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Digital Biomarkers of Stress and Anxiety: Assessing the Quality and
Diversity of Wearable Sensor Datasets

Georgia Kalitsi

SUMMARY

This thesis explores the rapidly evolving field of digital biomarkers, focusing on the use of wearable sensors for
the detection and monitoring of stress and anxiety. As the global burden of mental health conditions increases,
wearable technology offers a transformative opportunity for the continuous, passive, and objective monitoring
of physiological states in real-world settings. However, despite the proliferation of research in this domain, the
field remains characterized by extreme heterogeneity. Datasets generated by various research groups often
utilize different hardware, sampling frequencies, and stress-induction methodologies, creating a harmonization
gap that prevents the development of generalizable, sensor-agnostic artificial intelligence models.

The theoretical foundation of this work is built upon the evolution of stress research, moving from traditional
clinical snapshots and biochemical markers toward modern autonomic nervous system monitoring. The research
identifies the core signals necessary for robust digital biomarkers via a systematic search, following the PRISMA
2020 statement, targeting peer-reviewed studies published over the last decade. This search, performed via
PubMed, identified 63 unique datasets which were then meticulously mapped based on their technical
specifications, cohort demographics, and accessibility.

Results indicate that the field of digital stress monitoring has transitioned from exploratory studies to an era of
intensive data collection driven by the maturation of wearable technology, yet it remains hindered by significant
data accessibility barriers and a persistent reliance on controlled laboratory environments over real-world
settings. While physiological sensing is anchored by modalities like Electrodermal Activity (EDA), heart rate, and
accelerometry, there is a clear shift toward higher-dimensional datasets and a strategic preference for more
robust, motion-resistant signals in "in-the-wild" applications to ensure ecological validity. Despite the
standardization of laboratory stressors and the frequent use of self-reported metrics for annotation, the extreme
heterogeneity in hardware and methodologies has created a harmonization gap that prevents the fusion of these
disparate data sources.

To address this, the thesis proposes a 7-Tier Harmonization Roadmap as a structured, hierarchical framework to
integrate heterogeneous data and bridge the gap between technical interoperability and physiological
compatibility across diverse sensing ecosystems. While the study is limited by its primary focus on PubMed-
indexed literature and the inherent inconsistencies in "ground truth" labeling across different studies, it provides
a foundational strategy for the scientific community. The work signifies a shift from sensor-specific silos toward
a unified data ecosystem. Ultimately, this thesis argues that the future of reliable digital stress biomarkers
depends not on the creation of more isolated datasets, but on the systematic harmonization of existing resources
to build truly generalizable and clinically relevant diagnostic tools.



Wndrakoi Blodeikteg yra Ayxwdelg Aratapaxec: AELloAdynon Mototntog
kot Etepoyévelag Aedopévwv and Popetoug AloOntripeg

rewpyia KaAiton

NEPINAHWH

H mapovoa Sotplpn Siepeuvad to Taxéwg eésdloodpevo nedio twv Pnolakwyv Blodelktwy, sotialoviag oth
XPNon GopETWV alodNTAPWY yla TNV avixveuon Kal apokoAoUBOnon Tou OTPEeG Kal Tou ayxoug. Kabwg n
maykooula emiBdpuveon amnod nabnoelg tng Puxkng vysiag avfavetal, n texvoloyia twv GoPETWV CUOKELWV
TIPOOEPEL LA KOLVOTOUO EUKALPLA YLOL GUVEXH, TTABNTLKI KOL AVTIKELUEVLKN TapakoAouBnaon TG GUCLOAOYLKAG
KATAOTOONG TOU aTOHOU 0 ouvOnKeg KaBnuepwvng dpaoctnplotntag. Qotdco, To nedlo xapaktnpiletal amno
£€vtovn etepoyévela. Ta gUvoAa S£SOUEVWY TIOU TIAPAYOVTOL Ao SLOPOPETIKEG EPEUVNTIKEG OUASEC cuXVA
Xpnolpomolouv Stadopetikd UAWKO (hardware), cuxvotnteg SetypatoAndiog kot peBodoloyiec mpdkAnong
0TpeG, SNULOUPYWVTOC £va «XAOHO EVOPUOVIONG» TIOU €UmOSilel TNV OVAMTUEN YEVIKEUUEVWY HOVIEAWV
TEXVNTAC VvonUooUVNG, aveEApTNTWV amo Tov TUMo Tou alodntrpa.

H napouoa £psuva eTXELPEL TNV AMOTUNWON TNG ONUEPLVAG KaTAoTaonG o Slabéoiuo oUvola Sedopévwy Tou
adopoulv oe Pndlakolg BLodeikteg ya ayxwdelg SlatapaxEC HECO QMO MO CUCTNUATLK OVOLOKOTINGN TNG
BiBAoypadiag. H cuotnuatikn avalntnon akolouBnoe to MpwtokoAo PRISMA 2020 kol otOXeuoe o€
ETULOTNMOVLIKEG LEAETEG TTOU dnpootlelTnKav TNV Tedeutaia Sekaetia. H avalitnon, n onola mpaypatonotionke
otn Baon &edopévwv PubMed, avédelfe 63 povadikd ouvola &edopévwy, Ta Omolo. OTn CUVEXELM
xaptoypadnbnkav oxoAaoTika Me Pdon TG TeEXVIKEG Tmpodlaypadeg, Ta Snuoypadlkd otolxela Twv
CUUUETEXOVTWV Kal tn Suvatotnta npdoPfacng os autd.

Ta anoteAéopata Seiyvouv OtL to medio TnG Yndlakng mapakoAolBNoNG Tou oTpeC £XEL LeTaBel amo to otadlo
TWV OTOPASIKWVY SLEPELVNTIKWY UEAETWV OF HLO ETIOXN EVIATIKAG cUAAoyng Sedopévwy, wBoluevo amod tnv
wplipaveon Tng texvoloyiag twv dopeTwy cuokeuwy. Mapdia autd, n TPoodog mapeunodileTal and onUaAvIIKoUg
TiEPLOPLOOUC oTnV mpdcoPaocn ota dedopéva Kal amd pla cuvexr €dptnon oamd eAeyXOUEVA EPYACTNPLOKA
nepBAAlovTa Evavil Twv MPAYHATIKWY cuvOnkwv dlaBiwong. Evw n kataypadr) ¢pucloAoylKwy TAPAPETPWY
Baoiletal oe pebBodoug Omwg n nAektpodepuikn Spaoctnplotnta (EDA), o kapdlakog puBupdg Kot n
ETILTOYUVOLOUETPla, mapotnpsitol pa codng otpodpn mpoc moludidotota cUvola Sedopévwv Kal pla
OTPATNYLKI T(POTINGCN OE OAUATA TILO AVOEKTIKA 0 TTAPEUPBOAEC Ao TV Kivnon ylo eGAPUOYEG OE TIPAYUOTLKEC
ouvlnkec. Napd TNV TUTIOTIOINGN TWV EPYACTNPLOKWY TIAPAYOVTWY AYXOUC KAL TN GUXVA XProN UTIOKELUEVIKWY
avadopwy ylo TOV XAPAKTNPLOKO TOU OTPEG, N ETEPOYEVELX OTOV €EOTALOMO Kal T peBodoloyieg €xel
SnuLoupynoEL évol KEVO EVApPUOVLONG TIoU eUTTOSITEL TN CUYXWVEUOH QUTWV TWV 0VOUOLWY TINYWV SeS0UEVWV.

Mo TNV QVTLLETWITLON AUTOU Tou {NTHMOTOG, N SLaTPLPr MPOTEIVEL L TTPOCEYYLON EVAPUOVIONG. MPpOKELTAL yLO
£va SouNnUEVO, LEPAPXLKO TTAOLCLO YLOL TNV EVOWUATWON ETEPOYEVWY Se60UEVWY, TO OTIOLO YEDUPWVEL TO KEVO
HETAED TEXVIKAG OLOHAEITOUPYLKOTNTOG Kol ¢GUGCLOAOYIKAG oupPatotntag oe SLadopeTkd OLKOCUOTHMATA
oloOntpwv. Av kat n LeAEtn meplopiletal amd tnv otiacr tng otnv BLBAloypadia tng Bdong PubMed kat amno
TIC €yyeVelC OLOUVEMELEC OTOV TPOTO XAPAKTNPLOHOU Twv Sedopévwv (ground truth labeling), mapéxel pia
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BepeAlwdn OTPATNYLKA YlOL TNV EMLOTNUOVIKN Kowotnta. H epyaocia onuatodotel tn petaBacn amod
OTEYQAVOTIOLNUEVEG TIPOOEYYLOELG TTOU Paci{ovtol 0 CUYKEKPLUEVOUG OLloONTPEG POG £va eviaio olkooloThUA
Sebopévwy. Tedkd, n Statplpr umootnpilel OtL To HEAoV Twv aflomiotwy Pndlakwyv Plodelktwy otpeg Sev
g€aptatal and tn Snuioupyla MEPLOCOTEPWY UEUOVWHEVWY OUVOAWY SeSopévwy, aAAd amod Tn CUOTNATIKA
EVAPUOVION TWV UTTAPXOVIWYV TTOPWV YLOL TNV OLKOSONGN TIPAYUATIKA YEVIKEUUEVWY KAl KAVIKA a€LOTIOLOLUWY
SLOYVWOTIKWY epyoAeiwv.
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Chapter 1| Introduction

The global burden of mental health conditions has reached unprecedented levels, with stress and anxiety
serving as primary contributors to long-term morbidity and reduced quality of life. Traditional clinical
assessment of these conditions has historically relied on episodic, snapshot evaluations, such as clinical
interviews and retrospective self-report questionnaires. While these methods are scientifically validated, they
are often limited by recall bias and the "white coat" effect, where the clinical environment itself acts as an
extraneous stressor. Furthermore, these methods fail to capture the dynamic, fluctuating nature of
physiological stress responses as they occur in a participant’s natural environment.

The rapid proliferation of wearable technology devices has led in a massive generation of physiological data,
primarily aimed at stress and anxiety detection. Nevertheless, the current research environment is
characterized by extreme heterogeneity. Existing datasets differ considerably in terms of hardware
characteristics, which ranges from medical-grade devices like Empatica E4 to various consumer-grade devices,
sampling frequency, and even methodology for inducing stress, ranging from subjective self-reports to
objective task-based labeling.

Despite the proliferation of research and data generation, the field of digital stress monitoring is currently
characterized by extreme heterogeneity. Existing datasets differ considerably across several critical
dimensions:

- Hardware Specifications: Devices range from high-fidelity medical-grade sensors like the Empatica E4
to various consumer-grade wearables with varying sensor sensitivities.

- Technical Parameters: There is a significant lack of standardization in sampling frequencies and data
formats.

- Methodological Frameworks: Researchers utilize a wide array of stress-induction protocols and
"ground truth" labeling methods, spanning from standardized laboratory tasks to diverse
psychometric scales.

This fragmentation has created a significant "harmonization gap". Most current predictive systems are
developed using isolated, small-scale datasets, resulting in "sensor-specific" models that lack generalizability
across different devices, populations, or real-world settings. Without a structured approach to data
harmonization, the ability to fuse these disparate data sources into a unified diagnostic ecosystem remains
unfulfilled.

The primary goal of this research is to systematically map and analyze the existing landscape of wearable
sensor datasets for stress and anxiety to address the critical fragmentation within the field. By identifying the
technical and methodological gaps that currently hinder data integration, this study aims to provide a
structured strategy for the development of hardware-agnostic digital biomarkers.

To achieve this, the study employs a rigorous methodology based on the PRISMA 2020 statement for
systematic reviews to identify relevant datasets and assess based on a multi-dimensional criteria set, including
hardware specifications, physiological modalities, sampling frequencies, and cohort characteristics.

The ultimate objective of this work is to conceptualize a roadmap towards data harmonization to facilitate the
creation of more robust, scalable, and clinically relevant monitoring tools for anxiety disorders.



Chapter 2| Background

The scientific exploration of stress has evolved from fundamental physiological observations to digital
monitoring. The foundations of this field were established in the early 20th century by Walter Cannon [1],
whose work revolutionized the understanding of human emotion. Utilizing early fluoroscopic X-ray
technology, Cannon observed that emotional agitation in animals, such as fear or rage, resulted in the
immediate cessation of gastrointestinal peristalsis. This led him to introduce the seminal concept of the "fight-
or-flight" response, emphasizing the critical role of the sympathetic nervous system (SNS) and the
sympathetic-adrenal System (SAS) in maintaining homeostasis. Cannon ultimately proved that emotional
stress has a measurable biological cost by showing how the body redirects energy away from non-essential
functions to prioritize survival.

Hans Selye subsequently formalized the term "stress" through the General Adaptation Syndrome [2]. This
model describes a triphasic physiological response consisting of alarm, resistance, and exhaustion. Selye’s
research elucidated the pathological effects of chronic exposure to systemic stressors, whereas Cannon’s work
focused on immediate, acute reactions to emergencies. Selye's later work highlighted the impact of prolonged
Hypothalamic-Pituitary-Adrenal (HPA) axis activity and its role in “diseases of adaptation." He provided a
definitive link between sustained mental pressure and physical wear-and-tear, a concept now closely
associated with allostatic load [3].

Stress assessment was historically confined to laboratory environments and relied on biochemical markers
like salivary or serum cortisol, alongside subjective self-reporting [4]. These methods are scientifically
validated but remain limited by the "white coat" effect, where the clinical setting itself acts as an extraneous
stressor. Furthermore, these "snapshot" measurements fail to capture the dynamic, fluctuating nature of
stress in a participant’s natural environment.

The shift toward psychophysiology in the late 20th century facilitated the non-invasive measurement of
autonomic nervous system (ANS) responses using ECG and EDA. The wearable technology revolution has now
bridged the gap between the laboratory and daily life. This emerging paradigm, known as Digital Phenotyping,
enables the passive and continuous quantification of stress responses in real-world settings. It effectively
translates human behavior into a data-driven clinical reality [5,6].

2.1. Stress, anxiety and panic: key concepts and definitions

2.1.1. Stress

According to the World Health Organization, stress is described as a state of mental tension or worry triggered
by challenging situations [7]. It is a natural human response that helps individuals cope with threats or
difficulties in daily life. Stress can be categorized into two types based on its duration: acute and chronic. Acute
stress refers to short-term stress reactions to immediate challenges or threats, activating the body’s “fight or
flight” response, which includes physiological changes such as elevated heart rate and the release of
adrenaline. In contrast, chronic stress results from prolonged exposure to ongoing stressors and can have
serious long-term consequences on both physical and mental health, including an increased risk of
cardiovascular diseases, anxiety, and depression [8].



Stress may also be classified according to its source or nature, such as psychological, environmental, or
physiological stress. It is a common experience that affects everyone to varying degrees [7].

In the Medical Subject Headings (MeSH) system, stress is categorized under “Stress Disorders, Traumatic,
Acute”, which is defined as a class of stress disorders characterized by dissociative symptoms that appear
shortly after experiencing extreme trauma. These symptoms must resolve within one month; otherwise, the
condition is classified as post-traumatic stress disorder (PTSD) [9]. The National Institute of Mental Health
defines stress as a reaction to an external event, noting that it typically subsides once the triggering situation
has passed [10].

2.1.2. Anxiety and Anxiety disorders

Generally, anxiety is a feeling of fear, dread and uneasiness [11]. It is characterized by feeling of tension and
physical changes like increased heart rate and sweating. Anxiety can be mild or severe, and it can be a
temporary reaction to stress or a more persistent issue. Anxiety can have many forms such as Generalized
Anxiety Disorder (GAD), panic disorder and Phobias. In MeSH, Anxiety is defined as ‘Feelings or emotions of
dread, apprehension, and impending disaster but not disabling as with ANXIETY DISORDERS’ [12]. Based on
National Institute of Mental Health, “Anxiety is an internal thing and it is your reaction to stress.” [10].

Anxiety disorders refer to a group of mental disorders characterized by feelings of anxiety and fear, including
panic disorder, phobias, social anxiety disorder and post-traumatic stress disorder (PTSD) [13]. In simple terms,
we could say that anxiety disorders are stress that continues after the stressor is gone. In MeSH, anxiety
disorders are defined as ‘Persistent and disabling ANXIETY’ [14]. Based on National Institute of Mental Health,
Anxiety disorders involve occasionally fear that doesn’t go away and could lead to severe problems. Types of
anxiety disorders are panic disorder and social anxiety disorder [15].

2.1.3. Panic

On MeSH tree, panic disorder is a subcategory of anxiety disorders. It is described as a condition characterized
by sudden, unexpected panic attacks that usually last several minutes but sometimes can last for hours. These
episodes are characterized by overwhelming fear or a sense of impending doom, often accompanied by
physical symptoms such as shortness of breath, dizziness, heart palpitations, trembling and a fear of losing
control [16]. According to the National Institute of Mental Health, panic disorder involves repeated,
unprovoked episodes of intense fear, commonly paired with physical symptoms including chest pain, rapid
heartbeat, difficulty breathing, dizziness, or gastrointestinal distress [15].

2.2. Assessment of stress, anxiety and panic

2.2.1. Clinical diagnostic frameworks

The clinical examination of stress and anxiety is a complex and multifaceted process. A thorough clinical
interview is the first step in the assessment process in clinical practice. Clinicians search for particular
symptoms of panic or generalised anxiety disorders, such as excessive worry, autonomic hyperactivity and a
persistent fear of future attacks. Structured interview protocols are typically used to assess a patient's history
of exposure to stressors. For this purpose, the "gold standard" is the Life Events and Difficulties Schedule
(LEDS) [17]. It entails a thorough, time-consuming interview in which a qualified expert evaluates the
significance and context of life events to ascertain whether they pose a long-term threat to the person. More



recent automated approaches, such as the Stress and Adversity Inventory (STRAIN), have been developed to
overcome the LEDS's time constraints. The STRAIN maintains high clinical utility while more effectively
measuring lifetime stressor exposure through the use of a computer-assisted structure [18].

Recognizing an individual's subjective response to a stressor as an essential part of the clinical examination is
often more important than the stressful event itself when determining their health outcome. This was shown
in longitudinal studies that examined high-stress populations (e.g. family caregivers), where individuals who
had a higher level of psychological burden and emotional strain were significantly more likely to experience a
decline in their physical health and die sooner than individuals with less psychological burden and/or
emotional strain [19]. As such, a clinical diagnostic evaluation is essentially a comprehensive synthesis of the
individual's objective health history, subjective experience with the stressor and their physiological (and/or
behavioural) reaction(s) to the stressful event, which will ultimately be the 'ground truth' on which all other
forms of monitoring technology will be evaluated against.

To ensure consistency and reliability in this complex evaluation, clinicians rely on established international
diagnostic frameworks that provide a standardized language for classifying these observations. The two
classification systems governing the diagnosis of stress-related conditions are the DSM-5 and the ICD-11.

The Diagnostic and Statistical Manual of Mental Disorders (DSM-5) [20] developed by the American Psychiatric
Association (APA), serves as a specialized diagnostic classification system for mental disorders. It provides
specific, detailed symptom clusters and duration criteria designed to assist clinicians in identifying distinct
disorders, such as generalized anxiety disorder (GAD) or panic disorder. The DSM-5 focuses on the descriptive
phenomenology of symptoms, facilitates precise clinical communication and provides a rigorous framework
for psychiatric research and the development of targeted treatment protocols.

In contrast, the International Classification of Diseases (ICD-11) [21], maintained by the World Health
Organization (WHO), is the global standard for health data, clinical documentation, and statistical reporting.
It is not limited to mental health but encompasses the entire spectrum of human morbidity. The ICD-11
provides a common international language that allows member states to monitor health trends and report
mortality and morbidity statistics. Regarding stress, the ICD-11 has further refined the classification of
"disorders specifically associated with stress," emphasizing the requirement that the clinical presentation be
directly linked to an identifiable traumatic event or chronic stressor.

2.2.2. Self-report questionnaires and diagnostic criteria

While structured interviews like the LEDS and STRAIN (discussed in the previous section) focus on the objective
exposure to life stressors and adversity, psychometric self-report instruments are used to quantify the
individual's subjective psychological response. These instruments are essential in digital health research for
providing "labels" for the physiological data captured by sensors. Some commonly used self-report
guestionnaires are summarized below.

Perceived Stress Scale (PSS) is a self-report with several questions that quantifies perceived stress. It assesses
how unpredictable and uncontrollable respondents find their lives. There are many variations of PSS based on
the number of questions, for example PSS4 has 4 questions [22]; however, the PSS-10 is widely used because
it has superior psychometric properties (reliability and validity) across various populations [23]. As an example,
some of the PSS questions are:

1. How often have you been upset because of something that happened unexpectedly?



2. How often have you felt that you were unable to control the important things in your life?

3. How often have you felt nervous and ‘stressed’?

4. How often have you felt confident about your ability to handle your personal problems?
Responses are typically recorded on a 5-point Likert scale (0 = Never to 4 = Very Often).

State-Trait Anxiety Inventory (STAI) measures two types of anxiety, state anxiety (S-Anxiety) and trait anxiety
(T-Anxiety). S-Anxiety is how someone feels this moment of time and T-Anxiety is how someone generally
feels. The questionnaire consists of 40 items, 20 of them for state anxiety and 20 for trait anxiety, and scoring
uses a 4-point Likert scale. Scores range from 20 to 80, and higher scores indicate greater anxiety [24].

Positive and Negative Affect Schedule (PANAS) questionnaire measures both positive affect (PA) and negative
affect (NA). PA assesses enthusiasm and alertness (10 items in questionnaire), while NA assesses distress,
anger and fear (10 items in questionnaire). The score is on a 5-point Likert scale, from 10 to 50 [25].

Self-Assessment Manikins (SAM) is a popular, non-verbal pictorial assessment tool, used to measure emotional
response like valence and arousal, in psychological research [26]. Participants rate how they feel about
something, like a video, image or situation on valence and arousal scales using the pictorial manikins. Because
it uses manikins rather than text, it is particularly useful in cross-cultural research or for reducing the cognitive
load of the participant during an experiment. It might also have numeric columns for valence and arousal
ranging from 1to 9.

The Pittsburgh Sleep Quality Index (PSQI), is a self-reported questionnaire that assesses sleep quality and
disturbances over a month interval, generating a global score from seven sub scores, such as sleep latency,
and duration, to differentiate ‘good’ from ‘poor’ sleepers [27].

NASA Task Load Index (NASA-TLX) is a subjective questionnaire that assesses perceived workload across six
dimensions — mental demand, physical demand, temporal demand, performance, effort and frustration — to
provide an overall workload score [28].

2.2.3. Stress induction methods

While clinical diagnostics and psychometric scales provide insight into a person’s baseline state or history,
experimental research requires the active elicitation of acute stress or panic under controlled conditions.
These induction protocols are essential for "ground truth" generation; they allow researchers to synchronize
wearable sensor data with a known, timed stimulus.

In laboratory settings, it is typically to induce stress using validated protocols designed to evoke consistent
and quantifiable stress reactions. One of the most well-known tests to induce stress is the Trier Social Stress
Test (TSST). The Trier Social Stress Test is a standardized laboratory protocol desighed to induce acute
psychosocial stress by exposing participants to a socially evaluative and uncontrollable situation, typically
involving a mock job interview and an arithmetic task performed in front of an unresponsive panel. This
method reliably triggers physiological stress responses, including activation of the hypothalamic—pituitary—
adrenal (HPA) axis and increases in cortisol levels [29].

Stroop Color and Word Test (SCWT) is a widely used neuropsychological measure of selective attention,
processing speed, and inhibitory control. It presents participants with color words printed in conflicting ink
colors, requiring them to inhibit the automatic tendency to read the word and instead name the ink color [30].



This interference reliably increases cognitive load and is commonly used to evaluate executive function and
cognitive stress.

An additional common way to induce stress in laboratory settings is the International Affective Picture System
(IAPS). IAPS is a standardized database of color photographs developed to provide emotionally evocative
stimuli for experimental research. The images are normed on dimensions of valence (pleasantness), arousal
(physiological activation) and dominance (perceived control) [31].

2.2.4. Stress, anxiety and panic biomarkers

While clinical diagnostic frameworks and psychometric scales provide essential snapshots of an individual's
mental state, they often rely on retrospective recall and subjective interpretation. Similarly, while laboratory
induction protocols offer a controlled environment for observing acute reactions, they may not fully capture
the complexity and chronicity of stress as it occurs in daily life. To bridge the gap between these clinical 'gold
standards' and the lived experience of the individual, research has turned toward biomarkers. These objective,
measurable physiological and behavioral indicators allow for the continuous monitoring of the stress response
in both controlled and free-living (real-world) conditions. By quantifying the body’s reaction through these
biomarkers, we can move from intermittent, subjective assessments to a more granular, real-time
understanding of how the human organism navigates environmental demands. To understand how these
indicators are captured and interpreted, it is necessary to distinguish between two primary categories: (1)
neuroendocrine biomarkers, which reflect hormonal changes in body’s chemistry, and (2) electrophysiological
biomarkers, which capture the immediate activity of the autonomic nervous system.

2.2.4.1. Neuroendocrine biomarkers

The physiological stress response involves the activation of neuroendocrine systems that help the body
maintain internal balance. When a stressor is noticed, the sympathetic-adrenomedullary (SAM) system is
rapidly activated, leading to the release of the catecholamines neurotransmitters: adrenaline and
noradrenaline from the adrenal medulla. These hormones prepare the body for the ‘fight or flight’ response
by increasing heart rate, blood pressure and respiration [32]. Afterwards, the hypothalamic-pituitary-adrenal
axis (HPA) is activated. The hypothalamus releases the corticotropin-releasing hormone (CRH) which
stimulates the pituitary gland to release adrenocorticotropic hormone (ACTH). Then ACTH acts on the adrenal
cortex and promotes the release of cortisol, the primary glucocorticoid responsible for regulating energy
balance and the metabolic response to stress [33].

After the onset of acute stress, cortisol levels rise significantly within 10-20 minutes enabling the body to
respond effectively to immediate challenges. However, chronic stress can lead to dysregulation of the HPA
axis, resulting in persistently elevated or blunted cortisol levels which are associated with adverse health
outcomes [34]. During panic attacks, these mechanisms are activated more abruptly leading to short-lived but
intense increases in catecholamines and cortisol.

In addition to these primary stress mediators, dehydroepiandrosterone (DHEA) acts as a counter-regulatory
hormone that balances the catabolic effects of cortisol and supports adaptation to stress. Higher DHEA levels
have been associated with greater resilience and reduced vulnerability to stress-related disorders [35].

Stress hormones can be measured using various biological samples depending on the duration and nature of
stress exposure. Blood and saliva are typically used for short-term assessments, while urine and hair provide
information on long-term exposure with hair cortisol reflecting cumulative hormone secretion over weeks or



months. More recently, advancements in biosensing technology have enabled the detection of cortisol and
related hormones in interstitial fluid and sweat, allowing for continuous, non-invasive monitoring through lab-
on-chip or lab-on-skin wearable devices [35]. Overall, hormonal indicators such as cortisol, adrenaline,
noradrenaline and DHEA serve as reliable objective biomarkers of stress and anxiety. They complement
physiological measures, including Heart Rate Variability (HRV) and EDA, providing a comprehensive
understanding of the body’s stress response [32—-36].

2.2.4.2. Biomarkers based on physiological data

During stress and anxiety, the body activates the autonomic nervous system (ANS), specifically the
sympathetic branch, triggering the ‘fight-or-flight’ response. This reaction occurs within seconds, as the
adrenal medulla releases catecholamines (epinephrine and norepinephrine). This leads to an increase in heart
rate and respiration, the diversion of blood flow away from the skin and toward the skeletal muscles, and
enhanced activity of the eccrine sweat glands. If the stressor persists, other neuroendocrine systems, such as
the HPA axis, help maintain alertness and energy, but the immediate physiological changes are dominated by
ANS activation. In the case of panic attacks, this response is more intense, typically peaking within minutes
and characterized by rapid heartbeat, shortness of breath, and heightened electrodermal activity [7, 8].

Physiological signals are widely employed in the study of stress and anxiety, as they provide measurable
indicators of these autonomic and behavioral responses. Commonly used signals include electrodermal
activity (EDA), electrocardiography (ECG), blood volume pulse (BVP), heart rate variability (HRV), skin
temperature, and accelerometer data. According to MeSH vocabulary, galvanic skin response (GSR) is a change
in electrical resistance of the skin caused by an emotional or cognitive event [36]. Electrodermal activity (EDA)
is a broader term of GSR that refers to changes in electrical activity of the skin, reflecting the functioning of
sweat glands in response to sympathetic activity of the autonomic nervous system [37]. Recent studies confirm
that higher-stress levels cause elevated electrodermal activity, making EDA a reliable biomarker for autonomic
nervous system activation [38].

Stress further impacts the cardiovascular system by reducing heart rate variability (HRV), suppressing
parasympathetic activity, and shifting the autonomic balance toward sympathetic dominance. A systematic
review [39], encompassing 37 studies on both acute and chronic stress, demonstrated that stress exposure is
consistently associated with a reduction in HRV, particularly in vagal-mediated components, which reflect the
activity of the parasympathetic nervous system (the "rest and digest" system). Specifically, the study
highlighted declines in RMSSD and HF-HRV metrics. The RMSSD (Root Mean Square of Successive Differences)
is a time-domain metric that quantifies the variance between consecutive heartbeats. It is considered the
primary marker of parasympathetic activity and is highly sensitive to the rapid, beat-to-beat changes regulated
by the vagus nerve. Also, HF-HRV (High-Frequency HRV) is frequency-domain measure (typically ranging from
0.15 to 0.40 Hz) that specifically captures the respiratory sinus arrhythmia—the heart rate's synchronization
with the breathing cycle. Like RMSSD, it serves as a reliable indicator of the body’s ability to inhibit stress
responses and maintain emotional regulation.

The electrical activity of the heart, recorded via an electrocardiogram (ECG), provides valuable information
regarding cardiac rhythm and the timing of the heart's internal conduction system [40]. Beyond the frequency
of beats, the morphology of the ECG signal offers deeper insights into the stress response. During acute
arousal, several key intervals undergo measurable changes: the PR interval (the time for an impulse to travel
from the atria to the ventricles) and the QRS complex (the duration of ventricular depolarization) typically



shorten as conduction speed increases. Conversely, the QTc interval, which represents the time required for
the heart to electrically "reset" or repolarize (corrected for heart rate), may become prolonged under stress.
These metrics, alongside the reduction in HRV, provide a high-resolution signature of the body’s physiological
reaction to cognitive or emotional demands. A comprehensive study for stress detection using ECG [41,42]
confirms that acute mental stress causes changes in ECG such as faster heart rate, shortened PR/QRS intervals,
prolonged QTc and lower heart rate variability HRV.

Accelerometer signals in all three axes provide behavioral context that enhances the reliability of stress
detection. Most modern wearables utilize 3-axis accelerometers to provide a full picture of motion in 3D space.
Accelerometer signals provide essential behavioral context; for instance, identifying whether a spike in heart
rate is due to physical exertion or psychological stress (fidgeting, pacing, or restless movements) [43].

The body’s response to stress involves significant hemodynamic shifts, most notably the regulation of blood
flow to the extremities. When the sympathetic nervous system is activated, it triggers peripheral
vasoconstriction, a narrowing of the blood vessels that reduces the volume of blood reaching the
microvascular tissue bed. These fluctuations in Blood Volume Pulse (BVP)—the rhythmic expansion and
contraction of vessels with each heartbeat—serve as a sensitive physiological marker for stress. Specifically,
acute stress typically results in a measurable reduction in BVP amplitude and a decrease in its variability
[39,44]. Photoplethysmography (PPG) is used to capture these internal changes non-invasively. A PPG sensor
operates by emitting light (often green or infrared) into the skin and measures the light that is either reflected
or absorbed by the blood vessels below. Because hemoglobin absorbs light, the amount of light returned to
the sensor fluctuates in direct proportion to the volume of blood present. Analysis of this optical BVP signal,
allows the calculation of the Inter-Beat Intervals (IBls), which provides the fundamental data needed to derive
Heart Rate Variability (HRV) metrics [45].

Finally, the peripheral vasoconstriction mentioned above not only reduces blood volume but also leads to a
decrease in skin temperature [45]. While skin temperature is a useful indicator of sympathetic arousal, it reacts
more slowly than EDA or HRV. Furthermore, skin temperature is highly susceptible to environmental ambient
temperature and physical activity, meaning it is most effective as a biomarker when analyzed in conjunction
with other signals to filter out external noise. In digital health monitoring, skin temperature during a high-
arousal event paired with an increase in EDA, can provide a robust multimodal signature for stress or panic.

The translation of these raw physiological signals into actionable insights requires advanced signal processing
and Artificial Intelligence (Al) [46]. Raw data from wearable sensors are often noisy due to motion artifacts
and environmental factors, necessitating filtration techniques and feature extraction to isolate stress-related
patterns. Machine learning (ML) and deep learning (DL) models are then employed to classify these features
into different levels of stress or to predict the onset of panic attacks. By training on large-scale datasets, Al
algorithms can identify complex, non-linear relationships between multimodal signals—such as the
simultaneous rise in EDA and drop in HRV—that are difficult to detect through traditional statistical methods.
These computational approaches enable the development of personalized "digital signatures," allowing for
predictive interventions and more accurate mental health monitoring in real-world settings.

2.3. Datasets to inform stress, anxiety, and panic research

In recent years, the rapid advancement of wearable technologies has resulted in an increasing number of
reviews attempting to unify the fragmented landscape of physiological data and artificial intelligence (Al)



applications in the field of mental health. These reviews are particularly valuable for identifying current trends,
technical limitations and gaps in data standardization that are the focus of this thesis.

A significant contribution to this domain was made by Juarez Pegueros & Rodriguez-Arce [47], who performed
a systematic review focusing on the physiological data used in stress and anxiety research. Their analysis of 47
datasets reaffirmed the fact that EDA and HR remain the most used physiological modalities. However, the
review also highlighted a notable scarcity of long-term, longitudinal datasets collected in "in-the-wild"
environments. Furthermore, the study revealed the fact that while the shift towards multimodal data is a
positive trend for the domain, the accessibility of the data and the absence of a "gold-standard" for ground
truth remain an issue for the comparative analysis of predictive models.

Shifting attention to the clinical and computational dimensions of wearable technology, Abd-alrazaq et al. [48]
conducted a scoping review examining the role of Wearable Artificial Intelligence (WAI) in the management
of anxiety and depression. While the authors highlight the transformative potential of Al in identifying digital
biomarkers for mental health conditions, they also raise the "black box" problem of the current machine
learning models. A key conclusion of the study is the need to have diverse populations of participants in the
study to avoid bias in the algorithms, a factor often not considered in small-scale studies conducted in the
laboratory. The authors argue that for WAI systems to achieve meaningful clinical utility, future research must
prioritize model transparency and the inclusion of diverse participant populations.

The broader integration of wearable data within the framework of digital phenotyping was further explored
by Choi et al. [49]. Through a systematic review, the study investigated the potential of using passive sensing
through both smartphones and wearable devices to monitor stress and mild depression symptoms. The
authors categorized digital features into three domains: physical activity, sleep patterns and social
interactions. Their findings show the importance of wearable-derived physiological signals in providing the
biological foundation necessary for constructing a comprehensive stress profile. The authors highlight the fact
that while smartphones can provide contextual information, the ability to continuously monitor the wearer
through wearable devices is essential to capture the subtle changes in the autonomic nervous system related
to changes in mental health.

Finally, the ecological validity of the datasets is discussed by Baka et al. [50] in their scoping review of digital
interventions for young people. Although the authors’ main interest lies in the promotion of mental health
and the prevention of mental disorders, the information they have on user engagement and ethical data
collection is useful for the curation of the datasets. The authors posit that the effectiveness of stress prediction
models not only lies in the accuracy of the sensors but also in the relevance and authenticity of the stressors
used during data collection. This aligns with the current understanding of the importance of using realistic
scenarios in the datasets to ensure the efficacy of digital interventions.

In summary, while these reviews successfully classify commonly used physiological signals and emerging Al
methodologies, there remains a clear lack of a systematic framework for harmonizing the diverse and
heterogeneous datasets currently used in the field. Most of the existing literature treats datasets as isolated
entities, limiting their interoperability and broader applicability. Addressing this gap, the present research
proposes a tiered roadmap for integrating heterogeneous datasets into a unified and interoperable diagnostic
ecosystem.

Data harmonization is the process of integrating disparate datasets into a unified and consistent format. This
procedure is essential in digital health research because wearable sensors often produce data with varying



sampling rates, different measurement units, and inconsistent metadata structures [51,52,53]. Researchers
perform harmonization through a series of technical steps, beginning with schema mapping to align data
variables and syntactic normalization to standardize file formats. They also apply semantic harmonization to
ensure that clinical labels, such as "stress" or "baseline," share a common definition across different studies.
This systematic alignment allows for the pooling of data from diverse hardware sources, transforming
fragmented raw signals into a large-scale, hardware-agnostic resource for machine learning analysis. By
harmonizing these digital biomarkers, the field can move past the limitations of individual, isolated datasets
toward more robust and generalizable stress detection models.

Current research is often siloed, with individual datasets failing to provide the diversity and scale required for
generalizable clinical models. This thesis addresses these challenges by systematically identifying and
categorizing existing datasets and defining a roadmap for integrating existing heterogeneous datasets into a
unified and interoperable ecosystem.
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Chapter 3] Methodology

This thesis follows a systematic literature review approach to evaluate the current landscape of wearable
sensor datasets for stress and anxiety. The research followed the PRISMA 2020 statement [54] to ensure a
transparent, reproducible, and structured approach to evidence synthesis. The dataset selection was
performed in two steps: first related publications were retrieved and screened to identify relevant datasets.
Then, widely used data repositories were searched to identify relevant datasets. The final collection of
datasets was screened using a set of selection criteria. The retained datasets were analyzed to extract
information related to bibliometrics and also information that can determine the potential and degree of
harmonization that can be achieved.

3.1. Data Information and search strategy

A structured search was conducted in PubMed to identify relevant studies reporting datasets on stress,
anxiety, and panic collected via wearable devices. PubMed is a free, publicly accessible database of biomedical
literature maintained by the USA National Library of Medicine. It provides access to citations, abstracts, and
some full-text articles from life sciences and medical journals [55]. The strategy used for PubMed search was
structured using a combination of MeSH terms and free-text keywords corresponding to three main concepts:
(1) stress or anxiety; (2) wearable devices and (3) machine learning and artificial intelligence. The query aimed
to identify studies for stress, anxiety and panic related datasets via wearable devices. The search was limited
to the last 10 years, so as to capture signals and datasets produced with current state of the art wearables.
The query is presented in Table 1. Systematic/scoping reviews identified via this query were further screened
and their reference lists were analyzed to identify additional studies.

Table 1. Query for PubMed search to identify publications using or mentioning data sets of stress, anxiety, and panic
physiological biomarkers collected via wearables.

Concept No Query
Stress, anxiety 1 ("Anxiety Disorders"[Mesh] OR "Stress Disorders, Traumatic, Acute"[Mesh] OR
and panic "Stress Disorders, Post-Traumatic"[Mesh] OR "anxiety"[tiab] OR "panic*"[tiab] OR

"stress*"[tiab])

AND (y_10[Filter])

Wearables 2 ("Wearable Electronic Devices"[Mesh] OR "Wearable*"[tiab] OR "smart
watch"[tiab] OR "smart watches"[tiab] OR ("smart"[tiab] AND "watch"[tiab]) OR
("galvanic"[tiab] AND "skin"[tiab]) OR "psychogalvanic"[tiab] OR
"electrodermal"[tiab])

AND (y_10[Filter])

Machine Learning 3 ("Machine Learning"[Mesh] OR "Prediction Methods, Machine"[Mesh] OR
and artificial "Pattern Analysis, Machine"[Mesh] OR "Neural Networks, Computer"[Mesh] OR
intelligence "machine learning"[tiab] OR "artificial intelligence"[tiab] OR "deep learning"[tiab]

OR "neural network"[tiab] OR "neural networks"[tiab])
AND (y_10[Filter])

Final query 4 (1) AND (2) AND (3)
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3.2. Eligibility criteria and literature selection process
The exclusion criteria for articles retrieved from PubMed included:
1. non-English;
2. without abstract;
3. notobtainable;
4

irrelevant based on title and abstract: the subject was not related to anxiety, stress, or panic studies
via physiological biomarkers; and

5. no mention of a dataset.

To allow seamless processing, articles were retrieved based on their PMID (the unique PubMed identifier) and
subsequently the PubData2XL online service [56] was employed to retrieve rich article metadata via the
PubMed application programming interface and export these to a csv (comma separated values) format for
easier analysis via Microsoft Excel® tool.

Initially, duplicates and corrigenda or errata were removed. Then, non-English publications and records
without an available abstract were excluded, as they did not allow for a reliable preliminary assessment.
Subsequently, the title and abstract were analyzed to remove articles irrelevant to the scope of this study, i.e.
articles irrelevant to stress, anxiety or panic studies using physiological biomarkers. Finally, the remaining
articles were fully analyzed to exclude those that do not report or mention in any way one or more datasets
of physiological signals related to stress, anxiety or panic.

3.3. Dataset identification and collection

The final set of articles were screened to identify and extract datasets. Datasets were considered both if they
were used in the particular study or if they were only mentioned and cited.

The dataset selection process was based on the following exclusion criteria:

1. Dataset not available, in the case the article did not provide explicit instructions or repositories for
dataset retrieval.

2. Datalabelling notrelevant, i.e. the data relates to stress, anxiety and panic biomarkers, but the dataset
does not provide correlation to stress, anxiety or panic. This involved filtering out datasets focused on
behavioral activities (e.g. smoking or physical exercise) or general affective states (e.g. happiness or
sadness), as these classifications fell outside the specific clinical and physiological scope of this
research.

3. Dataset includes only signals that are not compatible with current wearable technology, e.g.
magnetoencephalography or electroencephalography.

4. Dataset includes only signals collected via smartphone, while no wearable is employed.

The last two exclusion criteria ensured that the research remained grounded in wearable technology. We
excluded any dataset that did not feature at least one signal capable of being captured by a body-worn device,
such as a smartwatch, chest belt, or headband. While smartphones are often used in mobile sensing, we
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intentionally excluded them from our definition of wearables to focus strictly on sensors that maintain direct
or continuous contact with the body for biometric tracking.

3.4. Data extraction for harmonization assessment

A dedicated extraction form was developed to capture two primary categories of information: (1) bibliometric
and demographic data, and (2) technical signal characteristics and annotations.

The bibliometric and demographic data includes items such as the year of publication, the study population
(e.g., students, clinical patients, or healthy adults), the sample size, and the environmental setting (laboratory
vs. real-world/naturalistic). These variables allow for an assessment of the diversity and representativeness of
existing stress research.

The technical signal characteristics and annotation captures the hardware devices used, the specific types of
physiological signals recorded (e.g., EDA, HRV, BVP, skin temperature), and the corresponding sampling
frequencies. Furthermore, the extraction process identified the ground truth labeling methods, such as the
specific stress-induction protocols or the psychometric scales used for validation.

Finally, each identified dataset was evaluated to determine its harmonization potential. This assessment
focused on the technical compatibility of metadata, signal alighment, and label consistency across different
studies. This extraction phase provides the necessary framework for the development of a roadmap for data
harmonization, categorizing datasets based on their readiness for integration into a unified diagnostic
ecosystem.
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Chapter 4| Results

4.1. Study selection

The PubMed query presented in Table 1 was executed on 29 September 2025 and retrieved 483 articles, as
shown in Table 2.

Table 2. Results of the query for PubMed search to identify publications using or mentioning data sets of stress, anxiety,
and panic physiological biomarkers collected via wearables, on 29 September 2025.

No Query* Retrieved Records
(on 29.09.2025)

1 ("Anxiety Disorders"[Mesh] OR "Stress Disorders, Traumatic, Acute"[Mesh] 875,793
OR "Stress Disorders, Post-Traumatic"[Mesh] OR "anxiety"[tiab] OR
"panic*"[tiab] OR "stress*"[tiab])

AND (y_10[Filter])

2 ("Wearable Electronic Devices"[Mesh] OR "Wearable*"[tiab] OR "smart 45,200
watch"[tiab] OR "smart watches"[tiab] OR ("smart"[tiab] AND "watch"[tiab])
OR ("galvanic"[tiab] AND "skin"[tiab]) OR "psychogalvanic"[tiab] OR
"electrodermal"[tiab])

AND (y_10[Filter])

3 ("Machine Learning"[Mesh] OR "Prediction Methods, Machine"[Mesh] OR 346,959
"Pattern Analysis, Machine"[Mesh] OR "Neural Networks, Computer"[Mesh]
OR "machine learning"[tiab] OR "artificial intelligence"[tiab] OR "deep
learning"[tiab] OR "neural network"[tiab] OR "neural networks"[tiab])

AND (y_10[Filter])
4 (1) AND (2) AND (3) 483

Out of the 483 retrieved records, 43 were systematic/scoping reviews. These were screened based on the
exclusion criteria presented in Section 3.2 and 16 of them were retained for reference list analysis, which
yielded 324 additional articles. The collective pool of 764 primary research articles was screened as described
in Section 3.2 and the process is presented in the PRISMA flow diagram in Figure 1.

From those 764 articles, 74 duplicates were removed. Then, screening based on title and abstract excluded 1
article not in English, 1 article with no abstract, and 328 articles on topics not relevant to this study. From the
360 remaining articles, 144 were not obtainable and 23 did not mention a dataset.
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Figure 1. PRISMA flow diagram presenting the article selection process.
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The 193 retrieved articles resulted in a total of 201 different data sets for evaluation of eligibility. This
difference is due to the discovery of 8 additional data sets in the chosen literature, as the articles referred to
more than one independent experimental setting or data source. After removing duplicates, a total of 159
datasets were identified. A refinement process was then initiated to ensure data quality and relevance. Upon
attempting data retrieval, 68 datasets were found to be unavailable (e.g., broken links, restricted access, or
lack of author response), leaving 91 available for eligibility screening. These remaining datasets were then
evaluated against the core exclusion criteria presented in Section 3.3. We excluded datasets with irrelevant
labeling (those not mapping to stress, anxiety, or arousal), those consisting exclusively of smartphone data
(lacking direct biometric sensing), and those that did not feature at least one potentially wearable-measured
signal. This systematic filtering resulted in a final selection of 63 distinct datasets suitable for the objectives of
this study. The dataset identification process is shown via a PRISMA 2020 diagram in Figure 2.

Identification of Physiological Biomarker Datasets

Datasets identified from articles » Datasets removed before screening:
(n=201) Duplicates (n=42)

c
o
=
@©
(4]
= \ 4
= -
g Datasets retained » Datasets removed:
S (n=159) Unavailable (n=68)

\ 4

Datasets screened »| Datasets excluded :
b=° (n=91) Labelling irrelevant to stress,
'g anxiety or panic (n=5)
o Containing no signal potentially
8 measured via a wearable (n=4)
Containing signal measured only
via smartphones (n=19)

c \ 4
-% Datasets included
=] (n=63)
7]
=

Figure 2. PRISMA flow diagram for the identification of datasets related to
physiological biomarkers of stress, anxiety and panic.

The identified datasets and their characteristics are represented in Annex 1. In particular, Table 5 presents

datasets based on a unique ID given for this study, together with the dataset name and original citation.
Whenever there is no specific name for the dataset, only the citation is included. The table also lists the year
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of the dataset collection, and if this is not explicitly mentioned, the year of the publication. Access to the
dataset is mentioned as public (when the dataset is available as open access) or as restricted (if the dataset is
available only after contacting the authors or on payment). This table also lists information of the type and
size of the participants cohort who contributed signals. Information on the signal collection method is
included, differentiating between datasets with signals collected in a controlled laboratory environment as
opposed to real-world conditions. The method for recording stress levels is included, while the table lists the
signals included in each dataset, the wearables used to record theme and the file format in which the data are
available.

4.2, Datasets analytics

The 63 selected datasets were analyzed quantitatively to identify the prevailing trends and methodological
patterns in current wearable-based stress research. The dataset publication frequency is shown in Figure 3.
This analysis shows a transition from sporadic early studies to a modern era of intensive data collection. The
substantial increase in datasets from 2018 to 2022 reflects the maturation of wearable sensor technology and
the growing demand for multimodal affective datasets. The presence of five datasets for the year 2025 alone
demonstrates that real-time stress prediction remains an active research area, continuously evolving with new
wearables and diverse cohort descriptions. In terms of dataset accessibility, 52% (n=33) are restricted,
requiring formal requests or institutional approval, while the remaining 48% (n=30) are publicly accessible.
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Figure 3. A bar chart of the number of datasets generated or published per year over the last decade.

The analyzed datasets together with the signals included in each one are presented in Table 3. The signals are
grouped into six categories based on the system/function they are targeting:

1. skin related:
- electrodermal activity or galvanic skin response (EDA/GSR);
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- integrated skin excursion (ISE), a metric related to EDA and calculated by integrating the area
under the skin conductance curve;
- skin temperature (TEMP);

2. heart related:
- heart rate (HR);
- heart rate variability (HRV);
- inter-beat interval (IBl);
- electrocardiogram (ECG);
- RRinterval in the electrocardiogram (ECG-RR);

3. blood flow related:
- blood volume pulse (BVP);
- pulse rate variability (PRV);
- remote plethysmography (RPPG);
- peripheral capillary oxygen saturation (Sp0O,);

4. respiration related:
- respiration rate, as indicated by oxygen intake (RESP);
- breathing rate, as indicated by mechanical chest movement (BR);
- respiratory inductance plethysmography (RIP);

5. activity related:
- accelerometer data (ACC);
- electromyography (EMG);

6. other:
- electroencephalogram (EEG);
- eye movement (Eye);
- sleep quality (Sleep).

The frequency of signal appearance in the analysed datasets (as shown in the last row of Table 3) is plotted in
Figure 4.

In the signal classification process, the ECG signal was classified separately from the HR signal to distinguish
between raw bio-potential waveforms and derived metrics. While HR is often provided as a pre-processed
average through the algorithms of the proprietary devices, the ECG signal is provided as raw data, which is
high quality and allows the detailed extraction of complex features like Inter-Beat Intervals and morphology.
This distinction is vital for assessing the technical depth of each dataset and its suitability for diverse re-
processing and harmonization techniques.

Electrodermal activity (EDA/GSR) is the most prevalent signal, utilized in 63.5% of the studies, followed by
heart rate (42.9%) and activity (33.3%). Frequent signals are also skin temperature, electrocardiogram and
blood volume pulse, each appearing in 31.7% of the datasets. In contrast, more invasive or complex modalities
like EEG and respiration pattern are less frequent.

The number of signals incorporated in the datasets presented in Figure 5. A significant number of datasets
(~16%) include only one signal. Most datasets (~59%) include a small number of signals, namely 2-4, while the
remaining 25% of datasets include 5 or more signals.

18



Table 3. Signals included in each one of the analysed datasets. The signals are grouped into 6 categories: skin related,
heart related, blood flow related, respiration related and other.

Skin Heart Blood flow Respiratory Activity Other

& = ©

g S > o o BEEE Y - v 2 o o &
ID Dataset E 2 = % % o b e 5 g g & = % % 2 E ] ) %
1 Hongn et al. 2025 - StructuredSession [62] X X X X X X
2 SWELL [63] X X
3 Chen et al. 2023 [64] X X X X
4 Kim H, Kim M et al. 2023 [65] X X
5 WESAD [66] X X X X X X X X
6 Ding et al. 2022 [67] X X
7 Campanella et al. 2023 [68] X X X X
8 Moser et al. 2024 [69] X X

9 Elgendi et al. 2022 [70] X X
10 Xu et al. 2024 - Cares-eskin [71]

x
x
x
x

11 Tutunji et al. 2023 [72] X X X X X X
12 Couts, Plans et al. [73] X X X

13 Kader et al 2024 [74] X X X

14 Healey et al. 2005 -SRAD [75] X X X X

15 Dai et al. 2021 [76) X X

16 Velmovitsky et al. 2022 [77] X X

17 Meziati Sabour et al. 2021 - UBFC-Phys [78] X X X X X

18 Svoren et al. 2019 -Toadstool [79] X X X X X X

19 Birjandtalab et al. 2016 - NEURO [80] X X X X X

20 Haouij et al. 2018 - AffectiveROAD [81] X X X X X X X

21 Hosseini et al. 2022 [82] X X X X X

22 Mattingly et al. 2019- Tesserae [83] X X
23 Mevlevioglu et al. 2024 [84] X X X X

24 Ying Tsai et al. 2025 [85] X

25 Kim HG et al. 2024 [86] X X X X

26 Kenneth Y T Lim et al. 2024 [87] X

27 PASS [88] X X X X X X X

28 DASPS [89] X

29 DEAP [90] X X X X X X X

30 Magal et al. 2022 [91] X X X
31 EDPMSC [92] X

32 Sagastibeltza et al. 2023 [93] X

33 Lietal. 2024 [94] X X

34 SWEET [95] X X X X X

35 lhmig et al. 2020 -Spider [96] X X X

36 Igbal et al. 2022 - Stress-Predict [97] X X X X X X

37 Ngetal. 2022 [98] X X X X

38 Basaran et al. 2024 - MoodAware [99] X X

39 Georgas et al. 2025 [100] X

40 YAAD [101] X X

41 EDMSS [102] X

WRUBNNDEDRWOINRNBNDEWWNUURRPNRNDRMEIODWUNRRPWNRLRNRLRAERLRBNOUONUOOU NNDEWWOOPRNNSAENO®RNPSDN O No.ofSigals

42 Smerdov et al. 2020 - eSports [103] X

43 Smets et al. 2018 [104] X X X X X

44 Said Can et al. 2019 [105] X X X X X

45 Heussen et al. 2023-IT4Anxiety [106] X X

46 Quer et al. 2020 -Covid Collab Study [107] X X X
47 Shaukat-Jali et al. 2021 [108] X X X

48 Zontone et al. 2020 [109] X X X X

49 Papetti et al. 2025 [110] X X
50 Seehausen et al. 2025- DiPa [111] X X X X

51 Bin Heyat et al. 2022 [112] X X

52 Weerasinghe et al. 2023 [113] X

53 Zhang et al. 2023 [114] X X

54 K-EmoCon [115] X X X X X X

55 Perpetuini et al. 2021 [116] X X X

56 Gjoreski et al. 2017 - Chiron dataset [117] X X X X

57 MMASH [118] X X X X
58 Karl Moser et al. [119] X X

59 Hovsepian et al. 2015 - cStress [120] X X

60 Taamneh et al. 2017 [121] X X X X
61 Said Can et al. 2020 [122] X X X X X

62 Halim et al. 2020 [123] X

63 Ghiasi et al. 2020 - BrainBodyStress [124] X X X

No of apperances 40 1 20 27 17 6 20 1 20 1 3 1 6 1 1 21 3 13 3 5
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Figure 4. Frequency of signals in the analysed datasets. Left: bar chart with the signals sorted as in Table 3.
Right: bar chart with the signals sorted by descending frequency of appearance.
Different bar colours indicate different signal groups, as presented in Table 3.
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Figure 5. Number of signals incorporated in the datasets.
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Table 4 shows a list of commercial wearable devices used in the analyzed datasets. The Empatica E4 [57]
dominates the field, appearing in 22 studies, which confirms its status as the standard for research-grade
multimodal sensing. The rest of the wearables appear to be used in 4 or less studies each.

Table 4. Commercial wearable devices used to record signals in the analysed datasets.

Wearable Provider Frequency
Empatica E4 Empatica Inc. 22
Zephyr Bioharness Medtronic Plc 4
Emotiv EPOC / Insight (EEG) Emotiv Inc 3
Shimmer Sensor Shimmer Research 3
Samsung Galaxy/Gear Watch Samsung Electronics 2
NeuroSky MindWave NeuroSky, Inc. 2
Apple Watch Apple Inc. 2
Fitbit Watch Google LLC 2
Garmin Watch Garmin Ltd. 2
Muse Headband Interaxon Inc. 2
Polar (H7, Verity Sense) Polar Electro Oy 2

The stress assessment instruments used for data annotation in the analyzed datasets are presented in Table,
while Figure 6 presents a graph showing the frequency of instrument occurrence in the analyzed datasets.
Altogether, 27 different questionnaires have been identified, including stress self-reporting scales:

Beck: Beck Anxiety Inventory

BIS/BAS: Behavioral Inhibition System and Behavioral Activation System Scales

CFS: Chalder Fatigue Scale

CSAI: Competitive State Anxiety Inventory

DASS-21: Depression, Anxiety, and Stress Scale (21 Items)

DASS-21-C: DASS-21 Chinese version

DSI: Daily Stress Inventory

EMA: Ecological Momentary Assessment

EPDS: Edinburgh Postnatal Depression Scale

GAD: Generalized Anxiety Disorder Screening Tool

HAM-A: Hamilton Anxiety Rating Scale

LSAS-SR: Liebowitz Social Anxiety Scale - Self-Report

NASA-TLX: NASA Task Load Index

PANAS: Positive and Negative Affect Schedule Scale

PHQ-9: Patient Health Questionnaire-9

PSQl: Pittsburgh Sleep Quality Index

PSS: Perceived Stress Scale, based on the number of items, PSS-10, PSS-14, PSS-5

RAND-36: RAND 36-Item Health Survey
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RSME: Rating Scale Mental Effort

SAM: Self-Assessment Manikin Questionnaire
Self-report: generic self-reporting scale

SFS: Social Functioning Scale

SPSQ: Social Phobia Screening Questionnaire
SSSQ: Short Stress State Questionnaire

STAIl: State-Trait Anxiety Inventory

SUDS: Subjective Units of Distress Scale

TICS: Trier Inventory for the Assessment of Chronic Stress
VAD: Valence-Arousal-Dominance Model
VAS: Visual Analogue Scale

Self-report IEEE—— 1 O
STAI T 1 2
PSS m——— 1 1
SAM E——— 7
EMA eeessss—— 7
DASS-21 me—— C
NASA-TLX m——— 4
PANAS s 3
PSQl s 2
PHQ-9 mmm 2

VAS mm 1
VAD mm 1
TICS wm 1
SUDS mm 1
SSSQ mm 1
SPSQ mm 1
SFS mm 1
RSME mm 1
RAND-36 mm 1
LSAS-SR mm 1
HAM-A == 1
GAD mm 1
EPDS mm 1
DSI == 1
CSAI mm 1
BIS/BAS mm 1
Beck mm 1

Figure 6. Frequency of stress assessment instruments used in the analysed datasets.

Overall, the number of stress assessment instruments (questionnaires) in each study is shown in Figure 7.
Most studies (¥51%) use 1 stress assessment instrument, followed by a significant number (~19%) that use 2
stress assessment instruments. There is also a significant number of studies (~¥16%) that use no stress
assessment instrument, rather resort on objective laboratory measurements, e.g. via stress hormone
assessment.
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Figure 7. Number of stress assessment instruments (questionnaires) used in the analysed datasets.

Most data sets (69.4%) rely on laboratory environments to acquire data. This concentration is largely due to
the high degree of experimental control afforded by laboratory settings, allowing researchers to utilize high-
precision equipment and standardized stress induction protocols while minimizing confounding external
variables. In contrast, only 27,4% of the analysed datasets were acquired in real-world settings (in-the-wild).
These studies are critical for establishing ecological validity, as they capture physiological responses during
authentic daily stressors—such as workplace demands or urban driving—despite the inherent challenges of
increased signal noise and uncontrolled environmental factors. Finally, a marginal 3.2% of the datasets employ
a hybrid methodology. These studies typically initiate data collection using a controlled laboratory baseline
for calibration before transitioning participants to long-term monitoring in naturalistic settings. This
distribution underscores a significant opportunity for future research to expand upon 'in-the-wild' validation,
bridging the gap between controlled proof-of-concept models and robust, real-world mental health
applications.

Figure 8 shows the comparative use of some of the most prominently used signals in the analyzed datasets for
datasets collected in the laboratory and the real-world settings. In controlled laboratory settings,
electrodermal activity (EDA/GSR) is the most often used signal (48% of the datasets. Conversely, in real-world
settings a shift toward more robust signals is observed: heart rate (HR) and physical activity (ACC) are used,
most often together, to provide indicators of stress normalized to activity. Notably, more invasive or motion-
sensitive modalities, such as electroencephalography (EEG) and electrocardiography (ECG), see a drastic
reduction in field studies.
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Table 6. Stress assessment instruments used for data annotation in the analysed datasets.

ID Citation

Stress assessment instruments

Beck
BIS/BAS
CSAIl
DASS-21
DSl
EMA

EPDS
GAD
HAM-A
LSAS-SR

NASA-TLX

PANAS

PHQ-9

psal

PSS

RAND-36

RSME

SAM

SFS

SPsQ

sssQ

STAI

SUDS

TICS

VAD

VAS

1 StructuredSession [48]
2 SWELL [49]
3 Chen et al. 2023 [50]
4 Kim H, Kim M et al. 2023 [51]
5 WESAD [52]
6 Ding et al. 2022 [53]
7 Campanella et al. 2023 [54]
8 Moser et al. 2024 [55]
9 Anxiety Dataset 2022 [56]
10 Cares-eskin [57]
11 Tutunji et al. 2023 [58]
12 Couts, Plans et al. [59]
13 Kader et al 2024 [60]
14 SRAD [61]
15 Dai et al. 2021 [62]
16 Velmovitsky et al. 2022 [63]
17 UBFC-Phys [64]
18 Toadstool [65]
19 NEURO [66]
20 AffectiveROAD [67]
21 Multimodal Sensor Dataset [68]
22 Tesserae [69]
23 AnxietyDataset VR [70]
24 Ying Tsai et al. 2025 [71]
25 VR Stress Interview [72]
26 Kenneth Y T Lim et al. 2024 [73]
27 PASS [74]
28 DASPS [75]
29 DEAP [76]
30 Magal et al. 2022 [77]
31 EDPMSC [78]
32 Sagastibeltza et al. 2023 [79]
33 Lietal. 2024 [80]
34 SWEET [81]
35 Spider [82]
36 Stress-Predict Dataset [83]
37 Ngetal. 2022 [84]
38 Mood aware [85]
39 Georgas et al. 2025 [86]
40 YAAD [87]
41 EDMSS [88]
42 Multimodal eSports Dataset [89]
43 Smets et al. 2018 [90]
44 Said Can et al. 2019 [91]
45 [T4Anxiety [92]
46 Covid Collab Study [93]
47 Shaukat-Jali et al. 2021 [94]
48 Zontone et al. [95]
49 Papetti et al. [96]
50 DiPa [97]
51 Bin Heyat et al. 2022 [98]
52 Weerasinghe et al. 2023 [99]
53 Zhang et al. 2023 [100]
54 K-EmoCon [101]
55 Perpetuini et al. 2021 [102]
56 Chiron dataset [103]
57 MMASH [104]
58 Karl Moser et al. [105]
59 cStress [106]
60 Taamneh et al. 2017 [107]
61 Said Can et al. 2020 [108]
62 Halim et al. 2020 [109]
63 BrainBodyStress [110]
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Figure 8. The use of various prominent signals indicating stress in the laboratory (blue) and real-world (orange) settings.

The methods used to trigger stress responses in the analyzed datasets varied and are summarized in Figure 9.
Mental and Cognitive tasks are the most common techniques, making up 23.8% of the datasets, with puzzles
or logic-based games creating mental demand. Other common lab standards include mental arithmetic and
the Stroop color-word test (SCWT). These tests provide reliable stressors that easily sync with physiological
data collection.

Mental/Cognitive Task (Math, Stroop,

sudoku) Baa—— 18
Social/Evaluative Stress (TSST, MIST, 12
Interview) —_—
Real-World Tasks (Work/Driving) [ 112
Emotional/Visual Stimuli (Video, Pictures, 3
Daily Life/Ecological [N ©
Physical/Sensory Stress (Cold pressor, 5

Exercise, Noise) _
Other/Generic [N 4

Academic Stress [l 2

Figure 9. Stress inducing methods used in the analysed datasets.
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In addition to cognitive load, social-evaluative stress is also significant. This is mainly achieved through the
Trier Social Stress Test (TSST) or mock interviews, used in 19% of the studies to provoke stronger sympathetic
nervous system activation. There is also a notable use of affective/media stimuli (12.7%) and real-world
scenarios at 17.5%, which include activities like driving or monitoring at work. While lab methods like the TSST
offer strong internal validity, the rise in using natural stressors shows a trend towards capturing real-world
autonomic responses that more closely reflect everyday human experiences.

The analysed datasets present a diversity regarding participant backgrounds as shown in Figure 10. The largest
subgroup consists of students (engaged in 44.4% of the datasets), a common trend in the literature since the
academic community serves as the primary and most accessible pool for controlled laboratory experiments.
Workers are engaged in 25.4% of the datasets and the general healthy adult population (engaged in 19.0% of
the datasets). By including diverse professional groups—such as nurses, commercial drivers, and corporate
executives—the reviewed studies capture stress under authentic, high-stakes conditions. This inclusion shifts
the analytical focus from "artificial" laboratory-induced triggers to everyday occupational and environmental
pressures, providing a more pragmatic view of autonomic reactivity. Finally, a specialized segment of the
datasets (11.2%) engages patients or specific clinical groups, such as individuals in palliative care or those
diagnosed with clinical anxiety disorders.

patients or specific
clinical groups
11%

healthy adults

19% students

45%

workers
25%

Figure 10. Distribution of the population engaged in the analysed datasets.

A notable limitation identified across the majority of the analyzed datasets was that the participants were
mostly healthy adults under the age of 40. This demographic homogeneity, combined with relatively small
sample sizes per study, limits the generalizability of the findings to clinical populations, the elderly or
individuals with pre-existing conditions, highlighting the need for more diverse and large-scale datasets.

4.3. Potential for data harmonization

Data harmonization is the strategic process of integrating data from different sources — collected using
different methodologies, formats and devices — into a unified, consistent and cohesive dataset. According to
Cheng et al. [58], harmonization is not a simple merge of files, it is a transformation of data that ensures
comparability and analytical utility. In the field of wearable biosensors, harmonization enables us to perform
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a cross-analysis of the signals coming from different hardware types (e.g. Empatica E4 vs Shimmer), thus
eliminating technical differences. The literature of harmonization procedure [58] suggests a four-stage
theoretical framework for successful harmonization:

- Schema Mapping: Identifying common signals/variables (EDA, HR, ACC) across all datasets and aligning
them under a standardized naming convention.

- Data Cleaning & Standardization: Correcting data errors and converting units of measurement into a
universal system.

- Syntactic Harmonization: Employing signal processing methods such as down sampling or linear
interpolation, the varying sample rates can be reconciled, creating a common temporal resolution for
all signals.

- Semantic Harmonization: This step aims to harmonize the ground truth labels. This can be achieved,
for example, by transforming the heterogeneous stress metrics (such as STAI, Likert 1-5 and binary
stress/no stress) into a Unified Stress Index (USI).

Following the four-stage framework outlined above, this research proposes an indicative harmonization plan
that adopts a localization of overlap strategy, whereby studies are systematically classified into seven
hierarchical tiers according to their technical configuration and physiological compatibility. Rather than
treating heterogeneity as a limitation, this approach conceptualizes variability as a structured pathway toward
integration. In this way, the framework functions as a practical roadmap for consolidating diverse data sources
into a unified and scalable data ecosystem.

At the core of the hierarchy lies Tier 1, which represents the highest level of integrative potential. This tier
includes high-fidelity, multimodal datasets collected using the Empatica E4 device and containing the full
“tress triad: Electrodermal Activity (EDA), Heart Rate (HR), and Accelerometry (ACC). The strategy to be
adopted for the purpose of integrating the data sets is to use the syntactic form of data harmonization, where
the sampling rate is alighed to an equivalent resolution, such as 4Hz or 64Hz. The data sets can be integrated
to form the primary training set of high consistency for hardware-specific Al models.

Tier 2 extends integration within the same technological ecosystem but focuses specifically on electrodermal
monitoring. These datasets, also derived from the Empatica E4 platform, prioritize EDA without necessarily
including the complete triad of signals. Harmonization at this level centers on the refinement and validation
of skin conductance—based biomarkers. By concentrating on the physiological specificity of EDA, this tier
supports the development of robust stress indicators grounded in sympathetic nervous system activity.

Broadening the scope of the research, Tier 3 deals with studies that offer the "stress triad" but with hardware
diversity, including Shimmer, BioPac and consumer hardware. For this level, harmonization involves stringent
data standardization, including normalization and scaling methods, to account for manufacturer-dependent
sensor sensitivity.

Tier 4 addresses datasets that provide raw cardiac waveforms, such as electrocardiogram (ECG) or blood
volume pulse (BVP/IBI) signals. At this level, harmonization occurs at the feature-extraction stage. Universal
and validated algorithms must be applied to derive Heart Rate (HR) and Heart Rate Variability (HRV) metrics
from raw signals, thereby ensuring semantic compatibility with the preprocessed cardiac features available in
higher tiers. This process enables meaningful integration across datasets that differ in their degree of
preprocessing.
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The remaining tiers of the hierarchy deal with special validation issues. Tier 5 deals with univariate
electrodermal integration, using datasets that offer only EDA signals to validate the generalizability of the
features across different kinds of experimental stressors. Tier 6 deals with neurophysiological validation using
an EEG focus, which offers a view into the central nervous system responses that offer a high-level correlation
source for the peripheral responses offered by the other tiers. Tier 7 deals with basic cardiac monitoring using
datasets that offer only Heart Rate data as external "sparse data" test sets.

The pyramid structure is summarized in Figure 11. The top tier (Tier 1) represents datasets with maximum
technical alignment, while the broadening base illustrates the increasing complexity and heterogeneity of data
as we move toward sparse or single-signal sources. This hierarchy justifies why different signal processing
tactics (e.g., direct merging vs. feature extraction) are applied at different levels.

Tier

Figure 11. Pyramid of proposed harmonization tiers.

Figure 12 illustrates the quantitative distribution of the 63 datasets across the harmonization hierarchy.
Analyzed sets are plotted along the horizontal axis, while the vertical axis shows the various signals included
in each dataset presented in the same distinctive color per signal type for all data sets. Similarly, Table shows
a resorted list of the datasets, together with the signals they include — only the most commonly encountered
signals are considered. From these two alternative visual presentations of the datasets it can be easily derived
that signals related to electrodermal activity are the most common, and these datasets provide a first
opportunity for direct technical harmonization. Additionally, around 10 datasets include a good number of
common signals, thus providing the potential for wider harmonization into a larger dataset with more than
one signals.
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Table 7. A list of the datasets resorted to highlight the common signals encountered across the datasets. Only the most
commonly encountered signals are considered.

I
o

ID Dataset Name/Source Empatica E4 EDA/GSR ACC BVP/IBI ECG EEG

27 PASS [74]
21 Multimodal Sensor Dataset [68]
36 Stress-Predict Dataset [83]
18 Toadstool [65]
61 Said Can et al. 2020 [108]

1 StructuredSession [48]
11 Tutunji et al. 2023 [58]
56 Chiron dataset [103]

5 WESAD [52]
20 AffectiveROAD [67]
54 K-EmoCon [101]
26 Kenneth Y T Lim et al. 2024 [73]
53 Zhang et al. 2023 [100]
17 UBFC-Phys [64]
47 Shaukat-Jali et al. 2021 [94]
50 DiPa [97]

8 Moser et al. 2024 [55]

7 Campanella et al. 2023 [54]
58 Karl Moser et al. [105]
38 Mood aware [85]
44 Said Can et al. 2019 [91]
19 NEURO [66]
34 SWEET [81]
45 IT4Anxiety [92]

2 SWELL [49]
51 Bin Heyat et al. 2022 [98]
63 BrainBodyStress [110] X
35 Spider [82]
55 Perpetuini et al. 2021 [102]
48 Zontone et al. [95]
43 Smets et al. 2018 [90]
40 YAAD [87]

6 Ding et al. 2022 [53]

9 Anxiety Dataset 2022 [56]
14 SRAD [61]
23 AnxietyDataset VR [70] X X
15 Dai et al. 2021 [62] X
37 Ngetal. 2022 [84] X
16 Velmovitsky et al. 2022 [63]
33 Lietal. 2024 [80]

3 Chen et al. 2023 [50]

4 Kim H, Kim M et al. 2023 [51] X
59 cStress [106]
29 DEAP [76]
42 Multimodal eSports Dataset [89]
32 Sagastibeltza et al. 2023 [79]
39 Georgas et al. 2025 [86]
31 EDPMSC [78]
52 Weerasinghe et al. 2023 [99]
41 EDMSS [88]
28 DASPS [75]
25 VR Stress Interview [72] X
13 Kader et al 2024 [60] X
62 Halim et al. 2020 [109]
22 Tesserae [69]
46 Covid Collab Study [93]
30 Magal et al. 2022 [77]
10 Cares-eskin [57] X
12 Couts, Plans et al. [59] X
24 Ying Tsai et al. 2025 [71]
49 Papetti et al. [96] X
57 MMASH [104] X
60 Taamneh et al. 2017 [107] X X

>
>

X X X X X X X X X X X
X X X X X X X X X X X

X X X X X X X X X X X X X X X X X X X X

X X X X X X X X X X X X X X X X X X X X X X X X

X X X X X X
>

<
>

X X X X

X X X X
>
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Chapter 5| Discussion and Conclusions

This systematic review provided a comprehensive mapping of the current landscape in terms of the
physiological dataset for the study of stress and anxiety using wearable devices. From the technical and
methodological characteristics of 63 unique datasets identified using a rigorous PRISMA-based selection
process, several critical conclusions can be drawn regarding the state of the field and the trajectory it is likely
to take in the near future.

5.1. Key Findings

The systematic mapping of 63 unique datasets in this study reveals a research landscape for stress and anxiety
that is technically advanced yet fundamentally fragmented.

The temporal analysis of dataset publications reveals a field that has transitioned from sporadic exploratory
studies into a modern era of intensive data collection. The substantial surge in datasets produced between
2018 and 2022 reflects both the maturation of multimodal wearable technology and a burgeoning academic
demand for complex affective computing resources. This momentum persists into the present, with the
identification of multiple datasets from 2025 alone, underscoring that real-time stress prediction remains a
highly active and evolving research frontier. However, this growth is tempered by significant challenges in data
accessibility. More than half of the identified datasets (52%) remain restricted, requiring formal institutional
approval or direct requests to authors. This lack of immediate availability presents a hurdle for the rapid
validation and cross-comparison of new stress-detection algorithms.

A critical finding of this mapping is the persistent reliance on controlled laboratory environments, which
account for nearly 70% of the data analyzed. While these settings offer high experimental control and allow
for the use of high-precision equipment and standardized protocols, minimizing external confounding
variables, they often lack ecological validity. In contrast, "in-the-wild" studies represent only 27.4% of the
landscape. These real-world datasets are essential for capturing authentic physiological responses to everyday
stressors, such as workplace demands or urban driving, despite the inherent difficulties of environmental
noise. The marginal presence of hybrid methodologies (3.2%), which bridge these two worlds by using
laboratory baselines to calibrate long-term naturalistic monitoring, suggests a significant opportunity for
future research to transition from proof-of-concept models toward robust, real-world mental health
applications.

Technologically, the research landscape is anchored by a core set of physiological signals. Electrodermal
Activity (EDA) remains the most prevalent modality, appearing in 63.5% of studies, followed by heart rate and
physical activity. While approximately 59% of datasets utilize a moderate range of 2—4 signals, there is a
notable trend toward high-dimensionality, with a quarter of the datasets incorporating five or more
modalities. Interestingly, the choice of signal appears to be highly dependent on the study environment. In
controlled laboratory settings, EDA is the dominant marker; however, in real-world settings, there is a strategic
shift toward more robust and motion-resistant signals, specifically the combination of heart rate and
accelerometry. This shift allows for the normalization of physiological stress indicators against physical activity,
whereas more motion-sensitive or invasive modalities like EEG and ECG see a drastic reduction in field-based
applications.

31



Finally, the methods of stress induction and annotation highlight a tension between standardized reliability
and real-world relevance. While cognitive tasks and gamification (27%)—including the Stroop test and mental
arithmetic—remain the most common lab standards, there is a growing inclusion of social-evaluative stressors
like the Trier Social Stress Test (12.7%) and affective media stimuli (14.2%). For data annotation, the field relies
heavily on subjective self-reporting, utilized in 30% of studies, with standardized instruments like the State-
Trait Anxiety Inventory (STAI) and the Perceived Stress Scale (PSS) serving as frequent benchmarks. Although
approximately 16% of studies opt for objective laboratory measurements such as hormone assessment, the
continued rise of real-world scenarios and naturalistic stressors indicates a clear disciplinary trend toward
capturing autonomic responses that more closely reflect the everyday human experience.

Finally, the primary finding of this research is the identification of a significant harmonization gap that prevents
these disparate data sources from being fused into a unified diagnostic ecosystem. While the rapid
proliferation of wearable technology has enabled the massive generation of physiological data, the current
environment is characterized by extreme heterogeneity in hardware specifications, sampling frequencies, and
stress-induction methodologies. To address this, the central contribution of this thesis is the development of
a 7-Tier Harmonization Roadmap, which provides a structured, hierarchical framework for integrating
heterogeneous data by accounting for technical interoperability and physiological compatibility across
different hardware ecosystems.

5.2. Comparison with current state of the art

These findings align with and significantly expand upon the foundational literature and recent reviews
discussed in Chapter 2. Our results confirm that EDA and HR remain the primary modalities, which directly
mirrors the systematic review by Juarez Pegueros & Rodriguez-Arce [47], who also noted a scarcity of long-
term in-the-wild datasets. The high reliance on student populations observed in this study echoes concerns
raised by Abd-alrazaq et al. [48] regarding the "black box" problem and the risk of algorithmic bias in machine
learning models.

Furthermore, the importance of wearable-derived signals in providing the biological foundation for stress
profiles, as discussed by Choi et al. [49], is supported by the data extracted in this research. While previous
reviews by Baka et al. and others successfully classified signals and stressors, they often treated datasets as
isolated entities. This thesis moves beyond those observations by operationalizing the theoretical four-stage
harmonization framework suggested by Cheng et al. [58] and applying it to a practical roadmap for integration.

While previous reviews by Baka et al. [50] and others successfully classified signals and stressors, they often
treated datasets as isolated entities, failing to address how data from one study might complement another.
This study fills that gap by operationalizing the theoretical four-stage harmonization framework suggested by
Cheng et al. [58] and applying it to a practical roadmap for integration. Furthermore, our findings regarding
the lack of standardization in data sharing—where 44.4% of datasets have restricted access—validate the
concerns of Schmidt et al. [43] regarding the issue of reproducibility in affective computing.

This work also builds upon the observations of Giannakakis et al. [125] concerning the complexity of emotional
state recognition and the need for more granular labeling protocols, by identifying those different studies use
vastly different ground-truth labels, ranging from clinical scales like the STAI to simple binary stress markers.
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5.3. Strengths and limitations

The primary strength of this work lies in its rigorous and transparent mapping of 63 datasets using a structured
PRISMA-based approach. By moving beyond a simple catalog of studies, the 7-Tier Roadmap provides a
practical strategy for consolidating diverse data sources—ranging from medical-grade devices to consumer
hardware—into a scalable data ecosystem. This approach allows for the inclusion of varied technical
configurations, effectively turning the field's inherent heterogeneity into a structured pathway for integration.

However, several methodological limitations must be acknowledged. First, the systematic search was
conducted exclusively using PubMed as the primary source of biomedical literature. While PubMed is highly
comprehensive for peer-reviewed medical research, this strategy may have excluded datasets that are hosted
directly on technical repositories without a corresponding seminal publication indexed in the National Library
of Medicine. Specifically, specialized data platforms such as Kaggle, PhysioNet, Figshare and Zenodo were not
independently searched. Kaggle is an online platform for data science and machine learning that hosts publicly
available datasets and code notebooks, used for research and model development [59]. Figshare is an open-
access repository for research outputs, including datasets and figures, allowing researchers to share and cite
their work [60]. PhysioNet is a repository of freely accessible physiological and clinical datasets, focusing on
biomedical research and signal processing [61]. While some datasets from these repositories were identified
indirectly through the literature, a direct search of these platforms might have revealed additional "grey
literature" or standalone datasets that are widely used in the machine learning community but less visible in
purely clinical databases.

Another significant limitation is the access barrier identified during the collection process. A large portion of
the identified datasets (approximately 44.4%) remain under restricted access or require formal institutional
approval, which limits their immediate availability for real-time harmonization and cross-analysis.
Furthermore, the inherent inconsistency in ground truth labels across the 63 datasets remains a challenge.
The variety of subjective measures—ranging from clinical scales like the STAI and PSS to custom Likert-type
self-reports—requires a complex process of semantic harmonization that may introduce subjective bias when
attempting to map these different metrics to a single Unified Stress Index.

Moreover, the homogeneity of the population in terms of demographics, included of mostly healthy and young
participants under the age of 40, limits the applicability of the framework to clinical and elderly populations.
Lastly, the absence of metadata on the specific location of the sensors (wrist or fingers) contributes to signal
variance, which can be considered as a "black box" in the technical alignment and scalability of the proposed
roadmap. Aside from the physical configurations, the lack of standardized metadata, such as inconsistent
reporting of sampling rates, data filtering and units of measurements, also represents a significant barrier to
data integration.

5.4. Future Work

The findings of this systematic mapping suggest several avenues for future research regarding the
methodology and application of data synthesis in the digital biomarker domain. First, while this study
established a static snapshot of available datasets, future iterations should aim to develop a dynamic, open-
access, living systematic review, resulting also in a digital reference repository. Such a repository would allow
researchers to continuously update the harmonization roadmap as new datasets are released, ensuring that
the evidence base remains current in a rapidly evolving technological landscape.
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Additionally, future work should focus on the technical implementation of the proposed tiers through the
development of automated metadata-matching algorithms. These tools could programmatically assess the
interoperability of two or more datasets—evaluating sampling rate compatibility, sensor precision, and signal-
to-noise ratios—to provide a Harmonization Score before researchers attempt to pool data.

Furthermore, there is a clear need for research into the semantic alignment of ground-truth labels. Future
studies could investigate the use of natural language processing (NLP) and ontologies to map disparate
psychological assessment tools, such as the STAI, PSS, and various EMA self-reports, onto a standardized,
cross-study emotional scale.

Finally, extending this systematic approach to include grey literature and direct searches of technical
repositories like PhysioNet and Kaggle would provide a more holistic view of the datasets currently driving the
machine learning community, potentially uncovering high-quality resources that are currently underutilized in
clinical literature.

5.5. Conclusion

This work provides a foundational strategy for bridging the gap between hardware-restricted experimental
research and real-world monitoring systems. By defining a hierarchy for integration, researchers can now pool
data from different studies to create larger, more robust training sets for machine learning models. This
transition is essential for developing sensor-agnostic digital biomarkers that work reliably across different
devices and populations. Ultimately, this facilitates the growth of Digital Phenotyping, turning passive sensor
data into a continuous and data-driven clinical reality.

To conclude, while the heterogeneity of the currently available data is a problem, it is also a structured way
toward integration. Through systematic harmonization, the currently available landscape of heterogeneous
studies can be transformed into a comprehensive and integrated data ecosystem, thereby facilitating the
transition toward real-time, non-intrusive mental health monitoring on a global level.
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ANNEX 1: List of datasets included in the study

Table 7 presents the datasets based on a unique ID given for this study, together with the dataset name and
original citation. Whenever there is no specific name for the dataset, only the citation is included. The table
also lists the year of the dataset collection, and if this is not explicitly mentioned, the year of the publication.
Access to the dataset is mentioned as public (when the dataset is available as open access) or as restricted (if
the dataset is available only after contacting the authors or on payment). This table also lists information of
the type and size of the participants cohort who contributed signals. Information on the signal collection
method is included, differentiating between datasets with signals collected in a controlled laboratory
environment as opposed to real-world conditions.

The method for recording stress levels is included, using the following acronyms:
Beck: Beck Anxiety Inventory
BIS/BAS: Behavioral Inhibition System and Behavioral Activation System scales
CFS: Chalder Fatigue Scale
CSAIl: Competitive State Anxiety Inventory
DASS-21: Depression, Anxiety, and Stress Scale (21 Items)
DASS-21-C: DASS-21 Chinese version
DSI: Daily Stress Inventory
EMA: Ecological Momentary Assessment

EPDS: Edinburgh Postnatal Depression Scale

GAD: Generalized Anxiety Disorder Screening Tool
HAM-A: Hamilton Anxiety Rating Scale

LSAS-SR: Liebowitz Social Anxiety Scale - Self-Report
MBI: Maslach Burnout Inventory

NASA-TLX: NASA Task Load Index

PANAS: Positive and Negative Affect Schedule Scale

PHQ-9: Patient Health Questionnaire-9

PSQl: Pittsburgh Sleep Quality Index

PSS: Perceived Stress Scale, based on the number of items, PSS-10, PSS-14, PSS-5
RAND-16: RAND 36-Item Health Survey

RSME: Rating Scale Mental Effort

SAM: Self-Assessment Manikin Questionnaire

Self-report: generic self-reporting scale

SFS: Social Functioning Scale
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SPSQ: Social Phobia Screening Questionnaire

SSSQ: Short Stress State Questionnaire

STAI: State-Trait Anxiety Inventory

STAI-Y: State-Trait Anxiety Inventory Form Y

SUDS: Subjective Units of Distress Scale

TICS: Trier Inventory for the Assessment of Chronic Stress
VAD: Valence-Arousal-Dominance Model

VAS: Visual Analogue Scale

The table lists the signals included in each dataset; the following acronyms are used:
ACC: Accelerometer data
BR: Breathing Rate
BVP: Blood Volume Pulse
ECG: Electrocardiogram
ECG-RR: RR interval in an ECG
EDA: Electrodermal Activity (often synonymous with GSR)
EEG: Electroencephalogram
EMG: Electromyogram
EOG: Electrooculography, a technique for measuring the resting potential of the retina
GSR: Galvanic Skin Response
HR: Heart Rate
HRV: Heart Rate Variability
IBI: Inter-Beat Interval

ISE: Integrated Skin Excursion (a metric related to EDA and calculated by integrating the area under
the skin conductance curve)

MEG: Magnetoencephalography
PRV: Pulse Rate Variability
RESP: Respiration Rate

RIP: Respiratory Inductance Plethysmography, a method to assess breathing patterns

(R)PPG: (Remote) Photoplethysmography
Sp02: Peripheral Capillary Oxygen Saturation
TEMP: Skin Temperature
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Table 5. List of analyzed datasets together with information on accessibility, the cohort, method of selection, stress labelling method, signals, and wearables.

ID | Dataset Name/source | Year Access Cohort No. of Method of | Method of Signals Wearables
description Subjects | signal assessing stress collected used
collection level
1 Hongn et al, 2025 - 2025 Public General 36 Laboratory Self-report (1-10) | EDA Empatica E4
StructuredSession [62] population age BVP
18-30 years IBI
HR
ACC
TEMP
2 SWELL [63] 2014 Public Trainees and 25 Laboratory NASA-TLX EDA Kinet 3D depth
students RSME ECG cameraMobi
SAM device
TMSI
3 Chen et al. 2023 [64] 2023 Restricted | Students 30 Laboratory Custom BVP Polar Verity Sense
HRV PVS
ECG NeuroSky’s
EEG Mmd.Wave
Mobile 2
BMD101 EEG
4 Kim H, Kim M et al. 2023 Restricted | Adults 67 Laboratory Custom HR Samsung Galaxy
2023 [65] ECG watch 3
5 WESAD [66] 2018 Public Students 15 Laboratory PANAS EDA Empatica
STAI BVP E4RespiBAN
SAM ECG
SSSQ RESP
TEMP
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Wearables

ID Dataset Name/source | Year Access Cohort No. of Method of Method of Signals
description Subjects | signal assessing stress collected used
collection level
ACC
EMG
6 Ding et al. 2022 [67] 2022 Restricted | People from 30 Laboratory STAI EDA GSR Sensor
college VAD ECG ECG device
Electrodes
7 Campanella et al. 2023 | 2022 Restricted | Students 29 Laboratory No EDA Empatica E4
(68] BVP
HR
HRV
8 Moser et al. 2024 [69] 2022 Restricted | Adults 28 Laboratory No EDA Empatica E4
TEMP
9 Elgendi et al. 2022 - 2022 Public Students and staff | 19 Laboratory Beck ECG MP45 BIOPAC
Anxiety Dataset 2022 from Simon and Real- Hamilton RESP Systems
[70] Fraser University World
10 Xu et al. 2024 - Cares- 2022 Public Healthy humans 10 Laboratory STAI-Y GSR CARES electronic
eskin [71] between 23 and ISE skin patch
38 HR
TEMP
Biochemic
al
11 Tutunji et al. 2023 [72] | 2019 Restricted | Right-handed, 1st | 83 Real-World PANAS EDA Empatica E4
year bachelor EMA BVP
students Sleep quality HR
Self reflection ACC
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Wearables

ID Dataset Name/source | Year Access Cohort No. of Method of Method of Signals
description Subjects | signal assessing stress collected used
collection level
Custom TEMP
12 Couts, Plans et al. [73] 2018 Restricted | Students Triall: Real-World PSS HRV BioBeam Band
68, STAI BVP
Trial2: DASS-21 ACC
584
13 Kader et al 2024 [74] 2024 Restricted | Right-handed 20 Laboratory PSS EDA Electrodes
adults EEG
14 Healey et al. 2005 - 2005 Public Drivers 17 Real-world Self-report GSR FlexComp system
SRAD [75] HR
ECG
EMG
RESP
15 Dai et al. 2021 [76] 2021 Restricted | Washington 32 Laboratory PSS BVP Fossil Gen4
University in St. DASS-21 ACC smartwatch
Louis
16 Velmovitsky et al. 2022 | 2022 Restricted Locals to the 33 Real-World DASS-21 HRV Apple Watch
[77] Kitchener- EMA ECG Series 6
Waterloo region Smartphone
in Ontario
17 Meziati Sabour etal. | 2023 Public Students 56 Laboratory CSAl EDA Empatica E4
2021 - UBFC-Phys [78] BVP RGB camera
TEMP
PRV
RPPG
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Wearables

ID Dataset Name/source | Year Access Cohort No. of Method of Method of Signals
description Subjects | signal assessing stress collected used
collection level
18 Svoren et al. 2019 - 2020 Public General public 10 Laboratory SAM EDA Empatica E4
Toadstool [79] BVP Camera
IBI
HR
ACC
TEMP
19 | Birjandtalab et al. 2016 Public General public 20 Laboratory -- EDA ND
2016 - NEURO [80] TEMP
ACC
HR
Sp02
20 Haouij et al. 2018- 2018 Public Drivers 13 Laboratory Custom EDA Empatica E4
AffectiveROAD [81] BVP Zephyr
HR Bioharness 3.0
IBI
BR
ACC
TEMP
21 Hosseini et al. 2022 - | 2020 Public Nurses 15 Real-World Custom EDA Empatica E4
Multimodal Sensor HR
Dataset for Continuous BVP
Stress Detection of TEMP
Nurses in a Hospital
ACC

(82]
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Wearables

ID Dataset Name/source | Year Access Cohort No. of Method of Method of Signals
description Subjects | signal assessing stress collected used
collection level
22 | Mattingly et al. 2019 Restricted | General public 757 Real-World | PSQl HR Garmin Vivosmart
2019- Tesserae [83] job performance | Sleep 3
questionnaires
intelligence,
personality,
mood, anxiety,
health measures,
exercise, sleep,
and stress
23 Mevlevioglu et al. 2024 Public Adults 29 Laboratory STAI-Y1 EDA -Shimmer GSR-
2024 - AnxietyDataset Anxiety level test | GSR MyndPlay
VR [84] subjective HR MyndBand
PPG
EEG
24 Ying Tsai et al. 2025 2025 Restricted | Students 25 Laboratory DASS-21-C HRV Noname
[85] Wearable
25 Kim HG et al. 2024 - VR | 2022 Public Young adults 20 30 Laboratory VAS GSR behind-the-ear
Stress Interview years old ECG (BTE) EEG
Experiment Data [86] EEG Instrumentation
PPG from Biopac
System Inc., USA
26 Kenneth Y T Lim et al. 2024 Restricted | Junior college 5 Laboratory STAI EDA Empatica E4
2024 [87] students SAM DIY EDA sensor
NASA-TLX
27 PASS [88] 2020 Public Adults 48 Laboratory PSS EDA Empatica E4
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Wearables

ID Dataset Name/source | Year Access Cohort No. of Method of Method of Signals
description Subjects | signal assessing stress collected used
collection level
NASA-TLX ECG BioHarness 3
Self-reported on | TEMP Muse Headband
physical activity BVP
RESP
EEG
ACC
28 DASPS [89] 2019 Not Healthy adults 23 Laboratory SAM EEG Emotiv EPOC
available HAM-A
29 DEAP [90] 2012 Public Students and staff | 32 Laboratory SAM EEG Biosemi
GSR ActiveTwo system
BVP
EMG
TEMP
RESP
EOG
30 Magal et al. 2022 [91] 2022 Restricted Female 140 Real-World TICS HR Fitbit
participants ACC
Sleep
31 EDPMSC [92] 2019 Public General Public 28 Laboratory PSS EEG Muse EEG
headband
32 Sagastibeltza et al. 2023 Restricted Students 20 Laboratory Custom EDA Biopac EDA
2023 [93] -Electrodes
33 Li et al. 2024 [94] 2024 Restricted University 845 Laboratory PHQ-9 HRV SmartCardio
Students patch

52




Wearables

ID Dataset Name/source | Year Access Cohort No. of Method of Method of Signals
description Subjects | signal assessing stress collected used
collection level
ECG
34 SWEET [95] 2018 Restricted General public > 1000 Real World Custom GSR Chill Band
HR Wireless EEG
HRV Patch
TEMP
ACC
35 | Ihmigetal. 2020 - 2017 Public Adults 80 Laboratory | Custom GSR BITalino device
Spider [96] RESP
ECG
36 Igbal et al. 2022- 2022 Public Students and staff | 35 Laboratory PSS EDA Empatica E4
Stress-Predict Dataset STAI BVP
(71 HR
ECG-RR
IBI
ACC
37 Ng et al. 2022 [98] 2022 Restricted | Pregnant women | 16 Real-World PSS BVP BioStampRC ECG
EMA HR
EPDS HRV
ECG
38 Basaran et al. 2024- 2024 Public University 14 Laboratory PSS-5 EDA Empatica E4
Mood aware [99] students HRV
39 Georgas et al. 2025 2022 Restricted People with rapid | 51 Laboratory -- EDA GSR Sensor
[100] test for COVID-19
40 YAAD [101] 2016 Public Adults 25 Laboratory EMA EDA Shimmer sensor
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Wearables

ID Dataset Name/source | Year Access Cohort No. of Method of Method of Signals
description Subjects | signal assessing stress collected used
collection level
ECG
41 EDMSS [102] 2021 Restricted Students 22 Laboratory Salivary alpha- EEG EEG headsets
amylase levels
(AAL)

42 Smerdov et al. 2020 - | 2021 Public Players over 22 10 Laboratory -- EDA No-name
Multimodal eSports League of wearable
Dataset [103] Legends matches

43 Smets et al. 2018 [104] | 2018 Restricted | Workers 1002 Real-World PSS EDA Chillband wrist

SAM HR worn
DASS-21 ECG Chest patch
EMA ACC
RAND-36 TEMP
psal Location

data

Audio

signals

44 Said Can et al. 2019 2018 Restricted | INZVA algorithmic | 21 Laboratory NASA-TLX EDA Empatica E4

[105] programming BVP Samsung Gear
contest su'm'mer HR
camp participants
HRV
ACC

45 Heussen et al. 2023- | 2025 Restricted | General Public 42 Laboratory STAI EDA Camera

IT4Anxiety [106] SUDS ECG Electrodes

Audio signals
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Wearables

ID Dataset Name/source | Year Access Cohort No. of Method of Method of Signals
description Subjects | signal assessing stress collected used
collection level
46 Quer et al. 2020 - 2020 Public General public >17000 Real-World GAD HR FitBit
Covid Collab Study PHQ-9 ACC Garmin Watch
(107] Sleep
47 Shaukat-Jali et al. 2021 | 2021 Public Young adults who | 13 Laboratory LSAS-SR EDA Empatica E4
[108] self identified as SPSQ HR
shy TEMP
48 Zontone et al. 2022 Restricted Drivers 10 Laboratory - EDA Wrist wearable
2020[109] HR ECG Device
HRV
ECG
49 Papetti et al. 2025 2025 Restricted | Adults 22 to 39 12 Laboratory Custom ACC JINS Meme
[110] Eye glasses
movement
50 Seehausen et al. 2025 Restricted | Nursesin CPU 12 Real-World EMA EDA Empatica E4
2025- DiPa [111] MBI HR Smartphone
HRV NFS Tags
TEMP Video/Audio
51 Bin Heyat et al. 2022 2022 Restricted Researchers 20 Laboratory DASS-21 HRV Smart Tshirt
[112] SFS ECG
CFS
52 Weerasinghe et al. 2023 Restricted | Adults 22 Laboratory PSS EEG EEG Quick cap
2023 [113]
53 Zhang et al. 2023 [114] | 2021 Restricted | Adults 26 Real-World EMA EDA Empatica E4
TEMP Smartphone
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Wearables

ID Dataset Name/source | Year Access Cohort No. of Method of Method of Signals
description Subjects | signal assessing stress collected used
collection level
Photos Zehpyr
Bioharness
54 K-EmoCon [115] 2020 Public Adults 32 Laboratory Custom EDA Empatica E4
BVP NeuroSky’s
HR MindWave
EEG Mobile 2
ACC
TEMP
Audio
signals
55 Perpetuini et al. 2021 2021 Restricted | Adults 102 Laboratory STAI BVP STMicroelectronic
[116] HR s PPG
HRV
56 Gjoreski et al. 2017- | 2016 Public Students 21 Laboratory STAI EDA Empatica E4
Chiron dataset [117] BVP
HR
ACC
57 MMASH [118] 2020 Public General public 22 Real-World STAI BVP Polar H7 HR
PANAS HRV monitor
PSQl ACC Actigraph Wgt3x-
BIS/BAS-DSI Sleep bt
58 Karl Moser et al. [119] 2023 Restricted | Employees and 16 Laboratory -- EDA Empatica E4
students at the TEMP

University of
Salzburg
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Wearables

ID Dataset Name/source | Year Access Cohort No. of Method of Method of Signals
description Subjects | signal assessing stress collected used
collection level
59 Hovsepian et al. 2014 Restricted | Adults 20 Hybrid EMA RIP Autosense
2015 - cStress [120] ECG
60 Taamneh et al. 2017 2017 Public Drivers 68 Laboratory STAI EDA Thermal Camera
[121] Type A/B HR Shimmer Sensor
Personality HRV Facelab
Eye Zehpyr
movement | Bioharness
61 Said Can et al. 2020 2020 Restricted | Summer school 32 Laboratory PSS EDA Apple Watch
(122] HR Empatica E4
HRV
TEMP
ACC
62 Halim et al. 2020 [123] | 2019 Restricted | Drivers 50 Laboratory -- EEG EMOTIV EPOC+
headset
63 Ghiasi et al. 2020- 2020 Public Adults 18 Laboratory -- BVP Empatica E4
BrainBodyStress [124] ECG EmotivEPOC/Emo
EEG tiv Insight
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