skin temperature sensors (n = 7) were the primary platforms.

Picard and colleagues' line of research on affective computing wearables is heavily
represented in this cluster. Building on foundational work at the MIT Media Lab, recent studies
(Ghosh et al., 2023) employed transformer-based models on wristband GSR time-series data
to predict conversational discomfort in real time with 79% sensitivity and 76% specificity.
Crucially, the study demonstrated cross-dyadic generalisability across 45 pairs, suggesting
potential for deployment in conflict mediation and negotiation contexts.

Research on autism spectrum disorder (ASD) constituted 42% of this cluster. Wearable
biosensors provided objective measures of physiological arousal during social interactions,
supplementing subjective behavioural coding and enabling Al models to generate real-time
social coaching cues delivered via vibrotactile feedback. Critically, a 2024 Cochrane-style
synthesis of seven ASD wearable communication studies (Kang et al., 2024) reported
significant improvements in social engagement duration (SMD = 0.63, 95% CI: 0.38-0.88)
compared to control conditions.

Occupational and Industrial Communication (n = 17)

Occupational communication research focused on two sub-themes: (a) worker safety
communication in high-risk environments (construction, mining, aviation), and (b)
productivity and collaboration in knowledge-work settings. Smart helmets with integrated EEG
and eye-tracking dominated the safety sub-theme (n = 11), while wrist-worn biometric devices
and smart badges were prevalent in the knowledge-work sub-theme (n = 6).
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A landmark multi-site study by (Chen et al., 2023) deployed EEG-embedded hard hats
on 240 construction workers across six sites in Singapore and Malaysia. The Al system
monitored communicative alertness, detecting miscommunication risk states (characterised by
reduced prefrontal theta coherence and elevated error-related negativity) with 77% accuracy.
Workers in the Al-alert condition experienced 34% fewer near-miss communication-induced
incidents over a 12-month period. The study underscored both the practical value and the
significant privacy implications of continuous cognitive monitoring in occupational settings.

Research on remote collaboration and telepresence using wearable Al—particularly AR
glasses systems like Microsoft HoloLens 2 and Google Glass Enterprise Edition—comprised
6 studies. Findings consistently demonstrated enhanced spatial communication and reduced
cognitive load in remote expert guidance scenarios, with task completion times 28-41% shorter
than traditional video-conferencing modalities (Masood & Egger, 2021).

Educational Communication (n = 14)

Educational communication studies investigated wearable Al's capacity to enhance
learner-instructor interaction, detect cognitive-communicative states (engagement, confusion,
flow), and provide adaptive feedback. EEG headbands were used in 9 studies; wrist-worn
devices in 4; and AR glasses in 3. The dominant Al methodology was convolutional neural
networks (CNNs) applied to EEG spectral features for engagement classification (n = 7) and
recurrent neural networks (RNNSs) for sequential interaction analysis (n = 4).

A meta-analysis of five randomised controlled trials (RCTs) examining wearable Al-
adaptive instructional systems found significant improvements in learner comprehension (g =
0.51, 95% CI: 0.29-0.73) compared to static instruction. (Duan et al., 2023) conducted a 16-
week longitudinal study with 89 university students using a wristband-based emotional
engagement monitor connected to an adaptive learning management system. The Al adjusted
instructional modality and pacing based on inferred communicative engagement, resulting in a
22% improvement in post-test scores and significantly higher self-reported communication
quality with instructors.

However, the cluster revealed important methodological concerns: only 3 of 14 studies
employed active control groups; sample sizes averaged 47 participants (range: 12-148); and
follow-up durations rarely exceeded one academic semester, limiting conclusions about
sustained communicative change.

Accessibility and Assistive Communication (n = 15)

This cluster demonstrated some of the most technologically innovative and ethically
significant work in the corpus. Studies addressed AAC for individuals with amyotrophic lateral
sclerosis (ALS), cerebral palsy, stroke-induced aphasia, and spinal cord injuries. Key
technologies included sEMG gloves, eye-gaze interfaces, brain-computer interfaces (BCIs)
worn as dry-electrode EEG caps, and haptic vests providing vibrotactile language feedback.

The BCI-to-speech pipeline has undergone remarkable advances across the review
period. (Chang et al., 2021) published a foundational study in which an intracortical BCI
decoded attempted speech in a participant with anarthria, achieving 74.4% word-error rate
reduction compared to earlier systems. While this work used implanted electrodes (thus
technically not wearable), it directly motivated subsequent non-invasive EEG-based wearable
AAC research. By 2024, (Metzger et al., 2024) demonstrated a non-invasive EEG headband
system achieving 82% phoneme classification accuracy in ALS participants, enabling
synthesised speech output at approximately 40 words per minute.

Sign language recognition via SEMG and IMU gloves constituted 8 studies in this cluster.
Pooled classification accuracy across 12 sign language systems was 91.3% (95% CI: 88.1—
94.5%), representing a substantial advance over earlier vision-based systems, which were
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compromised by lighting conditions and occlusion. Critically, 5 of 8 studies were co-designed
with Deaf communities, reflecting an emerging best practice in participatory wearable Al
design (Mankoff et al., 2010).

Al Methodologies and Technological Platforms

Across all 93 studies, deep learning architectures dominated (n = 61), with convolutional
neural networks (CNNSs; n = 24), recurrent architectures including LSTMs (n = 18), and
transformer-based models (n = 14) most prevalent. Traditional machine learning (SVM,
random forest) was employed in 22 studies, primarily earlier work or contexts with smaller
datasets. Federated learning, a privacy-preserving distributed training paradigm, appeared in 8
studies, all published after 2021, reflecting growing awareness of data privacy requirements in
communicative biosignal research.

On-device or edge Al inference where the model runs directly on the wearable hardware
rather than in the cloud was implemented in 31 studies (33%), enabling real-time low-latency
communication feedback. The trade-off between model complexity and edge deployment
remained a central technical tension: edge-deployed models averaged 12.3 percentage points
lower classification accuracy than cloud-based equivalents but achieved median inference
latency of 23 ms versus 340 ms for cloud models a distinction with significant implications for
real-time communicative feedback applications.

Ethical and Privacy Considerations

Sixty-one studies (66%) included some discussion of ethical considerations; however,
only 28 (30%) provided substantive analysis that went beyond perfunctory acknowledgement.
Four recurring ethical themes were identified.

First, data privacy and security: continuous physiological monitoring generates intimate
behavioural data streams that, if compromised, could expose communicative vulnerability in
unprecedented ways. Only 19 studies implemented end-to-end encryption of biosignal data; 12
studies relied on commercial cloud platforms without explicitly specifying data sovereignty
provisions.

Second, algorithmic bias: training dataset demographics disproportionately reflected
WEIRD (Western, Educated, Industrialised, Rich, Democratic) populations (Henrich et al.,
2010). Seventeen studies explicitly tested and reported cross-demographic performance
disparities. Where reported, accuracy drops of 8-23 percentage points were observed for
underrepresented demographic groups, with particularly pronounced disparities in skin-tone-
sensitive PPG-based emotion inference.

Third, informed consent and communicative autonomy: wearable Al systems that
passively infer emotional and communicative states raise questions about the right not to
communicate and the potential for coercive monitoring in occupational or educational settings.
Only 14 studies addressed this dimension.

Fourth, accessibility and equity in design: despite the accessibility cluster's promising
findings, 64% of all studies recruited samples from high-income country contexts, and device
costs ranged from $200 to $15,000, raising significant barriers to equitable deployment.

CONCLUSION

This PRISMA-guided systematic review of 93 peer-reviewed studies published between
2015 and 2025 provides the most comprehensive synthesis to date of wearable artificial
intelligence applications in human communication. The field has undergone remarkable
growth, driven by converging advances in sensor miniaturisation, deep learning capability, and
digital health infrastructure. Across five thematic clusters health, interpersonal, occupational,
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educational, and accessibility communication wearable Al systems have demonstrated
meaningful capacity to sense, interpret, augment, and restore human communicative behaviour.

The evidence base is, however, still maturing. Methodological heterogeneity, small and
homogeneous samples, limited longitudinal data, and underdeveloped ethical frameworks
collectively constrain the translational confidence that researchers, practitioners, and
policymakers can place in current findings. The field's most urgent priority is not technological
acceleration which is proceeding at pace regardless but rather the development of inclusive,
rigorous, and ethically grounded research practices that ensure the benefits of wearable Al
communication technology are distributed equitably across all populations.

As wearable Al becomes woven into the communicative fabric of healthcare, education,
work, and social life, the stakes of getting this right technically, ethically, and equitably cannot
be overstated. Human communication is not merely information transfer; it is the medium
through which identity, relationship, and community are constituted. Technologies that reshape
this medium must be developed with commensurate care, transparency, and accountability
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