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Abstract—Stress remains a widespread concern that
impairs cognitive psychology, workplace productivity,
and overall well-being. This survey investigates how
stress influences cognitive processes, with a primary
focus on detection and analysis through machine
learning approaches. Cognitive psychology offers critical
frameworks for understanding stress appraisal, where
individuals mentally classify stressors as threats or
challenges. Machine learning techniques, especially those
leveraging wearable sensors and physiological signals,
enable non-invasive, real-time stress monitoring. The
integration of artificial intelligence, machine learning,
and psychological principles has further enabled the use
of brain EEG signals to forecast cognitive stress
instantaneously. Diverse data sources ranging from
heart rate variability to multimodal physiological and
psychological inputs support comprehensive stress
modeling and accurate prediction. Ultimately, this work
highlights the interdisciplinary synergy between
cognitive science and advanced algorithms, paving the
way for scalable, personalized stress management
systems that enhance mental resilience, decision-making
efficiency, and long-term health outcomes across
occupational, educational, and clinical environments.

Index Terms—Stress, Cognitive Psychology, Machine
Learning, Artificial Intelligence

I. INTRODUCTION

Stress represents a multifaceted psycho-physiological
reaction triggered by adverse or demanding
circumstances, encompassing both autonomic arousal
and cognitive evaluation [3]. This response profoundly
influences core cognitive functions such as memory
encoding and retrieval, sustained attention, and executive
decision-making which form the foundation of cognitive
psychology [2]. A dual-lens approach integrating
psychological theories of stress appraisal with
computational modeling is essential for comprehensively
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evaluating its impact on mental processes and designing
robust detection and mitigation frameworks.

Figure 1 illustrates a diverse array of stress detection
applications, highlighting the integration of multimodal
physiological signals (e.g., heart rate variability,
electrodermal activity, EEG) with advanced machine
learning classifiers (e.g., SVM, RNN, CNN) across real-
world contexts including workplace monitoring,
academic environments, and clinical settings [3], [5], [8],
[22].
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Figure 1. Applications of Stress Detection with signals
and classifiers

e Numerous investigations have examined stress
appraisal across diverse domains, including
occupational settings [1], mental health frameworks
[2], and wearable sensor technologies [3], [4].
Machine learning algorithms have been effectively
deployed to identify stress patterns through
heterogeneous data modalities, such as heart rate
variability [5], postural dynamics, and kinematic
movements [6].

e Targeted research has further explored stress
detection in distinct cohorts, encompassing
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university students [7], corporate employees [8], and
IT specialists [9]. The application of artificial
intelligence and machine learning for predictive
stress modeling has demonstrated substantial
efficacy across multiple sectors [10], [11].
Moreover, empirical studies have analyzed the
interplay between stress, subjective happiness, and
workplace engagement [12]. The convergence of
artificial intelligence, machine learning, and
psychological  theories holds transformative
potential for redefining human behaviour,
interaction, and decision-making paradigms [13].

1.1 Stress and Its Impact

Stress is characterized as an intensified psycho-
physiological state triggered by adverse events or high-
demand scenarios [3]. The process of stress appraisal
entails the cognitive assessment of a situation as either
benign or taxing, and as a potential threat or opportunity
for growth [1]. Cognitive processes encompass
perception, attentional focus, memory, logical reasoning,
and decision-making mechanisms [7].

In occupational settings, employee stress severely
undermines performance by elevating anxiety levels and
diminishing motivation [20]. This pervasive issue stems
from multifaceted sources including excessive
workloads, job instability, prolonged hours, and
inadequate managerial  support, manifesting in
psychological distress and physiological symptoms that
culminate in reduced efficiency, heightened absenteeism,
and elevated attrition rates [23].

Advancements in machine learning have transformed
stress detection through non-invasive analysis of
physiological signals, enabling automated identification
of stress in vehicular contexts [21]. Complementary
approaches utilize wrist-worn sensors to monitor
electrodermal activity (EDA), processed via machine
learning for precise, real-time stress evaluation [22].
Stress also imposes quantifiable economic burdens, as
evidenced by models estimating human capital losses due
to occupational strain in Japan [24]. Key moderators
include self-efficacy, workplace autonomy, and work-
family balance conflicts, which significantly modulate
stress intensity [25]. Organizational culture and
competency frameworks further shape perceived stress,
indicating that nurturing environments can substantially
alleviate pressure [26].

Environmental factors within office spaces exert
considerable influence on worker stress, necessitating
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ergonomic designs and proactive management protocols
[27]. In the IT sector, targeted wellness programs have
emerged to counter burnout, emphasizing holistic
support systems [28]. Cutting-edge multimodal
strategies, such as ECG integration in virtual reality
paradigms [29] and hierarchical convolutional neural
network (CNN) fusion of physiological features [30],
advance stress quantification. Collectively, stress
demands an integrated paradigm combining
technological innovation with organizational reforms to
safeguard productivity and well-being.

1.2 Cognitive Thinking and The Impact of Stress on
Cognitive Thinking

Stress significantly disrupts cognitive processes by
triggering the release of key neurotransmitters and
hormones such as adrenaline, cortisol, and dopamine,
which mediate acute physiological responses to
environmental stimuli [4]. These biochemical changes
can impair attention, memory consolidation, and
executive function, particularly under prolonged
exposure [4], [7]. According to the Cognitive
Phenomenological-Transactional Model (CPT), stress
perception is highly context-dependent, varying across
time, location, and individual appraisal, thereby
influencing cognitive performance in situation-specific
ways [7]. For instance, heart rate variability (HRV)
serves as a reliable, non-invasive biomarker for
quantifying stress-induced autonomic dysregulation,
often correlating with elevated anxiety and depressive
symptoms [10].

The pervasive nature of stress extends across multiple life
domains, including workplaces, academic settings, and
home environments [15]. In professional contexts,
advanced deep recurrent neural networks (RNNs) have
been deployed to model temporal patterns in
physiological ~data, enabling continuous  stress
monitoring and predictive alerts for working populations
[8]. Similarly, artificial intelligence frameworks
leveraging heart rate analysis have demonstrated high
sensitivity in detecting subtle stress fluctuations,
underscoring the critical link between autonomic signals
and cognitive-emotional well-being [5]. During the
COVID-19 pandemic, stress amplified psychological
vulnerabilities, with machine learning models trained on
stable personality traits successfully forecasting
perceived stress levels to identify at-risk individuals early
[31].
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1.2.1 Psychological Perspective of Stress

From a psychological viewpoint, stress originates from
cognitive appraisal processes wherein individuals
evaluate situations as either benign, challenging, or
threatening [1]. This appraisal mechanism directly
modulates behavioral responses, emotional regulation,
and performance outcomes, including workplace
productivity and mood stability [1]. Stress manifests
heterogeneously across populations: occupational
burnout among teachers and professionals [ 14], academic
pressure in university students [7], and chronic workload-
related distress in IT sectors [9]. These variations
highlight the need for tailored psychological
interventions that account for domain-specific stressors
and individual coping styles.

1.2.2. Computational Perspective on Stress

Recent advancements in machine learning and artificial
intelligence have revolutionized stress detection through
scalable, data-driven methodologies. Wearable sensors
integrated with machine learning algorithms enable
continuous, unobtrusive monitoring of mental stress in
naturalistic settings [4]. Heart rate variability (HRV)
remains a cornerstone metric, offering robust predictive
power for stress, anxiety, and mood disorders when
processed via Al models [10]. Deep learning
architectures, particularly Deep Recurrent Neural
Networks (RNNs), excel in sequential data analysis,
accurately forecasting stress trajectories among working
professionals by capturing temporal dependencies in
multimodal inputs [8].

These computational strategies facilitate real-time
detection and preemptive intervention, transforming
reactive mental health support into proactive,
personalized systems. By fusing physiological,
behavioral, and contextual data, such approaches pave
the way for adaptive stress management tools deployable
across clinical, occupational, and educational
environments [3], [5], [8].

II. ANALYSIS OF DIFFERENT MACHINE
LEARNING TECHNIQUES FOR STRESS

During the study of stress and psychological conditions,
several papers were focused on the analysis of different
parameters with various machine learning algorithms.
The bifurcation was carried out as follows:

2.1 Applications

Machine learning techniques for stress detection
encompass a broad spectrum of applications, ranging
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from real-time monitoring via wearable devices to
systematic reviews evaluating the efficacy of various
algorithms [3], [4]. Key areas include the use of wearable
sensors for capturing physiological indicators such as
heart rate variability (HRV) and electrodermal activity
(EDA) in everyday scenarios like driving or office work
[3], [11], [22]. Physiological signal analysis forms a core
component, often involving signals from ECG, EEG, or
PPG to assess stress in dynamic environments, such as
virtual reality simulations or professional settings [5],
[29]. Multimodal data fusion further enhances these
methods by integrating diverse sources like posture,
movement, textual data from social media, and
psychological surveys, enabling holistic stress evaluation
across populations including students, employees, and
drivers [2], [6], [15],[19], [21]. These applications extend
to specialized domains, such as mental health analysis
through NLP on clinical notes or social posts, and
occupational stress estimation in sectors like IT and
education [2], [9], [14], [24].

2.2 Benefits

The advantages of these machine learning approaches are
multifaceted, primarily featuring improved accuracy in
stress prediction, with reported rates reaching up to 93%
in advanced models like hierarchical CNN feature fusion
[30]. Real-time monitoring capabilities stand out,
allowing for immediate intervention in high-stakes
scenarios, as demonstrated by Al-enabled wristbands that
track vital signs and provide instantaneous feedback [11],
[21], [22]. Comprehensive analysis via data fusion
integrates multiple modalities for a more nuanced
understanding, contributing to better stress management
by identifying patterns in physiological, behavioral, and
environmental data [1], [6], [19], [29]. Each technique
fosters innovation, such as interpretable models that
enhance transparency and user trust [16], [18], or deep
learning systems that handle time-series data for
proactive stress forecasting in working professionals [8].
Overall, these methods promote enhanced well-being,
productivity, and personalized interventions across
diverse contexts, including pandemic-related mental

2.3 Challenges

Despite their potential, these methods encounter several
hurdles, including the requirement for large and diverse
datasets to train robust models, which can be resource
intensive and limit generalizability in underrepresented
populations [30], [31]. Device reliability issues arise,
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particularly with wearable sensors prone to noise, signal
artifacts, or environmental interference, affecting
accuracy in real-world applications [3], [4], [22].
Integration complexity is another barrier, as fusing
multimodal data demands sophisticated computational
frameworks and may lead to high setup costs or
processing demands [1], [19], [29]. Additionally,
challenges related to data privacy and ethical concerns
are prevalent, such as safeguarding sensitive
physiological information and ensuring explainable Al to
avoid biases in decision-making [3], [18], [23]. Some

approaches also face limitations in scope, like reliance on
self-reported data introducing bias [20], [25], [26], or
cultural and demographic variations that complicate
global applicability [24], [27].

Table 1 below represents a detailed analysis of machine
learning methods used for stress detection. Each study
focuses on different applications, benefits, and
challenges, and the accuracy of each of these papers is
also put in the last column to understand the effectiveness
of each mentioned technique.

Table 1. Analysis of Machine Learning Techniques for Stress Detection

Refer Technique Data Sources Advantages Limitations Accur
ences ::,2;
[1] Multimodal Machine Physiological and Comprehensive Complex data 85%
Learning environmental data analysis of integration and
multiple data analysis
sources
[2] Natural Language Processing Text data (social High accuracy in Limited to text-based 90%
(NLP) media, clinical text analysis data
notes)
[3] Wearable Sensors and Wearable sensor Real-time Data privacy concerns 88%
Machine Learning data monitoring and sensor reliability
[4] Wearable Sensors Wearable sensor Continuous Limited to 86%
data monitoring physiological data
[5] Transfer Learning Heart rate data Improved model Requires pre-trained 87%
performance with models
limited data
[6] Posture and Movement Posture and Non-invasive Limited by accuracy 84%
Analysis movement data of posture and
movement data
[7] Intelligent Perception Data Psychological and Holistic Requires 89%
Analysis physiological data assessment comprehensive data
collection
[8] Deep Recurrent Neural Physiological data High accuracy Computationally 92%
Network (RNN) with time-series intensive
data
[9] 5 Machine Learning Physiological and Comprehensive Complexity in 88%
Techniques behavioral data analysis integrating multiple
techniques
[10] Artificial Intelligence and Heart rate Accurate for Limited to HRV data 91%
HRV Analysis variability (HRV) stress prediction
data
[11] Artificial Intelligence- Vital signs and Real-time Dependence on device 90%
enabled Smart Wristband stress data monitoring accuracy
[12] Artificial Intelligence and Survey and Detailed Relies on self-reported 87%
Psychological Analysis psychological data psychological data
insights
[13] Artificial Intelligence, Multimodal data Comprehensive Integration complexity | 89%
Machine Learning, and analysis
Psychology Fusion
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[14] Interdisciplinary Analysis Psychological and Holistic view on Data collection 85%
job-related data job stress complexity
[15] NLP and Text Analysis Social media posts High accuracy in Limited to text data 88%
text sentiment
analysis
[16] Interpretable Machine Multimodal data Transparent and Complexity in 87%
Learning understandable interpretation
models
[17] Psychological Indicator Psychological data Accurate Limited to 86%
Classification classification psychological data
[18] Explainable Artificial Physiological Transparent Computational 90%
Intelligence measurements decision-making complexity
[19] Multimodal Physiological Physiological and Comprehensive Complex 89 to
and Psychological Data psychological data data integration implementation and 92%
for accurate stress high computational
detection requirements, Data
collection complexity
[20] Surveys, statistical analysis Employee self- Easy to Subject to self-report Not
reports administer, cost- | bias, not real-time data | specifi
effective ed
[21] Machine Learning (Various Non-invasive Non-invasive, Dependency on high- 90%
Techniques) physiological real-time quality signal
signals detection, high acquisition
accuracy
[22] Machine Learning (EDA Wrist-based Convenient, Limited to specific 88%
Monitoring) Electrodermal wearable physiological signals,
Activity technology potential for noise
[23] Machine Learning (Various Employee Data Can be tailored to Privacy concerns, 85%
Techniques) specific potential bias in data
organizational
needs
[24] Loss of human capital Occupational health Comprehensive Requires extensive Not
estimation reports, economic analysis of data, complex analysis | specifi
data economic impact ed
[25] Surveys, statistical analysis Employee self- Highlights Self-report bias, Not
reports on work- psychological limited to specific specifi
family conflict and factors, easy to demographic ed
autonomy administer
[26] Surveys, statistical analysis Employee reports Focuses on Self-report bias, Not
on competency and workplace cultural differences specifi
organizational environment, may affect results ed
culture identifies key
stressors
[27] Environmental assessment, Office worker A comprehensive | Requires diverse data Not
surveys reports, view of sources, environmental | specifi
environmental stress environmental factors vary widely ed
factors stress
[28] Review of well-being Literature review, Identifies best Limited by available Not
initiatives case studies practices, broad literature, not applic
overview empirical data able
[29] Multimodal Fusion (ECG ECG, Virtual Multidimensional | High setup cost, VR- 89%
and VR) Reality data sources, related limitations
Environment immersive
environment
[30] Hierarchical CNN Feature Multimodal High accuracy, Computationally 93%
Fusion Physiological Data robust feature expensive, requires
extraction extensive training data
[31] Machine learning models Psychological traits, High accuracy, Requires large dataset, Not
surveys predictive complex model specifi
capabilities interpretation ed
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In evaluating the machine learning techniques for stress
detection (refer to Table II), key considerations include
the nature of input data (e.g., physiological, behavioral,
or textual), model interpretability, predictive accuracy,
and feasibility for real-world deployment. A wide range
of algorithms such as decision trees, rule-based systems,
linear regression, deep recurrent neural networks,
artificial neural networks, support vector machines, and
k-nearest neighbors have been widely adopted in stress
classification tasks [8], [9].

The synergy of wearable sensors, heart rate variability
(HRV) monitoring, and Al-powered real-time vital sign
tracking has yielded highly effective stress detection
outcomes [11]. This domain holds critical importance for

healthcare and individual wellness. A particularly robust
approach involves wrist-based electrodermal activity
(EDA) sensing, where machine learning processes subtle
skin conductance patterns to infer stress states [22].
Furthermore, integrating multimodal signals including
posture, movement dynamics, and physiological markers
enables reliable identification of acute psychosocial
stress [6]. To address transparency concerns,
interpretable machine learning frameworks have been
developed for multimodal stress analysis in controlled
office simulations, significantly improving trust and
insight into algorithmic decisions [16].

Table 2. Comparative Analysis of Machine Learning Techniques for Stress Detection

Technique Data Sources Advantages Limitations References
Support Vector Physiological signals High accuracy, robustness Requires feature engineering
Machines [10], [22]
Random Forests Behavioral data Handles large datasets well Prone to overfitting [6], [26]
Neural Networks Multimodal data High flexibility, deep learning Computationally intensive [11, [30]
K-means Physiological and Simple, interpretable Sensitive to initial conditions
Clustering behavioral data [4], [19]
CNNs Image and video data | Automated feature extraction Requires large datasets [211, [30]
RNNs Time-series data Captures temporal Complex training process
dependencies (8], [18]

III. CONTEMPORARY RESEARCH

Recent advancements in artificial intelligence and stress
management have significantly progressed, with a strong
emphasis on multimodal stress detection frameworks.
Researchers have investigated diverse sensor-based
strategies, including the use of electrocardiogram (ECG),
electroencephalogram (EEG), and
photoplethysmography (PPG) signals collected via
wearable devices to identify stress across varied contexts
such as driving, academic settings, and professional
environments [3]. Additionally, machine learning
combined with natural language processing has been
effectively applied to extract stress indicators from
unstructured mental health data, enabling large-scale
sentiment and psychological state analysis [2].

Furthermore, artificial intelligence-driven models
leveraging heart rate variability (HRV) have
demonstrated robust performance in stress classification,
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highlighting the adaptability of various algorithmic
configurations for real-time detection [5]. Deep learning
architectures, particularly Deep Recurrent Neural
Networks (RNNs), have been specifically tailored for
continuous  stress monitoring among  working
professionals, achieving high temporal accuracy in
dynamic workplace scenarios [8].

Innovative data acquisition techniques continue to evolve
within mental health and stress research. These include
structured psychometric assessments using intelligent
perception scales [11], motion-capture-based posture and
gait analysis for non-verbal stress cues [6], and the
integration of comprehensive multimodal datasets
combining physiological and psychological metrics [19].
Such approaches enable the aggregation of
heterogeneous data streams including demographic
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profiles, biosensor readings, and social media behavior
for enhanced predictive modeling [15], [19].

Ethical integration remains a cornerstone of trustworthy
Al deployment in stress prediction. By embedding
explainability and transparency into model design,
developers foster user confidence through interpretable
decision pathways [18]. Adherence to privacy-preserving
practices and informed consent not only safeguards
individual rights but also strengthens the credibility and
clinical viability of Al-driven stress intervention systems
[18]. Collectively, these developments underscore a
multidisciplinary paradigm, merging psychology, data
science, and wearable technology to create scalable,
ethical, and effective tools for stress detection and
proactive mental wellness.

IV. CONCLUSION

The integration of Artificial Intelligence and Machine
Learning in stress detection has shown promising results
in the field of cognitive psychology. By utilizing
wearable sensors, physiological measurements, and
machine learning techniques, researchers have been able
to develop intelligent systems capable of detecting stress
levels accurately. These advancements not only aid in
identifying stress but also contribute to understanding the
cognitive and emotional dimensions associated with
stress. Future research in this area could focus on refining
Artificial Intelligence models for stress prediction,
exploring the impact of stress on productivity and mood,
and further investigating the relationship between stress,
cognitive appraisal, and physiological responses.
Additionally, there is a growing need to develop
explainable Artificial Intelligence systems for stress
prediction to enhance the interpretability and
trustworthiness of these models in
applications.

In the future, we will be working on a psychological
dataset with the implementation of several machine
learning techniques to enhance the detection of analysis
techniques of stress.

real-world
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