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ABSTRACT

The growing burden of psychological stress and the limitations of episodic self-reporting have increased interest
in wearable Internet of Things (10T) systems for continuous, context-aware mental well-being support. This paper
proposes an Al-powered wearable 10T framework that combines physiological sensing, secure edge-to-cloud
communication, personalised machine learning and recommendation logic to support stress assessment and early
identification of elevated stress patterns. The framework integrates photoplethysmography-derived heart rate and
heart-rate variability, electrodermal activity, skin temperature, motion and sleep-related indicators. A personal-
baseline mechanism is incorporated to reduce reliance on population-level thresholds, while contextual filtering
is used to distinguish physiological arousal associated with physical activity from patterns potentially associated
with psychological stress. A synthetic evaluation scenario is presented to demonstrate the proposed reporting and
comparison methodology. The results compare logistic regression, support vector machine, random forest and a
multimodal personalised model using discrimination, sensitivity, specificity and calibration metrics. These values
are simulated for methodological demonstration and are not measurements from participants or a deployed device.
The paper further discusses recommendation safety, privacy, fairness, usability and the distinction between
wellness support and clinical diagnosis. The proposed system is intended as an assistive monitoring framework,
not a substitute for validated mental-health assessment or professional care.

Keywords: Wearable Internet of Things; Mental Health Assessment; Stress Prediction; Artificial Intelligence;
Personalised Healthcare; Physiological Monitoring

1. INTRODUCTION

Mental health is influenced by biological, psychological, social and environmental factors. Stress responses are
dynamic and may vary across individuals, situations and time. Conventional assessment commonly relies on
clinical interviews, validated questionnaires and periodic self-reporting. These approaches remain essential
because they capture subjective experience and functional impact; however, they may not provide continuous
information about day-to-day fluctuations. Wearable devices offer an additional source of longitudinal
physiological and behavioural observations that may help identify patterns associated with elevated stress.
Modern smartwatches, wristbands and chest-worn sensors can acquire signals such as photoplethysmography
(PPG), heart rate, heart-rate variability (HRV), electrodermal activity (EDA), skin temperature and movement.
These measurements are indirect correlates of autonomic activity and behaviour. They are not specific biomarkers
of anxiety, depression or any other psychiatric condition. Exercise, illness, medication, caffeine, sleep deprivation,
ambient temperature and sensor placement can influence the same signals. Consequently, reliable assessment
requires multimodal interpretation, contextual information and careful uncertainty communication.

The Internet of Things provides the communication and computing infrastructure required to connect wearable
sensors with smartphones, edge gateways and secure cloud services. Artificial intelligence can analyse temporal
patterns across multiple sensor streams, estimate the likelihood of elevated stress states and tailor
recommendations to an individual’s baseline. However, a high-performing classifier does not automatically
provide a clinically meaningful assessment. The system must distinguish detection from prediction, avoid
overconfident mental-health labels and ensure that recommendations are proportionate to the evidence.

Recent reviews report growing use of HRV, EDA, PPG, accelerometry and machine-learning methods for stress
and mental-health monitoring, while identifying small samples, heterogeneous protocols, ecological-validity
limitations and insufficient standardisation as persistent concerns [1]-[4]. This paper responds by proposing an
end-to-end wearable 10T architecture with personal calibration, contextual inference, explainable output and
privacy-by-design.

The objectives are: (1) to identify relevant wearable sensing modalities for stress-related monitoring; (2) to design
an loT architecture for secure, low-latency data acquisition and analysis; (3) to propose a personalised multimodal
Al model for stress-state estimation; (4) to develop a cautious recommendation mechanism; and (5) to demonstrate
an evaluation protocol while identifying requirements for empirical validation.
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2. LITERATURE REVIEW

2.1 Wearable biosensing for mental well-being

Wearable systems can collect physiological signals continuously or at frequent intervals. PPG estimates peripheral
blood-volume changes and can support heart-rate and selected HRV calculations when signal quality is adequate.
ECG provides more direct cardiac electrical information but may be less convenient in consumer wrist devices.
EDA reflects changes in skin conductance associated with sympathetic sudomotor activity. Skin temperature,
respiratory patterns, accelerometry and sleep measures provide additional context. Reviews of wearable stress
monitoring identify EDA, cardiac signals and motion-related features among commonly used modalities [1], [2].

2.2 Al methods for stress prediction

Classical machine-learning methods include logistic regression, support vector machines (SVM), decision trees, random
forests and gradient boosting. Deep learning approaches, including recurrent neural networks and temporal convolutional
models, can learn sequential patterns but generally require larger, more diverse datasets and careful prevention of subject
leakage. Personalised models can adapt to individual baselines, whereas population models may be easier to initialise but can
underperform when physiological variation between individuals is substantial.

2.3 Personalisation and contextual inference

A physiological increase in heart rate during exercise should not be interpreted as psychological stress without contextual
information. Motion intensity, activity classification, time of day, sleep duration and user-reported context can help reduce
false alerts. Personal baselines can be estimated from stable periods and updated cautiously to avoid adapting to prolonged
adverse states. A hybrid strategy can combine population-level initialisation with individual calibration.

2.4 Research gap

The literature points to a gap between laboratory classification performance and reliable everyday use. Small cohorts,
inconsistent stress induction, differing wearable hardware, variable ground-truth labels and limited external validation
complicate direct comparisons [1]-[4]. In addition, recommendation systems are often less rigorously evaluated than detection
models. The proposed framework therefore treats sensor quality, contextual discrimination, recommendation safety and user
governance as core design components rather than optional extensions.

3. PROPOSED SYSTEM ARCHITECTURE AND METHODOLOGY

The proposed system consists of six layers: wearable sensing, edge processing, secure 10T communication, Al inference,
personalised recommendation and human oversight. The architecture is designed for a wrist-worn device paired with a
smartphone, although chest-worn ECG or respiration sensors may be incorporated in research settings.

Wearable sensing
PPG | HRV * EDA » skin temperature + motion + sleep

[

Edge processing
Signal quality * artefact removal + feature extraction

[

Secure loT gateway
Encrypted transfer * consent * identity separation

[

Al inference engine
Personal baseline » stress-state estimation + uncertainty

[

Personalised recommendation
Breathing / pause | sleep hygiene / support resources

[

Human oversight & governance
User control + clinician escalation « audit + privacy

Figure 1. Proposed architecture of the Al-powered wearable 10T framework for stress assessment and
personalised well-being support.
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3.1 Wearable sensor layer

The sensor layer acquires PPG, HR/HRV, EDA, skin temperature and tri-axial accelerometry. Sleep duration and
sleep regularity may be derived from validated device algorithms, with the recognition that consumer sleep
estimates are not equivalent to polysomnography. Each data stream should carry timestamps, sampling metadata
and signal-quality indicators. Missing or low-quality signals should result in an uncertainty flag rather than an
unsupported prediction.

Table 1. Wearable modalities and candidate features for stress-related monitoring.
Signal / modality Potential derived features Interpretation and limitation

Mean HR, resting HR, pulse | Affected by motion, perfusion

PPG/HR intervals and device fit

RMSSD, SDNN, frequency- | Sensitive to recording duration,

HRV domain indices where valid artefacts and respiration

Tonic level, phasic responses, | Affected by  temperature,

EDA response rate hydration and sensor contact

Mean level, trend and | Strongly influenced by ambient

Skin temperature variability conditions

Accelerometry Activity intensity, posture, | Essential context for separating

movement exercise from stress
. Duration, regularity, | Consumer estimates are not
Sleep estimates . . o .
fragmentation proxies clinical sleep diagnoses

3.2 Edge processing and 10T communication

Raw signals should be quality-checked and processed locally where feasible. Edge processing can remove obvious
artefacts, calculate short-window features and reduce transmission of raw high-frequency data. The smartphone
gateway should use authenticated pairing, encrypted transport, secure storage and revocable access tokens. Cloud
processing may support longitudinal model updates, but sensitive information should be minimised and retained
only for a clearly stated purpose.

3.3 Personalised Al inference

The proposed model combines a population-level classifier with a personal-baseline adaptation module. For each
analysis window, the feature vector may be represented as x_t = [HR_t, HRV_t, EDA t, TEMP_t, ACC t,
SLEEP_t, CONTEXT_t]. A classifier estimates P(S_t = k | x_t, b_i), where S_t denotes the stress-related state,
b_i represents the individual baseline, and k may correspond to low, moderate or elevated physiological stress
likelihood. This is an estimate of a stress-related pattern, not a psychiatric diagnosis.

A temporal model can incorporate recent windows to estimate a future risk horizon. A practical design may
combine gradient boosting for tabular features with a gated recurrent unit (GRU) or temporal convolutional
network for sequential features. The model should include an abstention option when signal quality is inadequate
or uncertainty exceeds a predefined threshold. Personal calibration should be separated from test evaluation to
prevent leakage.

3.4 Recommendation engine

Recommendations should be low-risk, optional and matched to the estimated state and user preferences. Examples
include a brief guided breathing exercise, a movement break after prolonged inactivity, a prompt to review sleep
routines, a reminder to take a screen break, or a suggestion to contact a trusted person. The system should not
recommend medication changes, diagnose a disorder or advise discontinuation of professional treatment.
Repeated elevated patterns or user-reported distress should prompt a supportive suggestion to consult a qualified
professional rather than an automated clinical conclusion.
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Table 2. Example recommendation logic and safety constraints.

Estimated pattern

Possible
recommendation

supportive

Safety constraint

Transient elevated arousal

Optional  paced-breathing  or
grounding exercise

Do not imply that the exercise
treats a disorder

Sustained elevated pattern

Offer a check-in and encourage
reflection on context

Display  uncertainty;  avoid

alarming language

Low sleep regularity

Offer sleep-routine education and
user-selected reminders

Do not infer a sleep disorder

High activity with elevated HR

Suppress stress alert or request
context

Avoid misclassifying exercise as
psychological stress

Persistent distress reported by user

Provide pathways to professional
or trusted support

Crisis support must follow locally
validated protocols

3.5 Evaluation methodology

A future empirical study should recruit a diverse adult cohort under ethics approval and obtain informed consent.
Stress labels should be grounded in validated self-report instruments and, where appropriate, structured clinical
assessment; physiological signals alone should not define ground truth. Data should be split by participant, with
temporal and external validation where possible. Model evaluation should report AUROC, area under the
precision-recall curve, sensitivity, specificity, calibration, false-alert rate, missing-data robustness and subgroup
performance. A prospective usability study should assess acceptability, adherence, alert burden and whether
recommendations are perceived as helpful.

4. EXPERIMENTAL DESIGN AND RESULTS

The following results are entirely synthetic and are included to demonstrate the form of a comparative results
section. They do not represent recruited participants, real wearable recordings, a trained model or a completed
experiment. The assumed scenario uses 100 participants with repeated windows, but the summary metrics below
are model-level values only. They must be replaced by results from a documented study before being described
as empirical findings.

Table 3. Synthetic experimental design assumptions; not a report of completed human-subject research.
Experimental element assumption Actual study requirement

Ethics-approved  recruitment

100 adult users PP
and sample-size justification

Participants

Report actual duration,

Monitoring period adherence and missingness

14 days assumed

PPG, HRV, EDA, temperature, | Specify device, sampling rates

Signals accelerometry and signal-quality validation
Labels Low / moderate / elevated stress Use valldat_ed_ instruments and
clear label timing
validation Participant-independent Prevent subject leakage; add
70/15/15 split temporal/external validation
Logistic  regression, .SVM’ Pre-register tuning and evaluate
Models random  forest, multimodal h
model on untouched test data
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Table 4. Synthetic comparison of stress-pattern classification models.

Model Accuracy AUROC Sensitivity Specificity F1-score
Logistic 0.74 0.76 0.70 0.77 0.71
regression

Support

vector 0.78 0.80 0.75 0.80 0.76
machine

Random 0.82 0.84 0.79 0.84 0.80
forest

Personalised

multimodal 0.86 0.88 0.83 0.88 0.84
Al

Synthetic demonstration: model discrimination

0.95 1
0.90 + 0.88
0.85 A
0.80 A

0.75 1

lllustrative AUROC

0.70 1

0.65 A

0.60 -

Logistic SVM Random Proposed
regression forest multimodal

Figure 2. AUROC comparison using synthetic values from Table 4; not measured experimental
performance.

In this comparison, the personalised multimodal model records the highest AUROC (0.88), accuracy (0.86) and
F1-score (0.84). If a real study reproduced this pattern under participant-independent and external validation, it
would suggest that combining physiological modalities with personal baselines may improve discrimination. The
interpretation must remain conditional because multimodal models can benefit from additional information, but
may also overfit, rely on context proxies or perform unevenly across demographic groups.

The lower sensitivity of the baseline models indicates a potential trade-off between missed elevated-stress
windows and false alerts. In practice, the optimal threshold should be selected according to the intended use and
user burden. A wellness prompt may tolerate a different false-positive rate from a clinical escalation workflow.
The model should therefore report calibration and decision consequences, not only accuracy.

The advantage does not establish that the system can assess depression, anxiety or other psychiatric disorders.
Nor does it prove that recommendations reduce stress. Such claims would require separate validation using
appropriate clinical outcomes, user-reported outcomes and controlled evaluation of the recommendation
component.

5. DISCUSSION

The proposed framework offers several potential advantages. Continuous or frequent sensing may reveal within-
person changes that are missed by occasional questionnaires. Multimodal analysis can provide a richer
representation than any single physiological signal, while personal baselines may reduce the influence of between-
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person variability. Edge processing can reduce latency and limit the need to transmit raw sensor streams. A
recommendation layer can translate a risk estimate into a practical, optional action.

There are also important counterarguments. Physiological arousal is not specific to psychological stress: exercise,
infection, pain, medication and environmental conditions can produce similar patterns. Consumer-grade sensors
may produce artefacts during movement, and HRV estimates depend on signal quality and analysis window.
Personalisation can improve fit but may also make the model less transferable and can adapt incorrectly if baseline
periods are not representative. A recommendation system may create alert fatigue or encourage excessive self-
monitoring.

The most important methodological issue is ground-truth validity. Self-reported stress is subjective but directly
relevant to the experience being modelled. Physiological features are objective measurements but indirect
indicators. A defensible design should combine repeated validated self-reports, contextual annotations and sensor
signals, while keeping clinical diagnoses separate from momentary stress labels. Model evaluation should also
avoid random window-level splitting when windows from the same individual can appear in both training and test
sets.

Privacy and autonomy are central because wearable data can reveal routines, sleep patterns, activity and sensitive
inferences. Data collection should be proportionate, transparent and revocable. Users should be able to pause
sensing, inspect what is collected, delete their data where applicable and disable recommendations. The system
should not share inferred mental-health states with employers, insurers or other third parties without a lawful basis
and explicit safeguards.

6. LIMITATIONS AND FUTURE RESEARCH

This paper is a proposed framework supported by a literature-based rationale and a synthetic results
demonstration. It does not report a real participant study, clinical validation, device calibration experiment or
intervention trial. The numerical results are placeholders and must not be presented as observed outcomes. The
architecture also does not specify a single commercial device, sampling configuration or disease-specific
endpoint. Performance in real-world conditions may differ substantially from laboratory or synthetic scenarios.
Future work should implement a prototype and conduct a feasibility study with a clearly defined population and
monitoring objective. Researchers should predefine stress labels, validate sensors against reference instruments,
recruit participants across age and demographic groups, and use subject-independent and external validation. The
recommendation engine should be evaluated separately through usability and controlled intervention studies.
Long-term deployment should monitor model drift, subgroup error, alert burden, adherence and unintended
psychological effects.

7. Conclusion

This paper has proposed an Al-powered wearable 10T framework for stress-related mental well-being assessment,
prediction and personalised supportive recommendations. The architecture integrates physiological sensing, edge
processing, secure 10T communication, personal-baseline modelling, contextual inference and human-centred
recommendation logic. Synthetic results demonstrate how competing models and evaluation metrics may be
reported, but they do not establish actual system performance or clinical effectiveness.

Wearable Al should be positioned as an assistive wellness technology rather than an autonomous mental-health
diagnostic system. Reliable translation requires validated ground truth, robust signal quality, participant-
independent evaluation, privacy protection, fairness assessment and prospective evidence that recommendations
are useful and safe. The proposed framework provides a basis for such empirical investigation
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