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Abstract: (1) Background: Current uses of smartwatches wearable devices have been expanded not
only in everyday routine life but also, they have a dynamic role in early detection of many behavioral
patterns of users. The objective of this systematic literature review emphasizes in the role of Al
wearable devices in early symptom detection of burnout in student population. (2) Methods: A
systematic literature review was designed based on PRISMA guidelines. The general extracted aspect
was to exploit all the current related research evidence about the effectiveness of wearable devices in
student population. (3) Results: The reviewed studies document the importance of physiological
monitoring, Al-driven predictive models, with the collaboration of self-reported scales in assessing
mental well-being. It is reported that stress is the most frequently studied burnout-related symptom.
Meanwhile, heart rate (HR) and heart rate variability (HRV) being the most commonly used
biomarkers that can be monitored and evaluated in early burnout detection. (4) Conclusions: Despite
the promising potential of these technologies, several challenges and limitations must be addressed
to enhance their effectiveness and reliability.

Keywords: Al applications; Al wearable devices; smartwatches; burnout; stress; anxiety; stress
management

1. Introduction

Mental health of children and young people is a global health challenge and is one of the core
fundamental elements for health definition of the World Health Organizations[1]. Many research
studies perform associations between mental health and sociodemographic characteristics and the
extensive performance of burnout symptoms in schoolchildren and academic students [2]. Results
from surveys through several countries indicate that Portuguese medical students were diagnosed
with mental ill before medical school, with 15% being diagnosed during medical school[3], also, it is
confirmed that healthcare students suffer from the consequences of stress and burnout signs[4,5] . So
on, Swiss and Italian adolescences addressed with school burnout, in which Italian students showed
higher fatigue and cynicism that their Swiss peers [6], the prevalence of burnout in French pediatric
residents was 37.4%, which is not associated with COVID-19 outbreak[4], on the other hand Danish
schoolchildren seem to have in general good mental health[5].

Over the last decade, students’ well-being has been introduced and many approaches took place
to explain and measure the effectiveness of education system and their impact in mental health of
students[6]. However, current trends seem to reveal that more students than ever suffers from
burnout symptoms[7]. In several studies, burnout has been found that affect the schoolwork and the
future academic life as well as students’ later health as adults[3,7]. The major issue of this is that
studies have been shown the association between burnout directly with anxiety and depressive
symptoms[7,8]. Students, due to the nature of education, are overwhelming with a variety of
curriculum activities and accomplishments. Evidence supports that students in higher education
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develop mental health issues including academic burnout as a result of multiple stressors that they
faces|[9].

Student burnout is defined as a psychological syndrome caused by long-term exposure in stress
events and pressure in school or academic environment. It is described through the three dimensions:
emotional exhaustion, cynicism and sense of inadequacy[3], and there is a high risk for depression
and anxiety. Emotional exhaustion can cause a lack of satisfaction in academic liabilities, cynicism is
due the lack of interest of social activities and the last symptom causes a decreasing academic
performance, competence and achievement[9]. As research shows, burnout could be the consequence
to drop out of studies. As a result, several impacts in social and personal costs may be appeared and
they are associated with low mental and physical health which can be connected with the emergence
of suicidal ideation[10].

According to the above, early detection of burnout signs and symptoms is in a high demand,
nowadays. Wearable artificial intelligence (AI) has emerged as a valuable instrument for researchers
for non-invasive approach in psychobiological monitoring[11]. Wearable Al technology seems to be
promising, precisely, in stress and burnout student detection[12]. Using the recording of biomarkers
such as heart rate (HR), heart rate variability (HRV), and electrodermal activity (EDA) in real time
and continues, the detection of stress and anxiety is possible[13,14]. The potential of this work is to
delight the role of smartwatches in mental health assessment, especially, in stress and burnout
detection, the comparative Al predictive models and algorithms, ethical issues, future challenges and
perspectives.

2. Objectives

Considering the importance of burnout symptoms such as stress, fatigue or anxiety in education
and their impact in mental health in combination with the availability of a variety of wearable
technology, have been synthesized the necessity of retrospective work that summarizes previous
experiences and gives clear future directions. Therefore, the present study constitutes a systematic
review of existing empirical studies and reveals the research aspects of burnout syndrome in
students. The objective of this systematic literature review was to uncover the current uses of
smartwatch wearable devices in detection of early behavioral patterns related with burnout in
student population. Although, the general aspect was to find evidences about the Al wearable devices
effectiveness in burnout identification, the research questions (RQs) that oriented and built this
review were as follows:

RQ1. What are the research purposes, subjects and behavioral patterns of the reviewed studies?
RQ2. Which wearable devices, Al technology and Al predictive models are adopted in the reviewed
studies?

RQ3. Which surveys have been used in the reviewed studies and which mental disorder have been
verified?

RQ4. What challenges and limitations are stated in the reviewed studies?

RQ5. What are the ethical considerations that participants had to handle during the usage of wearable
Al technology?

RQ6. What are the accuracy and performance of the surveyed systems and how they are calculated?
RQ7. How the results of each study are exploited and which are the main findings of them?

3. Materials and Methods

This review follows the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-
Analyses) Statement[29]. PRISMA Statement is the most commonly guidance that have been used by
authors and reviewers, and reports the whole literature search procedure[30]. Also, PRISMA ensures
the quality of reports and solves methodological issues in search strategy and study assessment[31].
Current study utilizes the PRISMA checklist to verify that each search component is completely
reported and reproducible.
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Figure 1 presents the steps of the reviewing progress. Firstly, it is identified the purposes and
the specific research questions of present SLR which have been motivated this research. As follows,
many digital databases were recruited with predetermined searching terms. Then, a primary
selection of papers was performed and initial database inclusion and exclusion criteria were applied.
The final dataset of studies and records were coded and coincided with information associated with
RQs. In the final step, the extracted information was organized, compared and discussed in order to
achieve the research questions. Zotero 7 for windows[32], an open-access reference management tool
was used to extract the duplicate papers, for citation tracking and sources synthesizing.
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Records removed before
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Figure 1. Systematic literature reviewing process and results in PRISMA 2020 diagram.

3.1. Inclusion and Exlusion Criteria

Following the PRISMA process, it is intended to assess the effectiveness of wearable devices in
burnout prediction. Resulting this, it was utilizing studies that uses smartwatches or any other wrist
band technology for data collection. Also, studies that included in this literature review were those
that conducted in student population. The minimum range of age was defined as 6 years old and the
maximum 28 years old. Also, the type of studies that included were pilot studies, randomized control
trials, and experimental studies.

The exclusion criteria were determined for studies that conducted in adult population without
the student identity and clinical populations. Moreover, studies associated with participants with any
other mental disorders such as schizophrenia, bipolar disorder, psychosis they were not excluded
from this review. Also, was extracted the studies that were conducted in population with autism
spectrum and any other learning disorder. As the primary goal of this SLR is to focus in the
effectiveness of wearable devices, so, it was excluded studies using other wearable digital sensors.
The publication data of research papers was defined in 10 years. Review papers were, also, excluded.
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Table 1. Reasons for excluded studies from present systematic review.

Excluded Reasons Retrieved Studies
R1. Studied a mental
disorder, eg.

Depression, autism [33-36]
spectrum etc.
R2. Did not used [34,37-47]
smartwatches
R3. Did not studied (48]
student population
R4. Were pilot
studies, research [49-51,53-56]
proposals or reviews
R5. Did not
associated with [48,57-61]

research questions

3.2 Searching Strategies

Three databases were recruited, totally: Pubmed, Scopus and Web of Science. A series of
keywords such as “burnout”, “stress”, “wearable devices”, “smart watches”, “students”, were
identified and formed as queries using the Boolean operators “AND” and “OR”. Below, follows the
search queries: for Pubmed database, ((burnout) OR (stress)) AND (wearable devices) or (smart
watches), (anxiety)) AND (wearable devices) OR (smart watches), for Scopus database, (burnout) OR
(stress) AND (wearable) AND (devices) AND (students) and for Web of Science database,
((TS=(wearable devices)) AND TS=(burnout OR stress)) AND TS=(students). Then, the obtained
inclusion and exclusion criteria were applied. After that, the metadata of retrieved studies,
particularly, titles and abstracts were reviewed occurring for adequacy in research questions.

3.3. Open Data Repositories

Nowadays, there is a crucial need to support open science and data-driven healthcare
innovations. As a consequence, public health related databases play a crucial role in advancing
scientific research, offering diverse data ranking from a variety of physiological signals to social
health determinants[17]. There are many challenges emerged including access restriction and data
standardization. Nevertheless, the increasingly number of open-access health related repositories has
transformed scientific research, undoubtedly[18]. These data warehouses offer researchers the
opportunity to explore various aspects of healthcare sector[19] by heath data mining. In current SLR,
Kang et al. 2023, [73] provides all the research data available in Zenodo data warehouse for future
research utilization and management. Above, there is a pivot table of the most prominent public
repositories based on their primary goal of health research.

Table 2. Public datasets for health data mining.

Public .
Databases Overview Reference
Open-access repository developed by CERN for all research [20]
disciplines, including health and biomedical sciences. It
Zenodo . . oo .
provides broad interdisciplinary coverage, DOI assignment
and integration with GitHub,
Digital repository for research sharing outputs, datasets, [21]
Figshare figures and presentations. It provides user-friendly

interface, high visibility and metadata support.
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Open repository for life science and medical research, [22]
Dryad primary for datasets underlying publications. It provides
peer-revied datasets, integration with journal submissions.
Collaborative platform for sharing and managing research [23]

Open Science data, including mental health and epidemiology studies. It

Framework . .
has strong version control and project management tools.
Provides access to biomedical datasets, including [24]
PhysioNet physiological signals, such as ECG or EEG. It affords high-

quality curated datasets, widely used in clinical and
machine learning research.
Open-source repository developed by Harvard University, [25]
Dataverse hosting various datasets, including public health data. There
are a well-structured metadata and institutional support.
Public repository for neuroimaging datasets, including [26]
fMRI, EEG and MEG. Provides standardized format,

OpenN
penento integration with neuroimaging software. It is focused on
neuroimaging data.
European o . N . [27]
. European initiative for research data, including biomedical
Open Science datasets
Cloud (EOSC) '
Online platform that hosts datasets, notebooks, and [28]

machine learning competitions, including health-related
Kaggle datasets. It is a large community with the strong support for
data science and Al applications.

4. Results

After a primary literature search, a total amount of 272 studies were gathered. Three scientific
databases were recruited. In this initial search, the inclusion and exclusion criteria were applied. The
remained records were screened on their title and their abstract and studies which were found that
did not meet all the study requirements were removed. Also, the duplicable records were removed
using the Zotero software tool. 43 reports were accessed for eligibility and a total number of 31
records were excluded because they did not require to the review purposes. Finally, 13 studies were
included in the present SLR. The majority of the papers were reported in journal articles and only
one was published in conference proceedings. Two of these papers (15%) were published in
International Journal of Artificial Intelligence and the remaining papers were published in Journal of
Medical Internet Research, JMIR mHealth uHealth, International Journal of Environmental Research
and Public Health, Scientific Data, Diagnostics, BMC Psychiatry, Achieves of Design Research,
Sensors and Plos ONE. Furthermore, one paper was published in 2018 as the same for the years 2019
and 2021, followed by two papers (15%) in 2020, 2023 (15%) and 2024 (15%) respectively. Three (23%)
of the reviewed papers were published in 2022. Above, follow the results according to the defined
research questions.

4.1. Purposes, Subjects and Behavioral Patterns

Researchers have focused on various purposes for studying burnout symptoms and related
behavioral patterns. The reviewed papers were summarized into four categories, depending on their
research purposes: (a) the purpose of the study was to predict a mental disorder associated with
burnout symptoms, (b) the purpose of the study was to assess the efficacy of a technological
innovation, (c) the purpose was to detect burnout symptoms using an Al wearable application, and
(d) the purpose was to manage a mental disorder using an Al smart device. In Table 3, are presented
the summarized categories.
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In more detail, five studies (38%) were focused in one of the main objectives which is the
prediction of stress levels using advanced Al technologies. Specifically, the use of deep learning
machines has proven effective in predicting stress levels [62]. Additionally, the prediction of mental
stress, as well as general mental well-being, depression, anxiety, and stress, has been extensively
studied [63,64]. Research has, also, focused on the predictive utility of pretreatment heart rate
variability (HRV) in the effectiveness of cognitive behavioral therapy (GCBT) in reducing symptoms
of depression and anxiety [65]. Lastly, the prediction of stress when individuals are exposed to an
acute stressor has also been examined [66].

Another important area of study is assessing the efficacy of specific interventions. Such a study
was investigated the effectiveness of the Biobase application in managing anxiety and stress, with
results showing positive effects [67]. Researchers have also focused on stress levels detection in
various contexts. They have studied stress levels using different methods and tools [68,69], as well as
ecological stress resulted by everyday life [70]. Furthermore, fatigue detection and the response to
psychological stress in everyday life have been explored [71,72]. Finally, stress management is a key
area of interest. A research study has examined the management of attention as a means of reducing
stress [73], as well as stress management through interventions using smart devices and cognitive
processes [74], has been advocated new guidelines that can be promising in future in improvement

of quality of life.
Table 3. Research purposes, subjects and behavioral patterns.
Purposes Studies N
Stress levels using deep learning machines [62], mental
stress levels [63], Of mental well-being, depression, stress
. and anxiety [64], The predictive utility of pretreatment HRV
Predict . . . . . . 5
in effectiveness of GCBT in reducing depression and anxiety
symptom [65], Predict stress when exposed to an acute
stressor [66]
Assess the efficacy Efficacy of Biobase for anxiety and stress [67] 1
Stress levels [69], Stress levels [68], ecologically stress [70],
Detect Fatigue detection [72], Response to psychological stressin 5
everyday life [71]
Management Attention management [73], Stress management with ’

cognitive process with smart devices interventions [74]

4.2. Wearable Devices, Al Technology and Al Predictive Models

Table 3 presents the number of reviewed studies using each wearable device to examine each
related mental symptom. The devices are grouped by which symptom is measured. Fitbit Versa 2
(Fitbit) ais extensively used by the most studies (46%) and measure anxiety, depression and four of
them stress. Empatica E4 wristband have been used from the 23% of the studies, from which two of
them assesses stress level and one fatigue. Follows Biobeam which is used by two research studies
for anxiety and stress detection, Apple watch for stress and attention, Huawei Band 6 using
photoplethysmography sensors using from two research studies explored stress and depression.
Finally, one study used Microsoft Band 2 to underline stress levels of the participants. It is resulted,
that stress is a core element of burnout and the majority (76,9%) of the reviewed studies have been
utilized a variety of smart wrist devices for tracking. Moreover, 61.5% of the reviewed studied have
been utilized Al supportive technology to intergrate the biomarkers database, Biopac MP150,
OpenBClI helmet, K-Emo EPOC Headset, NetHealth dataset, MacBook, iPad, iPhone, 3-lead ECG and
Fitbit API. Furthermore, four studies (30%), have been developed or use an already existing Al
predictive models.
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Table 3. Numbers of research studies, Al smart device and measuring symptoms.
Smart Huawei
Empatica _ . Fitbit . Band 6 with
Microsoft . wrist Apple
E4 Versa BioBeam photopleth
. Band 2 iy band(not watch
wristband 2/Fitbit . ysmograph
specify)
y sensors
Anxiety 1 1 1
Depressio 1 1
n
Stress 2 1 4 1 1
Fatigue 1
Attention 1

4.3. Measuring Mental Disorders Using Physiological Signals, Mental Scales and Al Predictive Models

Many studies have explored the possibility of using various physiological signals to assess the
presence of mental disorders. Some examples from that are electrocardiogram (ECG),
electroencephalogram (EEG), galvanic skin temperature (GSR) and respiration. On the other hand,
heart rate (HR) and heart rate variability (HRV) seems to be the most common used in research
studies[42]. HRV depicts the increases and decreases between consecutive heartbeat intervals,
reflecting the balance between sympathetic and parasympathetic nervous system and the status of
cardiovascular system. Taking into account all the above, measuring these biomarkers is formed the
general cardiac activity which leads to identification of multiple stress levels, depression detection
and burnout symptoms generally. Based on the above, wearable devices using a variety of sensors
collect data to detect and approach the mental status of healthy or diseased population.

On the other hand, the most common methods, according to bibliography, for assessing mental
status are based on self-reported scales, some of those including Perceived Stress Scale (PSS), the
Stress Response Inventory (SRI), and the State Trait Anxiety Inventory (STAI) for mental stress
detecting as well as the Hamilton Depression Scale (HAMD), the Beck Depression Inventory Scale
(BDI), and the Diagnostic and Statistical Manual of Mental Disorders (DSM-V).

In Figure 2, are represented data from the 13 reviewed research papers, showing association
between physiological signal and burnout symptom detection, verified by a measure scale
respectively. Results shows that stress is the most frequently measured mental status, spanning with
all the physiological signals. 38,5% of the reviewed papers have been used HR for stress detection,
23% have been used HRV and they are ranked ecological momentary assessments (EMA) or
ecological physiological assessments (EPA), ST and EDA in percentage 15%, respectively. Moreover,
data related to activity patterns, like rest time, sleep, motion acceleration, steps and total physical
activity (indoor and outdoor) where measured. 30% of the reviewed papers focused on the relaxation
and rest phases, also, 30% incorporated time of walking acceleration and total steps used to calculate
the activity level as an indicator of overall movement. Physical activity is estimated as an indicator
in studies focused on stress assessment. 30,7 % of the reviewed studies were focused on behavioral
traits like openness, conscientiousness, neuroticism, extraversion, agreeableness, lifestyle, self-
characteristics, feelings of arousal. Finally, behavioral patterns like event stress, emotion and
attention were obtained incorporating into the applied accessing methods. From total studies, two of
them (15%) have been used self-reported scales for stress verification, the same as anxiety. HRYV has
been used from depression assessment by one (7,6%) research study but two (15%) studies have been
used self-reported scales. Finally, mental fatigue is, mostly, detected through HRV, HR, skin
temperature (ST), ECG and EDA and it is mentioned by one (7,6%) reviewed study. In Figure 2, also,
it is further depicted that four (30,7%) research studies have been used additionally artificial
predictive models to support stress detection, in combination with biomarkers values and self-
reported scales.
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Figure 2. Burnout symptoms, signals measured and verification surveys.

4.4. Challenges and Limitations in the Reviewed Studies

Wearable biosensors are characterized by some challenges related to data reliability in real-
world conditions. Some reviewed papers have mentioned that physiological data can be noisy,
especially in non-laboratory settings. The need to despike and filter the data to reduce noise raises
the concern of data manipulation and must be taken into account the integrity of the original signals
[70]. Also, wearable devices can be malfunctioned or participants may not follow the instructions
properly, leading to low-quality of data. In the K-EmoPhone study, some participants provided faulty
data due to device errors or failure to adhere to instructions, in consequence to dataset quality [73].
Also, in the study of Cagnon et al, 2022, it is mentioned the variability in accuracy, especially during
high-intensity activities or in stress conditions, as a significant challenge in reliability of wearables
for precise stress monitoring. Sensor accuracy in achieving reliable and valid data, particularly in
naturalistic settings is a core limitation of wearable technology [68,71].

Tutunji et al, 2023 has mentioned the challenge of result generalizability. Physiological responses
vary widely between individuals and the development of algorithms that work across diverse
populations will remain a difficult task. Considerations of this variability must be addressed by
ensuring that Al models are personalized to avoid false positives or negatives, which could lead to
misdiagnosis or inappropriate interventions. Also, data variability can be caused from the different
participants that are influenced by individuals” differences. One method to address this is adjusting
the threshold for each participant when analyzing subjective data such as self-reported stress or
emotion [73]. Individual variability as a challenge highlights the ethical concern of fairness in data
interpretation. In one study, using machine learning models, the ego-centric data was a key predictor,
suggesting that more personalized models could achieve higher accuracy. However, this reliance on
personalization raises ethical concerns about overfitting to individual characteristics, which may
result in biased outcomes[64].

Some of the reviewed studies discussed limitations due to class imbalances (like the proportion
of fatigue versus non-fatigue states) and small sample sizes. This is an ethical challenge since it may
lead to biased or non-generalizable results. Increasing sample sizes and ensuring a balanced
representation of various states (such as stress and non-stress conditions) are essential to improve the
statistical validity of the results [70]. Moreover, a small sample size in two of the reviewed studies
may affect also the generalization of results and it is noted the demand of further larger
studies[68,71].

A major challenge that is mentioned in two of the reviewed studies is participant compliance
wearing a device and research dropout. Non-compliance can lead to skewed results, and participants
with higher stress or mental health symptoms are more likely to drop out, leading to potential bias
in outcomes [65,68].
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Health risks and mental well-being of participants is another major issue that reviewed research
studies have mentioned and must be handled due to the fact that participants have to face distress or
anxiety caused by the continuing monitoring or because some of them become overly concerned
about their health data. Thus, psychological impact of such studies must be considered [73]. Also,
recalling stressful events, such as in Pakhomov et al, 2023 study, or participating in conditions that
may induce stress such as exams or arithmetic tasks, can cause excessive distress to participants

4.5. Ethical Considerations that Participants Had to Jandle During the Usage of Wearable Al Technology

All of the reviewed papers were complied in ethical considerations that are required obtaining
an informed consent for research participation and health-related data handling. The participants
were aware of the studies’ aims, procedures and potential risks that have been involved in researches
related in mental health issues. Ethical clearance was obtained from regional review boards, ensuring
that all the procedures of institutional and national or international ethical standards, such as
Helsinki Declaration, were adhered.

Some of the reviewed papers highlight the need to safeguard participants’ privacy which is
related to sensitive physiological data like heart rate, skin conductance, stress levels etc[68,70].
Protecting privacy is a significant ethical concern which is ensured through data anonymization,
identification and informed consent. In the K-EmoPhone study, anonymity of sensitive data are
ensured via encryption while GPS is used and due to the addition of noise [73]. Similarly, in the
NetHealth study, due to privacy concerns, some of the participants’ data are not shared publicly [64].

4.6. Performance and Accuracy of the Surveyed Systems

Evaluating the accuracy and performance of applications used for physiological and
psychological assessments is crucial for ensuring reliable outcomes. Various statistical and machine
learning techniques have been employed to measure error rates, assess model generalizability, and
identify the best predictive features for mental fatigue and other physiological states.

4.6.1. Statistical and Analytical Techniques

Oweis et al. evaluate application accuracy, using One-Way ANOVA and data analytics were
employed [69]. Analysis [68] of the measurement error between the Biopac system and the Fitbit
Versa 2 revealed a mean absolute error (MAE) of 5.87 (SD 6.57, 95% CI 3.57-8.16) beats per minute
(bpm). This value is below the predefined clinically acceptable difference (CAD) of +10 bpm,
demonstrating good accuracy of the Fitbit Versa 2 in heart rate monitoring.

Correlations to self-reported mental fatigue levels were used by Ramirez-Moreno, M. et al. to
calculate the best mental fatigue predictors. Three-class mental fatigue models were evaluated, and
the best model obtained an accuracy of 88% using three features, 3/0 (C3), and the /0 (O2 and C3)
ratios, from one minute of electroencephalography measurements [72].

In the study of Lin et al., was aimed to predict the efficacy of Group Cognitive Behavior (GCBT)
for depression and anxiety using heart rate variability though collected data via smart wearable
devices. The accuracy and performance of proposed models were evaluated using statistical analysis,
such as repeated measures ANOWA (RANOWA), Spearmans’ rank correlations, multiple linear
regression. The best predictive model for depression achieved R2 =0.936 (p=0.02), indicating strong
predictive accuracy. The best predictive model for anxiety achieved R2 =0.954 (p=0.002),
demonstrating even stronger predictive performance.

Statistical analysis, using paired t-test, Holm-Bonferroni correction and Pearsons’ correlations,
of collected data was used, also, by Chalmers et al. for accuracy and performance evaluation of a
physiological algorithm for stress detection integrated into wearable technologies. The study
demonstrated that HRV featured can predict stress responses, but the model’s accuracy depends on
baseline stress levels and individual differences. Results suggested that future smartwatch-based
stress detection algorithms should account for personal baseline states to improve prediction
accuracy [66].
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Ponzo et al., was evaluate the BioBase mobile app and BioBeam wearable device in their efficacy
to reduce stress and anxiety among university students. The collected data, both from physical
biomarkers and psychometrics, were evaluated using Linear Mixed Models (LMMs), paired-sample
t-tests and effect size analysis (Cohen’s d). Significance reduction in anxiety and depression were
found after 4 weeks in the intervention group, sustained effects at 6-weeks follow-up and no
correlation between app engagement and outcome measures, suggesting effect was not solely driven
by user interaction [67]. The same suggested model was proposed, also, by Pakhomov et al. to
investigate whether Fitbit fitness trackers can detect physiological responses to psychosocial stress in
everyday life. After model evaluation using the appropriate statistical controls, it is concluded that
the Fitbit is able effectively to detect stress-included HR changed, supporting its use in real-world
stress monitoring [71].

4.6.2. Machine Learning Approaches

Various machine learning models, including random forest models, were applied to enhance
accuracy in predicting physiological states. Detecting ecologically relevant stress states[70] the
robustness of used models where tested. Different cross-validation techniques such as the Leave-
One-Beep-Out (LOBO) and Leave-One-Trial-Out (LOTO) methods were used against a bootstrap
error distribution. The performance of the LOBO models was compared to that of the Leave-One-
Subject-Out (LOSO) method to determine the generalizability of machine learning models. Results
indicated that all models performed significantly above chance at the individual level for all but one
participant.

In Kang et al. proposed models’, performances for predicting valence, arousal, stress, and task
were disturbance across different learning algorithms and oversampling usages. Overall, the
performance of these prediction models surpassed that of the baseline model accuracy. Random
Forest and XGBoost models were trained to classify states of valence, arousal, stress and task
disturbance in high and low categories. Model performance was evaluated using Leave-One-Subject-
Out (LOSO) cross-validatrion ensuring that predictions generalized to unseen participants.
performed better than the baseline and Random Forest, except for predicting arousal[73]. The study
demonstrates that multimodal data from smartphones and wearables can predict real-world
emotional and cognitive states with reasonable accuracy.

Data Completion with Diurnal Regularizers (DCDR) and Temporally Hierarchical Attention
(THAN)are proposed by Jiang et al. to deal with the data sparsity and precisely predict human stress
level. It presented that diurnal behavioral patterns can significantly benefit missing data recovery
while user behaviors can be more effectively captured by exploiting temporally hierarchical
structures of sensor data. After the appropriate parameter sensitivity analysis to demonstrate the
robustness and effectiveness of proposed approach, it is concluded that the model does not require
to train data for satisfactory prediction performance, also, parameter tuning is required to reach the
best performance for both DCDR and THAN in sensor data completion and stress level
prediction[62].

In research work of Chandra & Sethia [63] two machine learning classifiers are implemented,
Random Forest and k-nearest neighbors, using the scikit-learn module of Python 3 on local
computers. These proposed models classified stress into three levels: rest, moderate, and high. They
achieved a classification accuracy of 99.98% using the EEG signals’ time-frequency domain features
and an accuracy of 99.51% using the EDA, HR, and ST signals.

Overall, ecological momentary assessment (EMA) mood models exhibited superior performance
in Tutunji et al. 2023, physiology-based models classified beeps with an accuracy difference of only
3.85% compared to mood models. Combination models, integrating multiple data sources, yielded
the highest accuracy.

Deep learning methodology and conventional prediction algorithms are proposed by Saylam &
Incel, 2024. The updated analysis for mental health multitask[64] resulted that the baseline of
Multitask Learning (MTL) performances align closely, with no significant improvement observed in
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the multitask scenario. RF and XGBoost results exhibit minimal differences, and substantial
performance enhancements are achieved by incorporating the temporal aspect.

4.7. Results and Main Findings of Each Survey

Various studies have explored the accuracy and effectiveness of wearable devices, machine
learning models, and statistical methods in monitoring physiological and psychological states. Oweis
et al. (2018) used One-Way ANOVA and data analytics to evaluate application accuracy for Galvaric
Skin Response (GSR) of students under pre-set conditions over a whole semester, using a wearable
smartwatch. Findings of this work show significant correlations between GSR values and activity
level, results that have been confirmed in future work, because, this is the first study if its kind.
Similarly, Gagnon et al. (2022) assessed the measurement error of the Fitbit Versa 2 compared to the
Biopac system, finding a mean absolute error of 5.87 bpm—well within the clinically acceptable
difference, indicating good heart rate monitoring accuracy. These results support the use of Fitbit
Versa 2 in capturing short-term stress variations. Although, Fitbit device presents acceptance levels
of accuracy in HR measurement for stress recording, there is a poor agreement with the ECG gold
standard, so Fitbit cannot replace ECG instruments when precision is utmost importance.

The reviewed studies indicate that machine learning models played a crucial role in mental
fatigue and stress detection. Furthermore, Ramirez-Moreno et al. (2021) employed EEG-based
features to develop three-class mental fatigue models, achieving an 88% accuracy in prediction. This
pilot study demonstrates the viability and potential of short-calibration procedures and inter-subject
classifiers in mental fatigue modeling. These results will support the use of wearable devices in
developing tools aimed at enhancing the well-being of workers and students, as well as improving
daily life activities. Lin et al. investigated the use of smart wearables in predicting the efficacy of
Group Cognitive Behavioral Therapy (GCBT) for depression and anxiety, with predictive models
achieving strong accuracy (R? = 0.936 for depression and R? = 0.954 for anxiety). Consequently,
findings of this study show that HRV may be useful predictor of GCBT treatment efficacy and by
identifying predictors of treatment response can help in treatment personalization improving
outcomes for individuals with depression and anxiety.

Chalmers et al. (2022) used statistical methods such as paired t-tests, Holm-Bonferroni
correction, and Pearson’s correlations to validate a physiological algorithm for stress detection in
wearable technology. The findings emphasized that HRV-based stress detection, with data collected
wearing smart watches, depends on baseline stress levels and individual differences, suggesting
future models should incorporate personal baseline states for improved accuracy.

Moreover, Ponzo et al. (2020) evaluated the BioBase mobile app and BioBeam wearable,
confirming significant reductions in anxiety and depression after four weeks, with sustained effects
at six weeks. Results of this study demonstrates the effectiveness of digital intervention in lowering
self-reported anxiety and enhancing perceived well-being among Uk university students. The
findings indicate that digital mental health interventions could offer an innovative approach to
managing stress and anxiety in students, either as a standalone solution or in combination with
existing therapeutic methods. Similarly, Pakhomov et al. (2020) confirmed Fitbit’s capability to detect
physiological responses to stress in real-life settings. These findings align with previous laboratory
research and suggest that consumer wearable fitness trackers could be a valuable tool for monitoring
exposure to psychological stressors in real — world settings.

Machine learning techniques further enhanced physiological state predictions. Tutunji et al.
(2023) applied various models, including random forests, testing their robustness using cross-
validation techniques like Leave-One-Beep-Out (LOBO) and Leave-One-Trial-Out (LOTO). Results
demonstrated that all models performed significantly above chance for nearly all participants. Kang
et al. (2023) utilized multimodal data from smartphones and wearables, applying Random Forest and
XGBoost models for predicting valence, arousal, stress, and task disturbances, outperforming
baseline accuracy in most cases. These studies highlight the potential of wearable biosensors for
monitoring stress-related mantal health. They emphasize the importance of psychological content in
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interpreting psychological arousal, as such responses can be linked to both positive and negative
experiences. Additionally, the findings support a personalized approach, suggesting that stress is
most accurately detected when compared to an individual’s own baseline data.

Jiang et al. (2019) proposed Data Completion with Diurnal Regularizers (DCDR) and Temporally
Hierarchical Attention (THAN) to predict human stress levels despite data sparsity. Their findings
highlighted the importance of diurnal behavioral patterns in missing data recovery. Chandra & Sethia
(2024) implemented machine learning classifiers (Random Forest and k-nearest neighbors) for stress
classification, achieving near-perfect accuracy (99.98% using EEG signals and 99.51% using EDA, HR,
and SKT signals). The proposed machine models outperform all previous studies on stress
classification using EEG, EDA, HR and SKT signals. This study is particularly innovative as
demonstrates the effectiveness of wearable devices in developing accurate stress classification
models, paving the way for real-time stress monitoring systems, conclusion that linked to the analysis
results of Jiang et al. (2019) which show the robustness and effectiveness of proposed machine
models. Meanwhile, Saylam & Incel (2024) compared deep learning and conventional prediction
algorithms in a mental health multitask scenario, concluding that while multitask learning did not
significantly outperform single-task models, incorporating temporal aspects substantially improved
results.

Overall, ecological momentary assessment (EMA)-based mood models exhibited superior
performance of Tutunji et al., (2023), while physiology-based models had only a slight accuracy gap
(3.85%). Combining multiple data sources yielded the highest accuracy, emphasizing the potential of
multimodal approaches in real-world psychological and physiological state monitoring.

5. Discussion

Findings of this systematic literature review highlight the increasing role of wearable Al
technology, particularly smartwatches, in detecting and managing burnout symptoms among
students. The reviewed studies emphasize the importance of physiological monitoring, Al-driven
predictive models, and self-reported scales in assessing mental well-being. However, despite the
promising potential of these technologies, several challenges and limitations must be addressed to
enhance their effectiveness and reliability. This review mentions that stress is the most frequently
studied burnout-related symptom, with heart rate (HR) and heart rate variability (HRV) being the
most commonly used biomarkers. Moreover, the consistent use of these physiological signals
suggests their viability as indicators of stress and mental fatigue [76]. Research focused on physical
and mental monitoring encouraging supportive educational settings [76].

However, the variability in sensor accuracy and the influence of individual physiological
differences pose significant concerns. Wearable biosensors often encounter issues with noise and
inconsistencies, particularly in non-controlled environments, raising concerns about data integrity
and the risk of false positives or negatives. Future research should focus on improving data
processing techniques and integrating multimodal sensor data to enhance reliability. Many research
projects are very promising in this era [77], improving both working places and mental health of
individuals.

Another notable finding is the role of Al in supporting burnout detection [78]. Several studies
have leveraged machine learning algorithms to predict stress levels, focused in user attraction,
reducing users’ dropouts from health monitoring[19], yet the generalizability of these models
remains limited due to small sample sizes and class imbalances. Personalized Al models have
demonstrated potential in improving accuracy; however, they also introduce ethical concerns related
to data privacy and fairness. Addressing these issues requires the development of standardized Al
frameworks that ensure equitable and unbiased outcomes across diverse populations [79].

The review also underscores the significance of self-reported mental health assessments, which
are frequently used alongside physiological data for validation. Instruments such as the Perceived
Stress Scale (PSS) and the State-Trait Anxiety Inventory (STAI) remain widely utilized, reinforcing
the need for a hybrid approach that combines subjective self-assessments with objective physiological
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measurements. However, reliance on self-reported data introduces biases related to participants’
perceptions and reporting tendencies, which could impact the overall validity of results.

Ethical considerations remain a crucial aspect of wearable Al applications in mental health
monitoring. Ensuring data security, participant privacy, and informed consent are paramount, given
the sensitive nature of mental health data. Several studies highlight the importance of encryption and
anonymization strategies to protect participant information. Additionally, ethical concerns due to
continuous monitoring of physiological data are related to user privacy, data security and informed
consent [66]. Also, some users may feel discomfort with the level of surveillance involved in such
monitoring. Future steps must incorporate privacy machine learning techniques, such as federated
learning, where data remains on user’s device rather than being transferred to external servers [41].
Ethical compliance must be ensured by transparent data government policies and user consent
protocols.

Another major limitation is the variability in individual physiological responses to stress. Stress
perception and physiological reactions differ widely across individuals due to genetic, behavioral
and contextual factors [41]. Current machine learning models are trained to manage data from wide
population often fail to adapt to personal baseline differences, as a consequence reducing the
predictive accuracy [75]. Future approaches should incorporate personalized modeling techniques
capable to adjust to individual’s patterns.

Moreover, reviewed studies utilize diverse methodologies, as a result findings are difficult to
compare and validate across different datasets. Researchers adopt various statistical techniques,
including Linear Mixed Methods (LMMs), ANOVA and machine learning classifiers RF and
XGBoost, each with district assumptions and limitations [67]. The absence of standardized evaluation
frameworks results in inconsistent conclusions. To move forward, researchers must establish uniform
validation criteria, standardized datasets and benchmarking protocols for stress detection and mental
health prediction models.

Despite these challenges, wearable Al technology offers a promising, non-invasive means of
identifying early signs of burnout in student populations. Future perspectives should prioritize the
development of personalized, multimodal and real-world adaptive systems. To achieve this,
researchers must adjust AI models in sensor accuracy, develop adaptive machine learning models,
standardize validation methods and enhance the applicability and reliability of findings. Research of
Koulouris et al. promote the utilization of gamification techniques to boost the users’ physical
activities [80]. Furthermore, interdisciplinary collaboration between mental health professionals, Al
researchers, and wearable technology developers is essential to ensure that these tools are effectively
integrated into academic and clinical settings.

6. Conclusions

In conclusion, while wearable Al devices present a transformative approach to burnout
detection and stress management, their implementation must be accompanied by rigorous
validation, ethical safeguards, and continuous refinement to maximize their potential benefits.

This systematic literature review underscores the potential of wearable Al devices in the early
detection and management of burnout symptoms among students. The integration of physiological
monitoring, Al predictive models, and self-reported assessments presents a comprehensive approach
to understanding mental health trends in academic settings. However, several limitations, including
sensor accuracy, data reliability, ethical considerations, and model generalizability, must be
addressed to optimize the effectiveness of these technologies.

While existing studies have focused on stress detection in students remains a lack of research on
whether burnout symptoms are capable to be detected during academic studies or not. Building upon
prior research, we proposed a research approach to burnout detection by integrating wearables
devices in collaboration of complex data using a Large Language Model (LLM). In particular, we
designed a research methodology that is supposed to track various metrics that influence a student's
academic performance and well-being. It includes both academic data, such as course teaching and
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lab hours, and physiological data, such as HRV, heart rate, and stress levels, gathered over a seven-
day moving average. This model also captures the student’s academic performance, their workload
(including extracurricular activities and deadlines), and personalized learning interventions. By
tracking these attributes, it can be monitored students’ stress levels, identifying workload imbalances,
and making necessary adjustments to help students manage their academic responsibilities.
Moving forward, future studies should focus on refining Al algorithms, enhancing wearable
sensor capabilities, and ensuring ethical safeguards for data privacy and participant well-being.
Collaborative efforts among researchers, healthcare professionals, and technology developers are
crucial in advancing the application of Al-driven wearable devices in mental health monitoring. By
overcoming current challenges, wearable Al technology can become a vital tool in promoting student
well-being and preventing long-term mental health consequences associated with burnout.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

HR Heart Rate

HRV Heart Rate Variability

EDA Electrodermal Activity

EMA Ecological Momentary Assessment
EPA Ecological Physiological Assessment
ECG Electrocardiogram

EEG Electroencephalogram

ST Skin Temperature

CGBT Cognitive Behavior Therapy

GST Galvanic Skin Temperature

PSS Perceived Stress Scale

SRI Stress Response Inventory

STAI State Trait Anxiety Inventory
HAMD  Hamilton Depression Scale

BDI Beck Depression Inventory Scale

DSM-IV  Diagnostic and Statistical Manual of Mental Disorders
LMMs Linear Mixed Methods

LOBO Leave-One-Beep-Out

LOSO Leave-One-Subject-Out

LOTO Leave-One-Trial-Out

RF Random Forest

DCDR Data Completion Diurnal Regularizes
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THAN Temporally Hierarchical Attention
MTL Multitask Learning
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