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This study aimed to develop and validate an artificial intelligence (AI) framework 

for monitoring athletes' mental states, addressing critical gaps in traditional 

assessment methods through advanced machine learning techniques. A mixed-

methods longitudinal design was employed with 128 elite athletes, integrating 

multimodal data streams including physiological (Empatica E4, Polar H10), 

psychological (APSQ, CAT-MH), and behavioral (facial/voice analysis) measures. 

A hybrid ensemble model combining Temporal Convolutional Networks with 

multimodal fusion and explainable AI components was developed and validated 

through controlled stress induction protocols and ecological momentary 

assessments over 12 weeks. The AI model demonstrated superior performance 

(84.7% accuracy) in classifying mental states compared to unimodal approaches, 

identifying distinct stress phenotypes with differential intervention needs. Real-time 

feedback reduced acute stress duration by 42.3%, while subgroup analyses revealed 

gender- and sport-specific stress signatures. The system detected subclinical stress 

6.7 minutes before athlete self-report, with strong validation against clinician 

ratings (κ=0.78) and biochemical markers (cortisol r=0.69). This research 

establishes that carefully designed AI systems can overcome limitations of 

conventional athlete mental health monitoring, providing sensitive, actionable 

insights while maintaining ethical standards. The framework offers sports medicine 

professionals a transformative tool for early intervention and personalized 

psychological support, representing a significant advancement in sports science 

with immediate practical applications. Future work should explore longitudinal 

implementation across diverse athletic populations. 

Keywords: AI in sports, mental state monitoring, machine learning, athlete psychology, 

stress detection. 

  

1. Introduction 

he integration of artificial intelligence (AI) into sports 

psychology marks a transformative shift in the way 

athletes’ mental states are assessed, interpreted, and acted 

upon. In competitive sports, where the margin between 

success and failure can be measured in fractions of a 

second or subtle changes in psychological readiness, the 

ability to capture real-time, objective data on mental well-

being has become increasingly valuable (Hammes et al., 

2022; Munoz-Macho et al., 2024). Conventional 

psychological assessment tools—such as structured 

interviews, self-report questionnaires, and observational 

T 
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methods—remain indispensable, but they are often 

constrained by subjectivity, recall bias, and limited 

temporal resolution (Anderson et al., 2023; Balcombe & De 

Leo, 2020). Advances in AI and machine learning (ML) 

have enabled the fusion of multimodal data streams, 

including physiological signals, behavioral indicators, and 

cognitive markers, to produce continuous and predictive 

analytics that can surpass the diagnostic accuracy of 

traditional approaches (Biró et al., 2023; Vos et al., 2023). 

The psychological demands on athletes have intensified 

in recent years, driven by the escalating pace of 

competition, heightened media exposure, and evolving 

training environments (Claussen et al., 2024; Rice et al., 

2019). Mental stressors range from performance anxiety 

and burnout to long-term mood disturbances and 

maladaptive coping behaviors (Oguro et al., 2023; Reardon 

et al., 2019). Tools such as the Sport Mental Health 

Assessment Tool (SMHAT-1) and the Athlete 

Psychological Strain Questionnaire (APSQ) have been 

developed to improve early detection and intervention 

(Gouttebarge et al., 2021; Sore et al., 2024), yet their 

dependence on self-reported data limits their ability to 

detect rapid or subclinical fluctuations in mental state 

(Anderson et al., 2023; Rice et al., 2020). Physiological 

proxies—such as heart rate variability, electrodermal 

activity, and cortisol levels—are well established in stress 

research (Cohen & Hamrick, 2003; Schuurmans et al., 

2020), and behavioral markers like facial micro-

expressions and voice stress patterns are gaining empirical 

support (Jeon et al., 2021; Larsen et al., 2024), but the 

siloed application of these measures fails to reflect the 

inherently multidimensional nature of athlete 

psychophysiology (Patil & Paithane, 2025; Xiang et al., 

2025). 

Recent AI-driven approaches have sought to address this 

fragmentation by employing multimodal fusion strategies, 

integrating time-series physiological data with behavioral 

and cognitive features (Khoo et al., 2024; Kong & Duan, 

2024). Deep learning models—particularly convolutional 

neural networks (CNNs), recurrent neural networks 

(RNNs), and temporal convolutional networks (TCNs)—

have shown strong promise in capturing the temporal 

dependencies and nonlinear patterns inherent in stress 

responses (Cheng et al., 2022; Rakhmatulin et al., 2024; Tu 

et al., 2025). In high-performance settings, such systems 

can identify stress onset minutes before conscious 

awareness, providing opportunities for timely and targeted 

interventions (Hilal Yagin et al., 2025; Zhang et al., 2025). 

For example, wearable-integrated AI systems have 

demonstrated the capacity to predict pre-competition 

anxiety episodes, facilitating coaching decisions and 

individualized preparation strategies (Assalve et al., 2024; 

Fabbrizio et al., 2023). 

Despite these advances, the literature presents a divided 

perspective on the adoption of AI for mental state 

monitoring in sport. On one side, proponents highlight its 

potential to reveal micro-patterns invisible to human 

observers, to personalize interventions, and to reduce 

stigma by offering discrete, automated support (Ben 

Ezzdine et al., 2025; Pickering & Kiely, 2019). On the 

other, critics emphasize the risks of algorithmic opacity, 

biased training datasets, and insufficient validation in 

diverse athlete populations (Farhud & Zokaei, 2021; Kim et 

al., 2025; Maccaro et al., 2024). The “black box” nature of 

many deep learning systems has been a recurrent ethical 

concern, prompting calls for explainable AI (XAI) 

techniques that allow both practitioners and athletes to 

understand the basis for the model’s decisions (Gkintoni et 

al., 2025; Rudin, 2019). Moreover, data privacy 

challenges—especially when processing sensitive biometric 

and psychological information—demand advanced 

encryption and governance frameworks to ensure 

compliance with ethical and legal standards (Yang et al., 

2023; Zhou et al., 2022). 

The operationalization of AI in elite sport is further 

complicated by practical and methodological issues. For 

instance, wearable technologies vary widely in their 

reliability, with some devices such as the Empatica E4 

demonstrating strong validity against electrocardiography 

(Schuurmans et al., 2020), while others suffer from 

measurement drift in high-movement contexts (Migliaccio 

et al., 2024; Schoenmakers et al., 2025). Stress detection 

accuracy can also be influenced by contextual variables 

such as sport type, competition level, and gender, 

necessitating model calibration for specific athlete 

subgroups (Shannon et al., 2019; Tomé-Lourido et al., 

2023). Moreover, ecological validity is often compromised 

when AI models are trained on laboratory data that fail to 

replicate the psychosocial pressures of actual competition 

(Huhn et al., 2022; Rice et al., 2016). Bridging this gap 

requires experimental protocols that incorporate realistic 

stressors—such as performance-contingent rewards or 

social evaluation scenarios—to generate representative 

training data for AI models (Giles et al., 2020; Pinge et al., 

2024). 

https://portal.issn.org/resource/ISSN/3041-9433
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Another critical dimension is the translation of AI-

derived insights into actionable interventions. Real-time 

haptic alerts, personalized coping recommendations, and 

coach-facing analytics are among the modalities explored 

to operationalize AI outputs in practice (Dindorf et al., 

2025; Sore et al., 2024). While initial findings suggest such 

feedback can significantly reduce acute stress duration 

(Patil & Paithane, 2025; Xiang et al., 2025), the optimal 

matching of intervention type to stress phenotype remains 

underexplored. Understanding whether a given athlete 

responds better to biofeedback, cognitive reframing 

prompts, or environmental adjustments could substantially 

improve efficacy (Biró et al., 2023; Vos et al., 2023). 

The ethical integration of AI into athlete monitoring 

frameworks must also address autonomy and consent. The 

potential for over-surveillance raises questions about 

athletes’ rights to mental privacy, especially in 

environments where power dynamics between coaches, 

organizations, and players can complicate voluntary 

participation (Kim et al., 2025; Maccaro et al., 2024). 

Additionally, the interpretability of AI outputs is not 

merely a technical issue but a psychological one, 

influencing athletes’ trust in the system and their 

willingness to act on its recommendations (Claussen et al., 

2024; Cohen & Hamrick, 2003). 

From a broader perspective, the deployment of AI in 

sports psychology must align with interdisciplinary 

consensus and governance frameworks. International 

bodies such as the International Olympic Committee have 

underscored the importance of mental health screening and 

recognition tools while cautioning against premature 

adoption of unvalidated technologies (Anderson et al., 

2023; Gouttebarge et al., 2021). The first international 

consensus statement on sports psychiatry emphasizes both 

the promise and the responsibility associated with 

integrating emerging technologies into athlete care 

(Claussen et al., 2024). 

Given these complexities, the present study aims to 

bridge critical gaps by developing and validating a 

multimodal AI framework capable of detecting, classifying, 

and predicting athletes’ mental states with high accuracy, 

while embedding explainability, personalization, and 

privacy-preserving mechanisms into its core design. 

2. Methods and Materials 

2.1. Study Design and Participants 

This study employed a mixed-methods longitudinal 

design to evaluate the efficacy of artificial intelligence (AI) 

in monitoring athletes' mental states, combining 

quantitative biometric data collection with qualitative 

feedback sessions. The research framework was structured 

into three sequential phases: (1) multimodal data 

acquisition using validated wearable sensors and 

psychological instruments, (2) development and training of 

a proprietary machine learning (ML) algorithm, and (3) 

real-time validation through controlled stress induction 

protocols and ecological momentary assessments (EMAs). 

This approach aligns with recent methodological 

advancements in digital phenotyping studies (Tomé-

Lourido et al., 2023) while addressing critical gaps in 

temporal resolution and ecological validity identified in 

prior AI-sports research (Gouttebarge et al., 2021). 

A stratified sample of 128 competitive athletes (64 male, 

64 female) was recruited from Olympic training centers 

across three European countries, ensuring representation 

from both individual (track/swimming) and team 

(soccer/basketball) sports. Inclusion criteria required 

minimum 5 years of elite competition, current training 

loads exceeding 15 hours/week, and no diagnosed 

psychiatric conditions (verified through the Mini-

International Neuropsychiatric Interview). The sample size 

was determined via power analysis (G*Power 3.1) based on 

effect sizes from comparable ML studies in sports 

psychology (d = 0.72, α = 0.05, power = 0.90) (22). 

Participant demographics mirrored the diversity of elite 

athletic populations (mean age 23.4±3.1 years, career 

duration 8.2±2.7 years). 

2.2. Measures 

The data collection framework incorporated a rigorously 

validated, multi-tiered measurement system designed to 

capture comprehensive psychophysiological profiles of 

athletes. For physiological monitoring, Empatica E4 

wristbands were employed to continuously record 

electrodermal activity, heart rate variability, and skin 

temperature, with recent validation studies demonstrating 

95% agreement with clinical polysomnography when used 

with athletic populations (Kim et al., 2025). 

Complementing this, Polar H10 chest straps were utilized 

to capture high-fidelity RR intervals at a 1000Hz sampling 

https://portal.issn.org/resource/ISSN/3041-9433
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rate, with comparative reliability analyses showing superior 

stress detection capability (ICC = 0.91) relative to 

consumer-grade monitoring devices (Maccaro et al., 2024). 

Psychological assessment was conducted using two 

established instruments. The Athlete Psychological Strain 

Questionnaire, a 28-item scale specifically developed and 

validated for elite performers, demonstrated excellent 

internal consistency (α = 0.89) in detecting subclinical 

distress (Rice et al., 2020). Weekly administrations of the 

Computerized Adaptive Testing-Mental Health system, an 

AI-enhanced diagnostic tool showing 93% concordance 

with structured clinical interviews (Farhud & Zokaei, 

2021), were conducted via encrypted tablets to ensure data 

security. 

Behavioral tracking incorporated advanced 

computational techniques, including facial affect analysis 

through the Affdex SDK (version 3.2), which achieved 

82% accuracy in micro-expression recognition compared to 

FACS-certified human coders in recent athletic samples 

(Yang et al., 2023). Concurrently, voice stress analysis was 

performed using Beyond Verbal's Emotion Analytics API, 

with validation studies reporting strong discriminative 

capacity for anxiety states (AUC = 0.87) among 

competitive athletes (Cohen & Hamrick, 2003). 

2.3. Intervention 

The 12-week investigation implemented a carefully 

structured protocol comprising three distinct phases. 

During the initial baseline phase (weeks 1-2), participants 

completed comprehensive psychophysiological profiling, 

including resting-state measurements during controlled 

low-intensity training sessions (maintained at 40% VO₂ 

max) and structured clinical interviews conducted by 

licensed sports psychologists using the Sport Mental Health 

Assessment Tool, which has demonstrated strong 

diagnostic utility in recent athlete mental health research 

(Pickering & Kiely, 2019). 

The subsequent controlled stress induction phase (weeks 

3-8) implemented three experimentally validated stress 

paradigms in randomized counterbalanced order. 

Competition simulation sessions involved high-pressure 

scrimmages with performance-contingent reward 

structures, while cognitive load conditions combined 

physical exertion with demanding Stroop test variants. 

Social evaluation scenarios comprised mock press 

conferences incorporating critical feedback elements. Each 

90-minute stress session was preceded by 24-hour 

continuous biometric monitoring and followed by 

ecological momentary assessments utilizing Visual Analog 

Scales for perceived stress and the Total Quality Recovery 

scale for recovery state evaluation. 

The final AI intervention phase (weeks 9-12) 

operationalized the machine learning model's predictive 

capabilities through three feedback modalities. Wearable 

haptic devices delivered real-time alerts when stress 

thresholds were exceeded, while a secure mobile dashboard 

provided personalized coping recommendations. 

Simultaneously, coaching staff received analytics 

identifying athletes exhibiting high-risk 

psychophysiological patterns. 

2.4. Data Analysis 

The analytical framework incorporated a hybrid 

ensemble model featuring several specialized components. 

A Temporal Convolutional Network processed 

physiological time-series data through dilated causal 

convolutions (kernel size=5, dilation rate=2ⁿ), while a 

multimodal fusion layer implemented late fusion of facial, 

vocal, and textual features using cross-attention 

mechanisms. To enhance interpretability, a dedicated 

explainability module employed layer-wise relevance 

propagation to generate stress attribution maps. 

Model development utilized athlete-specific leave-one-

out cross-validation to account for individual response 

heterogeneity, with hyperparameter optimization conducted 

via Bayesian optimization (GPyOpt library) incorporating 

early stopping (patience=10 epochs) to prevent overfitting. 

Primary analytical approaches included multilevel 

modeling to examine within-person physiological changes 

across experimental conditions (implemented via R's nlme 

package) and receiver operating characteristic analysis to 

evaluate model discrimination between baseline and stress 

states. Secondary analyses incorporated network 

psychometric techniques to estimate Gaussian graphical 

models of stress symptom interactions (using the qgraph 

package) and Shapley Additive Explanations to quantify 

feature importance across demographic and sport-type 

subgroups. 

Convergent validity was established by comparing 

model predictions against two independent criteria: expert 

clinician ratings (Cohen's κ = 0.78) and serum cortisol 

levels (r = 0.69, p<0.001). Test-retest reliability was 

confirmed through intraclass correlation analysis (ICC(3,k) 

= 0.85) across repeated measurements. 

https://portal.issn.org/resource/ISSN/3041-9433
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The study protocol received formal approval from the 

European Sports Ethics Committee (Ref: ESEC-2023-

0281), with stringent data protection measures including 

continuous anonymization through homomorphic 

encryption (Microsoft SEAL library), directly addressing 

privacy concerns identified in recent sport-AI research. 

All analytical procedures were conducted using R 4.3.1 

(incorporating lme4, pROC, and qgraph packages) and 

Python 3.10 (utilizing PyTorch and SHAP libraries), with 

fully reproducible workflows documented through Code 

Ocean capsules. Effect size reporting adhered to Cohen's 

conventions, with 95% confidence intervals derived from 

10,000 bootstrap samples to ensure robust estimation. 

This comprehensive methodology represents a 

significant advancement over previous approaches through 

its integration of explainable AI with clinical gold 

standards, implementation of ecologically valid stress 

induction protocols, and innovative person-specific 

modeling to address individual response heterogeneity. The 

design facilitates direct comparison with conventional 

assessment methods while establishing rigorous 

benchmarks for future AI applications in athlete mental 

health monitoring. 

3. Findings and Results 

The comprehensive analysis of multimodal data from 

128 elite athletes revealed significant insights into the 

capacity of artificial intelligence to monitor and predict 

mental states in high-performance sporting environments. 

The hybrid ensemble model demonstrated robust 

performance across all validation metrics, establishing a 

new benchmark for psychophysiological state detection in 

sports science. 

Machine Learning Model Performance 

The temporal convolutional network achieved 

exceptional temporal pattern recognition, with the 

multimodal fusion layer showing superior performance to 

unimodal approaches (see Table 1). When processing 

physiological time-series data, the model maintained 92.4% 

accuracy (95% CI: 90.1-94.3%) in stress state 

classification, significantly outperforming traditional 

statistical methods (ΔAUC = +0.21, p < 0.001) while 

maintaining computational efficiency (latency = 47ms ± 

12). These results align with recent advancements in 

athletic biometric analysis while extending previous work 

through the incorporation of explainability features. 

Table 1 

Comparative Performance Metrics of AI Model Components 

Model Component Accuracy (%) Precision Recall F1-Score AUC 

TCN (Physiological) 82.4 0.91 0.93 0.92 0.96 

Facial Analysis 72.1 0.79 0.85 0.82 0.87 

Vocal Analysis 68.6 0.81 0.76 0.78 0.83 

Multimodal Fusion 84.7 0.93 0.96 0.95 0.98 

 

The comparative analysis presented in Table 1 illustrates 

the synergistic effect of multimodal integration, where the 

combined model exceeded the performance of any 

individual modality. Notably, the fusion layer demonstrated 

particular efficacy in detecting subclinical stress states that 

often elude conventional assessment methods, achieving 

84.7% classification accuracy for pre-competitive anxiety 

episodes. This finding corroborates emerging evidence 

supporting multimodal approaches in sports psychology, 

while the explainability module provided novel insights 

into feature importance across different athletic subgroups. 

 

 

Physiological Response Patterns 

Continuous biometric monitoring revealed distinct stress 

response profiles across experimental conditions (Figure 1). 

The competition simulation paradigm elicited the most 

pronounced cardiovascular reactions, with average heart 

rate variability (RMSSD) decreasing by 38.2% (95% CI: 

34.7-41.5%) from baseline, significantly exceeding 

responses to cognitive load (22.4% decrease, p = 0.003) 

and social evaluation (29.1% decrease, p = 0.018) 

conditions. These differential responses were captured with 

high temporal resolution by the AI system, enabling real-

time identification of stress onset an average of 6.7 minutes 

(±2.1) before athletes reported subjective distress. 

https://portal.issn.org/resource/ISSN/3041-9433
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Figure 1 

Time-course of Normalized Physiological Responses Across Stress Conditions 

 

Visual description: Line graph showing standardized z-

scores for HRV, EDA, and skin temperature across 90-

minute sessions for three stress conditions, with shaded 

confidence intervals. Competition simulation shows 

steepest HRV decline, while cognitive load produces most 

sustained EDA elevation. 

The temporal dynamics visualized in Figure 1 highlight 

the model's capacity to discern context-specific stress 

signatures. Particularly noteworthy was the algorithm's 

detection of "stealth stress" patterns - physiological 

responses occurring without conscious awareness - which 

accounted for 19.3% of all stress episodes identified. These 

findings extend previous observations regarding 

subthreshold stress responses in athletes and demonstrate 

how AI can surface clinically relevant patterns that 

traditional monitoring might miss. 

Psychological and Behavioral Correlates 

The Athlete Psychological Strain Questionnaire data 

showed strong concordance with AI-derived stress 

classifications (κ = 0.72, p < 0.001), validating the model's 

psychological relevance. Network analysis of symptom 

interactions revealed two distinct clusters: a "performance 

anxiety" constellation (competitive stress → muscle tension 

→ attention narrowing) and a "burnout precursor" pattern 

(chronic stress → sleep disturbance → mood lability). 

These emergent phenotypes align with recent typologies 

proposed in sports psychiatry, while providing quantitative 

validation through AI-driven pattern recognition. 

Subgroup Analyses 

The SHAP value analysis (Figure 2) uncovered 

important variations in feature importance across athlete 

demographics. For female athletes, vocal pitch variability 

emerged as the most salient stress predictor (mean |SHAP| 

= 0.21), whereas male athletes showed greater reliance on 

cardiovascular markers (mean |SHAP| = 0.24). Team sport 

athletes demonstrated stronger facial expression cues 

compared to individual sport athletes (Δ|SHAP| = 0.07, p = 

0.012), suggesting sport-specific adaptation of emotional 

regulation strategies. 
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Figure 2 

SHAP Summary Plot of Feature Importance Across Subgroups 

 

Beeswarm plot showing distribution of SHAP values for 

top 15 features, colored by feature value, with separate 

clusters for gender and sport type subgroups. 

The differential feature importance patterns depicted in 

Figure 2 underscore the necessity for personalized 

monitoring approaches in sports psychology. These 

findings challenge the "one-size-fits-all" assumptions 

prevalent in traditional athlete monitoring systems and 

provide empirical support for customized AI 

implementations based on athlete characteristics. 

Intervention Efficacy 

During the AI feedback phase, real-time interventions 

reduced acute stress episode duration by 42.3% (95% CI: 

38.1-46.5%) compared to non-intervention periods. The 

haptic alert system proved particularly effective for 

competition anxiety, while the mobile dashboard 

interventions showed greatest impact on chronic stress 

patterns. Coach-facing analytics enabled early 

identification of three athletes requiring clinical referral, 

demonstrating the system's translational utility. 

Validation Outcomes 

The model maintained robust performance across 

validation metrics, showing strong agreement with clinician 

ratings (κ = 0.78) and biochemical markers (cortisol r = 

0.69). Test-retest reliability remained excellent (ICC = 

0.85), with no significant performance degradation across 

the study period. These results meet or exceed benchmarks 

established in recent AI-sports research while incorporating 

more comprehensive validation protocols. 

Ethical Implementation 

The homomorphic encryption system successfully 

maintained data privacy throughout the study, with 

computational overhead remaining within acceptable limits 

(mean processing delay = 63ms ± 15). Participant feedback 

indicated high acceptance of the AI monitoring system 

(mean acceptability score = 8.2/10, SD = 1.1), addressing 

concerns raised in prior digital phenotyping research. 

These results collectively demonstrate that AI-driven 

monitoring can provide sensitive, specific, and actionable 

insights into athlete mental states while overcoming many 

limitations of conventional assessment methods. The 

integration of explainability features and subgroup-specific 

modeling represents a significant advance over previous 

approaches, offering both scientific rigor and practical 

utility for sports organizations. 
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4. Discussion and Conclusion 

The present study provides compelling evidence that 

artificial intelligence (AI), when implemented through a 

multimodal, explainable machine learning framework, can 

significantly enhance the monitoring and interpretation of 

athletes’ mental states. The hybrid ensemble model 

achieved an overall classification accuracy of 84.7%, 

outperforming unimodal approaches and traditional 

assessment methods. This is consistent with emerging 

evidence that integrating multiple physiological, 

behavioral, and psychological data streams yields superior 

diagnostic accuracy compared to isolated metrics (Biró et 

al., 2023; Khoo et al., 2024). The model’s capacity to 

detect subclinical stress patterns and predict stress onset an 

average of 6.7 minutes before athlete self-report represents 

a critical advancement, addressing longstanding concerns 

about the temporal limitations of conventional tools such as 

the Sport Mental Health Assessment Tool (SMHAT-1) and 

the Athlete Psychological Strain Questionnaire (APSQ) 

(Anderson et al., 2023; Sore et al., 2024). 

One of the most noteworthy findings was the system’s 

ability to identify two distinct stress phenotypes—

performance anxiety and burnout precursors—through 

network analysis of symptom interactions. This 

differentiation aligns with prior work in sports psychiatry, 

where diverse stress response patterns have been 

documented (Claussen et al., 2024; Rice et al., 2019). Our 

observation that performance anxiety was more strongly 

associated with cardiovascular markers, while burnout 

precursors were linked to behavioral cues such as facial 

micro-expressions and vocal pitch variability, parallels 

findings from deep learning–based stress recognition 

studies (Jeon et al., 2021; Larsen et al., 2024). Furthermore, 

these results corroborate evidence from wearable-integrated 

monitoring systems indicating that multimodal fusion can 

capture the multidimensional nature of stress more 

effectively than single-sensor approaches (Patil & Paithane, 

2025; Xiang et al., 2025). 

The subgroup analyses revealed meaningful gender- and 

sport-specific differences in stress indicators. Female 

athletes’ stress was more accurately predicted by vocal 

biomarkers, while male athletes’ stress was predominantly 

indicated by cardiovascular parameters. This aligns with 

literature suggesting sex-based variability in physiological 

and behavioral stress expressions (Hilal Yagin et al., 2025; 

Vos et al., 2023). Additionally, the finding that team sport 

athletes exhibited more pronounced facial expression cues 

compared to individual sport athletes challenges earlier 

assumptions that individual athletes display higher 

emotional expressivity due to fewer social masking 

behaviors (Shannon et al., 2019; Tomé-Lourido et al., 

2023). Such variations emphasize the necessity for 

personalized calibration of AI models, an approach 

increasingly advocated in AI ethics and sports science 

literature (Kim et al., 2025; Pickering & Kiely, 2019). 

From a physiological perspective, the competition 

simulation condition elicited the steepest reduction in heart 

rate variability (38.2%), surpassing the 22–29% reductions 

typically reported in laboratory stress paradigms (Cohen & 

Hamrick, 2003; Schuurmans et al., 2020). This suggests 

that ecologically valid competitive stressors induce more 

pronounced autonomic responses, which may explain why 

AI models trained on artificial tasks often underperform in 

real-world sports environments (Huhn et al., 2022; Munoz-

Macho et al., 2024). The superior performance of our 

model under these conditions underscores the importance 

of training algorithms on data obtained from authentic 

competitive scenarios rather than solely on controlled 

laboratory tasks (Migliaccio et al., 2024; Pinge et al., 

2024). 

The intervention outcomes further demonstrate the 

translational value of AI-driven mental state monitoring. 

The 42.3% reduction in acute stress duration following 

real-time haptic alerts and dashboard feedback supports 

previous findings that timely, personalized interventions 

can meaningfully alter stress trajectories (Dindorf et al., 

2025; Kong & Duan, 2024). Importantly, our results 

suggest that matching the mode of intervention to the 

identified stress phenotype—haptic alerts for acute 

performance anxiety and dashboard feedback for chronic 

stress—may maximize effectiveness. This observation 

advances earlier digital mental health studies that reported 

mixed efficacy, often due to generic intervention protocols 

that failed to consider individual stress typologies 

(Balcombe & De Leo, 2020; Giles et al., 2020). 

Ethical implementation was a central component of the 

present framework, incorporating homomorphic encryption 

to protect sensitive biometric and psychological data 

(Farhud & Zokaei, 2021; Yang et al., 2023). The successful 

deployment of privacy-preserving computation without 

compromising real-time functionality addresses a critical 

barrier to widespread adoption, particularly in elite sports 

contexts where data confidentiality is paramount (Kim et 

al., 2025; Maccaro et al., 2024). The integration of 

explainable AI (XAI) techniques, including layer-wise 
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relevance propagation, enhanced transparency and 

interpretability, thereby addressing concerns about the 

“black box” nature of deep learning models (Gkintoni et 

al., 2025; Rudin, 2019). Athlete acceptance ratings were 

high (mean 8.2/10), suggesting that ethical safeguards and 

interpretability features contribute positively to user trust, 

an outcome consistent with prior research on technology 

adoption in sports settings (Chin et al., 2022; Hammes et 

al., 2022). 

The convergence of our AI predictions with clinician 

ratings (κ = 0.78) and biochemical markers (cortisol r = 

0.69) provides robust validation, exceeding the benchmarks 

set in comparable AI-sports studies (Hilal Yagin et al., 

2025; Vos et al., 2023). These results also support the 

feasibility of integrating AI-based monitoring into 

multidisciplinary care pathways, complementing 

psychological screening tools and providing continuous 

surveillance between formal assessments (Anderson et al., 

2023; Gouttebarge et al., 2021). The practical implication is 

that coaches, sports psychologists, and medical staff can act 

on early-warning indicators rather than waiting for self-

reported symptoms or performance deterioration to 

manifest. 

In sum, our findings align with a growing body of 

literature demonstrating that AI can enhance the accuracy, 

timeliness, and personalization of mental health monitoring 

in athletes (Biró et al., 2023; Khoo et al., 2024; Patil & 

Paithane, 2025). The model’s ability to identify stress 

phenotypes, predict onset before conscious awareness, and 

deliver targeted interventions situates it as a viable 

complement to established mental health frameworks 

(Claussen et al., 2024; Reardon et al., 2019). These results 

support calls for a paradigm shift toward integrated, 

technology-enhanced approaches in sports mental health 

management (Ben Ezzdine et al., 2025; Rice et al., 2016). 

While this study offers significant contributions, certain 

limitations must be acknowledged. The sample consisted 

exclusively of elite athletes from European training centers, 

which may limit the generalizability of results to amateur 

or non-European athletic populations. The 12-week 

monitoring period, though longer than many prior AI 

validation studies, does not capture seasonal variations or 

long-term adaptation to AI feedback. Stress induction 

protocols, while designed for ecological validity, cannot 

fully replicate the multifactorial pressures of major 

competitions. Furthermore, despite robust validation 

against clinician ratings and biochemical markers, both 

measures have inherent limitations, including subjectivity 

in clinical assessments and variability in biomarker 

responses. Finally, although homomorphic encryption 

preserved data privacy, the computational overhead could 

pose challenges for implementation in resource-limited 

environments. 

Future studies should explore longitudinal deployment 

of AI mental state monitoring systems across full 

competitive seasons to assess predictive validity for 

performance outcomes and injury risk. Expanding the 

participant pool to include diverse cultural, linguistic, and 

competition-level contexts will improve generalizability. 

Research should also investigate the integration of AI 

monitoring with existing athlete management platforms to 

examine synergistic effects when mental state data are 

combined with physical performance metrics. 

Technological advancements such as edge computing could 

be leveraged to reduce latency while maintaining privacy-

preserving capabilities. Additionally, experimental work on 

tailoring AI-generated interventions based on stress 

phenotype, sport type, and individual preferences could 

optimize real-world impact. 

In practice, sports organizations could adopt multimodal 

AI monitoring as a proactive tool for early detection of 

stress and mental health risks, embedding it into regular 

training cycles rather than limiting assessments to pre-

competition periods. Intervention strategies should be 

personalized, with real-time haptic feedback prioritized in 

competition settings and more detailed dashboard analytics 

reserved for training environments. The identification of 

distinct stress phenotypes can guide coaches and sports 

psychologists in tailoring mental skills training, recovery 

protocols, and counseling approaches to individual needs. 

Ethical safeguards, including transparent AI decision-

making and robust data protection, should be standard to 

maintain athlete trust and compliance. Collaborative 

implementation involving athletes, coaches, medical staff, 

and technologists will be essential to maximize both the 

effectiveness and acceptance of these systems in elite sport. 
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