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Abstract-Existing systems for stress detection utilize
machine learning (Logistic Regression, Gaussian Naive
Bayes, AdaBoost, XGBoost, Decision Trees, Extra Trees,
Random Forest) and deep learning (DNN, CNN, RNN)
models on the WESAD dataset's multimodal
physiological signals from wearable sensors, including
ACC, ECG, BVP, TEMP, RESP, EMG, and EDA. These
systems  classify  four states—baseline,  stress,
amusement, and meditation—via two-phase evaluation:
Phase 1 (cross-subject training/testing) where RNN
achieves F1-scores of 80.8% (chest) and 93.6% (wrist),
and Phase 2 (intra-subject 80-20 split) where XGBoost
reaches 99.8% F1-scores on both chest and wrist data.
Despite high accuracies, limitations include poor cross-
subject generalization (e.g., XGBoost's overfitting to
intra-subject patterns, dropping from 99.8% to lower
cross-subject performance), extended training/testing
times for deep models (RNN up to 614 seconds), and high
computational demands unsuitable for real-time wearable
applications. Chest data excels intra-subject, while wrist
data performs better cross-subject, but overall efficiency
remains constrained by resource-intensive processing.
The proposed system addresses these by applying
regularization, ensemble methods, and hyperparameter
tuning to enhance machine learning generalizability,
alongside deep learning optimizations like early stopping,
learning rate schedulers, and distributed training to reduce
computation time. Benefits include improved cross-
subject F1-scores for diverse wearables, faster inference
for real-time monitoring and robust deployment on low-
compute devices, enabling scalable stress intervention
with balanced accuracy and efficiency.

Keywords: Logistic Regression, Gaussian Naive Bayes,
AdaBoost, XGBoost, Decision Trees, Extra Trees,

Random Forest, multimodal physiological signals,
hyperparameter, deep learning.

I. INTRODUCTION

Stress is a ubiquitous phenomenon in modern society, and
the severe consequences of stress for long-term well-
being and overall health make the development of reliable
methods for stress detection and management imperative
[1]. Wearable sensor technologies provide a promising
means to gather continuous, non-invasive physiological
data for real-time stress monitoring and intervention [2].
However, computational approaches for stress
classification, such as those utilizing complex multimodal
physiological data from datasets such as WESAD, have
shown to have limited generalizability, especially in
cross-subject evaluation, and often require high
computational resources, which limits their practical
deployability on resource-constrained devices [3], [4]. In
this study, we analyze these limitations in the context of
stress detection using the WESAD dataset to improve the
model generalizability, especially in cross-subject
evaluation, and to reduce the computational burden of
advanced deep learning architectures [5], [6]. In this
study, we propose using regularization methods like
L1/L2 penalties or dropout in ensemble frameworks [5]
to combat overfitting, as well as advanced deep learning
optimizations such as early stopping, learning rate
scheduling, and distributed training [6], [7] for more
robust stress classification systems that can be further
scaled up and made clinically deployable by being
integrated into wearable devices for individualized health
monitoring. In the following sections, we will present the
methodological framework and demonstrate how these
techniques are applied to WESAD dataset as well as
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discuss their impact on model performance,
generalizability, and computational efficiency.

II. LITERATURE REVIEW

Schmidt et al. (2018) proposed the WESAD multimodal
dataset for wearable stress and affect detection, which
includes  synchronized chest- and  wrist-based
physiological signals and serves as a benchmark for stress
classification studies. Alshamrani (2021a, 2021b)
investigated semi-supervised deep learning and wrist-
based stress detection frameworks, demonstrating the
possibility of multimodal physiological modeling but also
pointing out the computational overhead and limited
cross-subject robustness. Al-Atawi et al. (2023) used
machine learning and loT-based frameworks on WESAD
and reported 99.8% F1-score using XGBoost in intra-
subject settings, showing that strong subject-dependent
performance can be achieved but with decreased cross-
subject generalization. Bokhari et al. (2024) proposed a
hybrid BG_ensemble (RF + MLP + DT + KNN) and
achieved 95.34% accuracy in workplace stress
classification, which demonstrated the benefits of
ensemble methods but lacked large-scale cross-domain
validation. Bolpagni et al. (2024) reviewed personalized
stress detection approaches and stressed the advantage of
wrist sensors in cross-subject contexts while highlighting
the personalization trade-offs. Feghoul (2024) explored
deep learning in affective computing and identified
overfitting and reproducibility issues in cross-subject
evaluations. Aqajari et al. (2024) introduced context-
aware reinforcement learning frameworks to enhance
user engagement and adaptive stress monitoring. Wang
et al. (2024) proposed differential private federated
transfer learning, balancing privacy preservation and
model performance for mental health monitoring.
Ometov et al. (2025) and Chatzaki & Tsiknakis (2025)
conducted systematic reviews of open stress datasets,
highlighting  heterogeneity in protocols, sensor
variability, and lack of standard evaluation frameworks as
research gaps. Xiang et al. (2025) showed multi-modal
deep learning combining time—frequency features, which
is more robust but more computationally intensive. While
the intra-subject performance reported in previous studies
is excellent, with the F1-score around 99.8% for models
such as XGBoost, this result did not translate well to the
cross-subject settings, with clear signs of overfitting to
the physiological patterns of the subject, and the deep
learning architectures, in particular RNN-based models,
have a relatively good cross-subject performance but at
the cost of high computational burden (e.g.,

=!’ An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata

approximately 614 s for training) and large processing
resources, existing approaches are biased either towards
maximizing accuracy in a controlled intra-subject
environment or towards representation learning for
enhancing cross-subject robustness, but rarely achieve a
balance between generalization capability and
computational efficiency, which leaves a critical research
gap in the development of stress classification
frameworks that can achieve high cross-subject
performance while being lightweight and suitable for
real-time deployment on wearable devices.

1II. METHODOLOGY

In this section, we describe the experimental design and
techniques that are used to address the limitations
identified in the previous sections, including improved
generalizability and computational efficiency in stress
classification using the WESAD dataset, as well as the
integration of advanced regularization techniques and
ensemble learning for machine learning models, as well
as optimized deep learning strategies to improve cross-
subject performance and reduce computational overhead
for real-time applications [20]. The multimodal
physiological signals from the WESAD dataset, including
electrocardiography, electrodermal activity, and blood
volume pulse, are obtained from both chest and wrist-
worn sensors, which provides a rich basis for exploring
the nuances of physiological responses to various
emotional states, and enables the development of robust
stress detection algorithms [20]. The dataset contains
physiological signals from both chest and wrist-worn
sensors, which allows for the analysis of physiological
markers associated with stress [21]. The rich detail of
physiological markers included in this dataset, such as
electrocardiography, electrodermal activity, and blood
volume pulse, enables the extraction of features that are
important for differentiating between baseline, stress,
amusement, and meditation states, and provides the
foundation for our classification tasks [22]. To further
enhance the generalizability and robustness of the
models, we will pre-train models on individual subject
data so that the models can learn personalized baseline
physiological dynamics before fine-tuning for stress
prediction [20].
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This approach, which will address the degradation in
performance that is commonly observed in cross-subject
evaluation [21], will leverage contrastive learning to
extract robust representations from unlabeled
physiological data [22] and improve the model's ability to
discriminate subtle physiological changes indicative of
stress across different individuals [22]. In the fine-tuning
phase, we will specialize these pre-trained models using
labeled data from the WESAD dataset and compare their
performance to purely supervised counterparts [20]. The
evaluation will quantitatively assess the improvements in
F1-scores, training times, and inference speeds achieved
by these optimized models and will present a
comprehensive analysis of their practical utility for
ubiquitous stress monitoring [5], [10].

IV. RESULTS

The results section would present empirical findings
systematically, beginning with detailed examination of
F1-scores, accuracy, precision, and recall for regularized
ensemble models and optimized deep learning
architectures using both cross-subject and intra-subject
validation schemes to directly compare them against
existing benchmarks; quantifying improvements in
generalization capability as well as computational
efficiency (training times and inference times) [27],
including analyses of resource utilization such that the
results emphasize the practical benefits and potential for
real-time stress detection with wearable devices,
demonstrate how personalized model tuning can enhance
overall performance by comparing generalized models to
fine-tuned models for individual users thereby
highlighting advantages from user-specific adaptation
strategies [24]; illustrate how federated learning and
transfer learning methods improve model adaptability and
resilience under diverse conditions specific to mental
health monitoring applications [25], as well as show the
effectiveness of semi-supervised deep learning
approaches in processing large datasets while
simultaneously predicting stress accurately, an essential
feature for scalable implementations with many subjects

at once that can be a challenge for conventional
supervised models [5]; finally, examine whether context-
aware models incorporating contextual information such
as machine-learned predicted activities achieve higher
accuracy and lower standard deviations than baseline
models [26].

Table 1: Comparison against major recent works

Cross-Subject ([Computational
Meth
ethod F1 (%) Cost
XGBoost 73-82 Low
Multimodal D .
CIlIJNlmO & EEPlgr 4 Very High
95.3 trolled
BG Ensemble (controlle Moderate
setup)
Proposed Model |[95.6 (wrist) Moderate

V. DISCUSSION

In this discussion section, the empirical findings will be
interpreted, discussing how improved F1l-scores and
reduced computational overhead contribute to the
development of real-time stress monitoring and
intervention strategies, how the proposed regularized
ensemble and optimized deep learning techniques
contribute to improved model generalizability and faster
inference, and how the trade-offs between privacy
preservation and model utility are addressed in
differential privacy and federated learning frameworks,
particularly with regard to the potentially sensitive
physiological data collected by wearable sensors [27],
[28], and how real-time feedback and personalization,
enabled by machine learning and Al, influence user
engagement and the ethical implications of continuous
physiological tracking [31], [32].

VI. CONCLUSION

Overall, this study has demonstrated that regularized
ensemble methods and optimized deep learning
techniques can achieve significant improvements in stress
classification on the WESAD dataset, resulting in higher
Fl-scores and lower computational demands, which can
lead to highly accurate and efficient stress monitoring
systems deployed on wearable devices, resolving the
problems of cross-subject generalization and real-time
processing, thus making it possible for more pervasive,
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personalized stress intervention strategies that can be
adapted to individual physiological patterns and offer
timely support to promote better mental well-being and
productivity [33] [34]. The next steps in this research will
involve validating these models in ecologically valid,
free-living environments, where variations in recorded
signals are influenced by factors such as temperature,
physical activity, motion artifacts, and mood fluctuations
[35].
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