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Abstract  

As organizations increasingly operate in complex and high-pressure environments, the need for 

objective, real-time assessment of soft skills, such as adaptability, emotional regulation, and decision-

making under stress, has become critical. Traditional HR methods fall short in capturing these 

competencies effectively, especially in dynamic contexts like hospitality, healthcare, or crisis 

management. This paper proposes a novel interdisciplinary framework that adapts behavioral modeling 

techniques, originally developed for driving behavior analysis, to the field of human capital 

management. Leveraging sensor-based data, simulators, and machine learning algorithms, the 

framework translates behavioral indicators (e.g., response latency, gaze shifts, erratic maneuvers) into 

actionable soft skill profiles. The study introduces a multi-layered predictive model, maps relevant 

behavioral signals to cognitive traits, and identifies key application domains including recruitment, 

personalized training, and proactive risk management. Ethical considerations related to data privacy, 

algorithmic bias, and user acceptability are addressed to ensure responsible deployment. The paper 

concludes by calling for deeper collaboration between HR professionals, data scientists, and behavioral 

engineers, and advocates for empirical validation through longitudinal and experimental research. This 

approach positions AI as a transformative enabler of anticipatory, data-driven human capital strategies.  

Keywords: Human Capital, Behavioral Analytics, Soft Skills Assessment, Machine Learning, Driving 

Behavior Modeling, Crisis Management, AI in HRM, Stress-Based Simulation, Predictive Workforce 

Analytics. 

 

Résumé  

Alors que les organisations opèrent désormais dans des environnements toujours plus complexes et sous 

forte pression, la nécessité d’une évaluation objective et en temps réel des compétences 

comportementales — telles que l’adaptabilité, la régulation émotionnelle et la prise de décision sous 

stress — devient essentielle. Les méthodes RH traditionnelles peinent à saisir efficacement ces 

compétences, notamment dans des contextes dynamiques tels que l’hôtellerie-restauration, la santé ou 

la gestion de crise. 

Cet article propose un cadre interdisciplinaire inédit qui transpose des techniques de modélisation 

comportementale, initialement développées pour l’analyse du comportement de conduite, au domaine 

de la gestion du capital humain. En exploitant des données issues de capteurs, des simulateurs et des 

algorithmes d’apprentissage automatique, le cadre convertit des indicateurs comportementaux (par 

exemple, latence de réponse, mouvements oculaires, manœuvres erratiques) en profils opérationnels de 

compétences comportementales. 

L’étude introduit un modèle prédictif multi-couches, établit une correspondance entre les signaux 

comportementaux pertinents et les traits cognitifs, et identifie les principaux domaines d’application, 

notamment le recrutement, la formation personnalisée et la gestion proactive des risques. 

Les considérations éthiques liées à la protection des données, aux biais algorithmiques et à 

l’acceptabilité des utilisateurs sont également abordées afin de garantir un déploiement responsable. 

L’article conclut en appelant à une collaboration renforcée entre professionnels des RH, data scientists 

et ingénieurs du comportement, et plaide pour une validation empirique par des recherches 

longitudinales et expérimentales. Cette approche positionne l’IA comme un levier transformationnel au 

service de stratégies de gestion du capital humain anticipatives et fondées sur les données.  

Mots-clés : Gestion du capital humain ; Analyse comportementale ; Évaluation des compétences 

comportementales ; Apprentissage automatique ; Modélisation du comportement de conduite ; Gestion 

de crise ; IA en gestion des ressources humaines ; Simulation en situation de stress ; Analyse prédictive 

de la main-d’œuvre.  
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Introduction 

In recent years, the integration of artificial intelligence (AI) into human resource management 

(HRM) has redefined how organizations assess, develop, and manage their human capital. The 

traditional reliance on interviews, self-reported assessments, and supervisor evaluations to 

measure employees' skills,particularly soft skills such as adaptability, emotional regulation, and 

decision-making under pressure,has shown significant limitations in terms of objectivity, 

reliability, and predictive value (Chamorro-Premuzic, Winsborough, Sherman, & Hogan, 

2016). As work environments become more complex and high-stakes,especially in sectors like 

hospitality, healthcare, transportation, and crisis management,there is an increasing demand for 

tools that can capture human performance in real time and under real stress conditions. 

Simultaneously, advances in machine learning and behavioral modeling have revolutionized 

the analysis of human behavior in domains such as intelligent transportation systems. In 

particular, driving behavior modeling has emerged as a powerful domain for studying cognitive 

and emotional responses under pressure, using real-time data from sensors, driving simulators, 

and environmental inputs (Elassad, Mousannif, & Al Moatassime, 2020a). These systems have 

been applied effectively to predict accident risks, evaluate driver fatigue, and understand 

behavioral patterns in dynamic contexts (Elassad, Mousannif, & Al Moatassime, 2020b; 

Ameksa et al., 2024). 

This paper proposes a novel interdisciplinary framework that bridges the gap between AI-

driven driving behavior analysis and the field of human capital management. We hypothesize 

that the same predictive modeling techniques used to evaluate and classify driver behavior can 

be transferred to professional environments to assess core soft skills that are otherwise difficult 

to quantify. By interpreting behavioral indicators (e.g., response time, decision latency, gaze 

behavior) as proxies for cognitive and emotional competencies, we aim to demonstrate that AI 

can be used to augment human capital analytics in a scientifically grounded and ethically 

conscious manner. Despite the growing use of AI and people analytics in HRM, a fundamental 

problem remains unresolved: how can soft skills, such as emotional regulation, adaptability, 

and decision-making under stress, be objectively assessed in real time, without relying on self-

reports or subjective evaluations? More specifically, to what extent can behavioral indicators 

originally developed in driving behavior analysis be validly transposed as proxies for soft skills 

in high-stakes professional contexts? 

The primary objectives of this study are: 
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1. To propose an interdisciplinary conceptual framework integrating AI-based behavioral 

modeling into human capital assessment; 

2. To explore the transferability of behavior prediction models from the domain of driving 

to high-stakes work environments; 

3. To identify practical applications for recruitment, training, and risk management based 

on predictive analysis of soft skills. 

Methodologically, this article adopts a conceptual and integrative literature review approach. 

Relevant studies were identified across databases such as Scopus, Web of Science, and Google 

Scholar, focusing on three streams: (1) human capital and soft skills assessment, (2) driving 

behavior analysis and machine learning, and (3) interdisciplinary research on stress, cognition, 

and resilience. The framework was developed through iterative comparison and abstraction of 

behavioral indicators and soft skill constructs. 

Given its conceptual nature, this paper does not present empirical validation but aims to propose 

a structured research agenda. The remainder of this paper is structured as follows. Section 1 

reviews the existing literature on human capital assessment, soft skills evaluation, and 

behavioral modeling in driving systems. Section 2 presents the conceptual framework that maps 

driving behavior indicators to soft skill dimensions. Section 3 explores potential use cases in 

recruitment, employee development, and resilience management. Section 4 discusses the 

implications, limitations, and ethical considerations of using AI for human capital evaluation. 

Finally, Section 5 concludes the paper with future research directions. 

 

1.  Literature Review  

1.1. Human Capital and Soft Skills in High-Stakes Contexts 

Human capital is widely recognized as one of the most critical assets within modern 

organizations. Broadly defined, human capital encompasses the knowledge, skills, experience, 

and attributes that individuals possess and which contribute to organizational performance 

(Becker, 1993; OECD, 2023). In contemporary high-stakes environments, such as hospitality 

management, healthcare, aviation, and public safety, the importance of not only technical 

expertise but also behavioral competencies have significantly increased (González‐Benito et 

al., 2023). 

Among these competencies, soft skills, particularly decision-making, stress management, 

sustained attention, and cognitive flexibility, have emerged as indispensable for navigating 

dynamic, high-pressure situations (Deming, 2017; Succi & Canovi, 2020). These skills are 
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fundamental to individual performance and organizational resilience, especially in volatile, 

uncertain, complex, and ambiguous (VUCA) contexts (Bamel et al., 2022). Recent research 

highlights those roles demanding immediate and critical responses, such as emergency 

responders or hotel managers in crisis conditions, require rapid yet sound decision-making, 

emotional regulation, and mental adaptability (Zhu, Li, & Wang, 2024). From a theoretical 

standpoint, this analysis is grounded in human capital theory, which conceptualizes skills, 

knowledge, and behavioral attributes as strategic assets that generate economic value for 

organizations (Becker, 1993). In high-stakes environments, soft skills such as emotional 

regulation, adaptability, and decision-making under pressure constitute a critical component of 

human capital, as they directly influence performance reliability and organizational outcomes. 

However, unlike technical skills, these behavioral competencies remain difficult to observe and 

quantify, creating a persistent measurement gap in human capital management. 

Despite their importance, soft skills remain challenging to evaluate objectively. Traditional 

human resource (HR) tools, such as self-assessment questionnaires, structured interviews, and 

supervisor evaluations, are often limited by subjectivity, cultural bias, and lack of real-time 

behavioral data (Rao, 2022). Moreover, these tools struggle to capture how individuals perform 

under genuine stress or cognitive load (Sharma & Mishra, 2021). Even newer psychometric 

tests and gamified assessments have been criticized for failing to provide predictive validity in 

real-life performance scenarios (Guenole, Ferrar, & Feinzig, 2023). 

Recent studies suggest that technological augmentation may be necessary to accurately evaluate 

and manage soft skills as part of human capital analytics. For example, integrating physiological 

and behavioral data from real-time simulations, biometrics, or wearable technologies has shown 

promise in providing deeper insights into attention spans, stress thresholds, and decision-

making processes (Lee et al., 2025; Taneja et al., 2024). These advancements suggest a shift 

toward more data-driven, AI-supported approaches to human capital assessment, ones that go 

beyond subjective impressions to capture behavioral responses in dynamic and realistic 

conditions. Despite their strategic importance, several authors caution against a reductionist 

treatment of soft skills, whereby complex, context-dependent behavioral capacities are 

simplified into isolated and decontextualized metrics. Such approaches risk overlooking 

situational, cultural, and relational dimensions of performance, thereby limiting the 

interpretability and validity of soft skill assessments (Rao, 2022; Guenole et al., 2023). 

In summary, while soft skills are increasingly vital for organizational success, their 

measurement remains a major challenge in HR practice. The gap between importance and 
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measurability of these skills necessitates new, interdisciplinary frameworks that blend 

behavioral science, data analytics, and AI modeling, particularly for high-stakes sectors where 

performance under pressure can determine critical outcomes. More broadly, the expansion of 

people analytics and AI-driven HR tools has been accompanied by growing concerns regarding 

algorithmic opacity, contextual blindness, and the risk of over-reliance on quantitative 

indicators at the expense of human judgment. Critics argue that without robust theoretical 

grounding and governance mechanisms, people analytics may reproduce existing biases or 

create new forms of managerial control rather than genuinely enhance decision quality (Liem 

et al., 2018; Binns et al., 2018).  

 

1.2. Driving Behavior Analysis and Machine Learning  

The field of driving behavior analysis has undergone a significant transformation with the 

advent of machine learning (ML) techniques and advanced sensing technologies. Initially 

developed for road safety and intelligent transportation systems, driving behavior modeling 

now offers valuable insights into real-time human performance under pressure. The methods 

used in this field, particularly supervised and unsupervised learning algorithms applied to data 

from driving simulators, vehicle sensors, and biometric devices, have proven effective in 

understanding decision-making, cognitive load, and emotional regulation behind the wheel 

(Elassad, Mousannif, & Al Moatassime, 2020a; Ma et al., 2024). 

Driving simulators, in particular, provide a controlled yet dynamic environment where 

researchers can safely observe human responses to various stimuli, including reduced visibility, 

time constraints, and sudden hazards (Kumar, Rahman, & Palani, 2023). These platforms are 

complemented by onboard vehicle sensors (e.g., steering angle, brake pressure, lane deviation), 

biometric sensors (e.g., heart rate variability, galvanic skin response), and eye-tracking systems, 

all of which generate multimodal data streams used to detect distraction, fatigue, aggression, or 

hesitation (Zhou et al., 2024; Elamrani Abou Elassad et al., 2020). 

Supervised learning algorithms such as Random Forest, Support Vector Machines (SVM), and 

Convolutional Neural Networks (CNN) are commonly used to classify driving behaviors and 

predict risk-prone patterns (Tariq, Awais, & Mehmood, 2023). In contrast, unsupervised 

learning, such as clustering or anomaly detection,is useful for identifying emergent behavioral 

patterns in large unlabeled datasets (Sathyanarayana et al., 2025). Hybrid or ensemble 

approaches combining both paradigms are also gaining attention, particularly in real-time 

systems where prediction speed and accuracy are both critical (Ameksa et al., 2024). 



Revue Internationale des Sciences de Gestion  

ISSN: 2665-7473   

Volume 9 : Numéro 1  

  

Revue ISG                                                        www.revue-isg.com                                                    Page 388 

Numerous studies demonstrate the efficacy of these methods. For example, Elassad et al. 

(2020b) proposed a fusion-based crash prediction system that integrates traffic and driver 

behavior data while accounting for class imbalance in accident datasets. Similarly, Ameksa et 

al. (2024) developed an efficient decision fusion model that compared various machine learning 

strategies under simulated stress conditions, showing how certain behaviors correlate strongly 

with impending risk. More recently, wearable AI systems have been tested to predict driving 

stress and fatigue levels in real time, suggesting potential for cross-domain applications in 

workplace settings (Rashid et al., 2025). 

Typical features used in driving behavior analysis include reaction time to hazards, frequency 

of abrupt maneuvers, braking latency, gaze deviation, and physiological indicators like skin 

conductance or pupil dilation. These features not only reflect the driver’s cognitive state but 

also provide a robust dataset for behavior modeling that can inform human capital assessment 

strategies in broader professional contexts (Kooij et al., 2023). 

The increasing precision and granularity of behavioral data,enabled by IoT and AI,have shifted 

driving behavior analysis from a reactive safety tool to a predictive human performance 

framework. This transformation opens a new path for using similar methods in evaluating soft 

skills under pressure in non-driving, high-stakes environments such as crisis response, 

emergency healthcare, and hospitality leadership. 

 

1.3. Interdisciplinary Bridges  

The behavioral dynamics observed in driving environments share profound similarities with 

those found in critical professional contexts such as emergency response, aviation, military 

operations, and high-pressure service industries like healthcare and hospitality. While the 

surface contexts may differ, the underlying cognitive, emotional, and behavioral demands 

present striking commonalities that justify an interdisciplinary transfer of analytical models and 

tools. This interdisciplinary transfer can be further understood through the lens of dynamic 

capabilities and organizational resilience theories. These perspectives emphasize an 

organization’s ability to sense, adapt, and respond effectively to environmental stressors 

through human and behavioral resources (Teece, Pisano, & Shuen, 1997; Bamel et al., 2022). 

In this view, individual soft skills under stress are not merely personal traits but micro-

foundations of organizational resilience, particularly in volatile and high-pressure contexts. 

Driving, particularly under complex or hazardous conditions, is a cognitively intensive task. It 

requires continuous situational awareness, rapid information processing, multitasking, and 
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frequent decision-making under time pressure, often with incomplete or ambiguous data 

(Endsley, 2018). These same demands are faced by professionals who must make real-time 

decisions with high consequences, such as doctors in emergency rooms, hotel managers during 

crises, or air traffic controllers during peak periods (Flin, O’Connor, & Crichton, 2017). 

Research has shown that both drivers and professionals in high-stakes roles experience acute 

stress responses, including elevated cortisol levels, narrowed attention, and cognitive tunnel 

vision, which can impair judgment and performance (Kuhnel et al., 2023; Zepf et al., 2025). 

Moreover, cognitive workload and decision fatigue are shared challenges that influence 

behavior in both domains. For instance, studies in neuroergonomics demonstrate that driving 

simulators and workplace simulators can trigger comparable brain activation patterns, 

particularly in the prefrontal cortex associated with executive functioning (Ayaz et al., 2021). 

From a behavioral modeling perspective, the need for real-time adaptability is another shared 

trait. Whether avoiding a collision on the road or managing a customer service failure in a 

luxury hotel, individuals must recalibrate their actions instantly in response to evolving 

circumstances. In both cases, performance under pressure depends not only on training but on 

latent soft skills such as emotional regulation, resilience, and cognitive flexibility 

(Ramakrishnan & Bhatia, 2024). 

Furthermore, both environments involve risk perception and risk-based decision-making, often 

mediated by experience, fatigue, environmental complexity, and emotional state. These 

variables can be captured and analyzed through multimodal data (e.g., biometric sensors, eye 

tracking, reaction times), reinforcing the feasibility of cross-domain transfer of AI models 

originally built for driving analysis (Elassad et al., 2020; Ma et al., 2024). 

Therefore, modeling driving behavior offers a scientifically grounded analog for evaluating 

human capital in high-stakes professional settings. By transferring analytical approaches, such 

as stress-induced behavioral prediction and cognitive load profiling, organizations can better 

understand and anticipate individual performance under pressure, enabling more informed 

talent development, training, and operational planning. 

 

2.  Conceptual Framework 

2.1. Mapping Behavioral Indicators to Soft Skills 

A fundamental challenge in human capital analytics is the objective measurement of soft skills, 

traits such as attention control, emotional regulation, and adaptability, especially in real-time, 

high-stress environments. Traditional psychometric approaches, while useful, often rely on self-
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reporting and cannot account for moment-to-moment behavioral fluctuations under pressure 

(Rao, 2022). However, the field of driving behavior analysis provides a rich set of behavioral 

indicators that can serve as proxies for latent soft skills when appropriately interpreted through 

machine learning and cognitive modeling. Moreover, the relationship between stress and 

performance has long been theorized as non-linear, notably through the Yerkes–Dodson law, 

which posits that moderate levels of arousal can enhance performance, whereas excessive stress 

leads to cognitive overload and performance degradation (Yerkes & Dodson, 1908). This 

framework provides a theoretical justification for using stress-based behavioral indicators, such 

as reaction time variability or attentional narrowing, as meaningful proxies for soft skill 

expression under pressure. 

One of the most illustrative examples is brake response time, frequently measured in driving 

simulators and real-world vehicles. Delayed or inconsistent braking behavior, particularly in 

response to sudden stimuli, can reflect slower reaction speed, reduced situational awareness, or 

even cognitive fatigue (Zhou et al., 2024). In workplace settings, these characteristics are highly 

relevant for roles requiring quick decision-making, such as customer service escalation or 

emergency response management. 

Another valuable indicator is eye movement patterns, which are widely used in both 

neuroscience and human factors research to assess attention span, visual focus, and task 

engagement. Prolonged fixations, erratic saccades, or inattentional blindness in driving 

environments can correlate with distraction or cognitive overload (Kooij et al., 2023). These 

metrics are equally meaningful when applied to roles involving complex multitasking or 

surveillance, where sustained attention is a prerequisite for high performance. 

A third commonly used feature in driver analysis is erratic vehicle maneuvering, such as 

unnecessary lane changes, swerving, or inconsistent acceleration. These actions often signal 

impaired emotional regulation, impulsivity, or stress responses. Studies have shown that such 

behavior, particularly under low visibility or time-constrained conditions, reflects difficulty 

managing affective load and adapting to evolving threats (Elassad et al., 2020; Rashid et al., 

2025). When transposed to a professional environment, similar patterns may indicate an 

individual’s struggle with workplace pressure, conflict management, or resilience under crisis. 

Table 1 summarizes selected behavioral indicators from driving analysis and their 

corresponding soft skill constructs in the context of human capital evaluation. The aim is not to 

oversimplify complex traits, but to establish a behavioral-to-cognitive mapping that can be used 

for predictive modeling, real-time monitoring, and talent development strategies. Accordingly, 
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behavioral indicators should be distinguished between primary measures (e.g., reaction time, 

gaze fixation) and composite indicators derived through aggregation and modeling, and their 

interpretation should rely on triangulation across multiple data sources, temporal patterns, and 

contextual variables to strengthen construct validity.  

Table 1. Mapping Behavioral Indicators to Soft Skills Constructs 

Behavioral Indicator 

(Driving Context) 

Description Mapped Soft Skill Relevant Professional 

Context 

Brake Response 

Time 

Time taken to respond to 

sudden hazards or stimuli 

Reaction Speed, 

Cognitive Agility 

Emergency 

management, real-time 

customer service 

Eye Movement 

Patterns 

Fixation duration, saccade 

frequency, gaze deviation 

Attention Span, 

Focus, Vigilance 

Surveillance, air traffic 

control, quality 

assurance 

Erratic Maneuvers 

(e.g., swerving, 

abrupt stops) 

Unpredictable or impulsive 

driving behaviors 

Emotional 

Regulation, Impulse 

Control 

Leadership under 

stress, conflict 

resolution 

Lane Keeping 

Performance 

Ability to maintain 

consistent lane positioning 

Concentration, Task 

Persistence 

Repetitive task 

environments, 

operational monitoring 

Reaction to 

Unexpected Events 

Behavioral adaptation 

during sudden, 

unpredictable events 

Adaptability, 

Resilience 

Crisis response, hotel 

operations during 

disruptions 

Speed Variability Inconsistent acceleration 

or deceleration not linked 

to road conditions 

Stress Sensitivity, 

Arousal Regulation 

Sales negotiation, 

multitasking roles 

Steering Smoothness Smoothness and 

consistency in steering 

input 

Motor Control, 

Patience, 

Coordination 

Operating machinery, 

surgical or precision-

based tasks 

Head or Eye 

Distraction Events 

Looking away from the 

primary task for extended 

periods 

Distraction Control, 

Prioritization 

Front desk 

management, 

healthcare triage 

Physiological 

Response (e.g., HRV, 

GSR) 

Biometric indicators of 

stress or emotional arousal 

Stress Tolerance, 

Self-Awareness 

Executive decision-

making, high-stakes 

presentations 

Source: Authors 
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By leveraging these indicators through AI-enhanced analytics, organizations can transition 

from subjective appraisals of soft skills to continuous, context-sensitive behavioral assessment. 

This shift enables the early detection of high-potential individuals, identification of risk-prone 

behaviors, and customization of training programs based on observed performance rather than 

declared intent. 

 

2.2. Proposed Predictive Model   

To operationalize the behavioral-to-cognitive mapping described in the previous section, this 

study proposes a predictive model that utilizes behavioral and biometric inputs, processes them 

through machine learning algorithms, and outputs soft skill profiles, mastery levels, and risk 

indicators. This model builds on architectures successfully applied in driving behavior research 

and adapts them for broader human capital assessment in high-stakes professional contexts. 

Input Layer: Behavioral and Physiological Data 

The model ingests a multimodal dataset combining simulator-based behavioral metrics (e.g., 

brake response time, lane deviation, gaze tracking) with sensor-derived physiological signals 

(e.g., heart rate variability, galvanic skin response, eye fixation duration). These inputs are 

collected either in immersive simulation environments or through workplace-integrated 

monitoring systems. Such data has been shown to effectively reflect stress, distraction, and 

decision-making latency in driving scenarios (Ma et al., 2024; Rashid et al., 2025), and are 

equally informative in evaluating performance under pressure in professional settings. 

Processing Layer: Machine Learning Algorithms 

Depending on the structure and volume of the data, a variety of machine learning (ML) models 

can be employed to extract meaningful patterns and predictions: 

• Random Forest (RF): Offers interpretability and handles nonlinear relationships 

effectively; ideal for initial classification of soft skill levels based on discrete behavioral 

features (Tariq et al., 2023). 

• Long Short-Term Memory (LSTM) Networks: A type of recurrent neural network 

suitable for temporal data, enabling the model to detect trends or inconsistencies in 

behavior over time (Kumari & Singh, 2024). 

• Unsupervised Clustering (e.g., K-Means, DBSCAN): Used for discovering emergent 

behavior profiles when labels are not predefined,e.g., latent stress responses or adaptive 

performance modes (Sathyanarayana et al., 2025). 
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• Ensemble Models: Combining methods like Gradient Boosting and CNNs to balance 

real-time responsiveness and accuracy in dynamic conditions (Ameksa et al., 2024). 

Feature selection and dimensionality reduction (e.g., via Principal Component Analysis) are 

applied to ensure the model focuses on the most informative and non-redundant inputs, 

especially in high-dimensional biometric datasets (Elamrani Abou Elassad et al., 2020). A 

critical aspect of the proposed predictive model concerns the construction of soft skill labels 

used during model training. Initially, these labels may be derived from expert-based 

evaluations, validated psychometric scales, or multi-source assessments combining self-

reports, peer feedback, and supervisor observations. Such triangulated assessments serve as 

ground truth, enabling supervised learning approaches to link behavioral patterns with soft skill 

dimensions such as emotional regulation or adaptability. Over time, as behavioral datasets 

grow, the model may progressively rely on semi-supervised or unsupervised learning 

techniques to identify latent behavioral profiles, reducing dependence on subjective labeling 

while preserving construct validity. 

Output Layer: Competency Profiling and Risk Scoring 

The final output consists of interpretable profiles that reflect individual or team-level soft skill 

competencies. These include: 

• Skill Mastery Levels: Categorized as low, moderate, or high proficiency in areas such 

as emotional regulation, attention span, or adaptability. 

• Risk Flags: Detection of behavioral anomalies or patterns indicative of burnout, high 

impulsivity, or poor situational awareness. 

• Performance Trajectories: Predictions on how an individual’s behavior may evolve 

under increasing stress or complexity, aiding in personalized training interventions. 

Figure 1 presents the conceptual predictive framework, illustrating how behavioral and 

physiological inputs are processed through machine learning models to generate interpretable 

soft skill profiles and risk indicators, which are subsequently integrated into HR decision-

support processes. 
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Figure 1: Conceptual Predictive Framework for Behavioral-Based Soft Skill Assessment 

and HR Integration 

 

Source: authors by Asterix 

The goal of the model is not to replace human judgment, but to augment decision-making in 

talent development, training allocation, and workforce resilience planning. By offering 

quantifiable, real-time insights into soft skill expression, organizations can shift from reactive 

to proactive human capital management, particularly in sectors where performance variability 

under stress can have operational or safety-critical consequences. The model outputs are not 

intended for automated or punitive decision-making but are designed to be integrated into key 

HR processes, including recruitment support, personalized training and development pathways, 

and proactive risk and resilience monitoring dashboards. 

 

2.3. Ethical and Practical Considerations    

As AI-driven predictive models become increasingly integrated into human capital 

management, a set of critical ethical and practical concerns emerges, chief among them being 

data privacy, algorithmic bias, and organizational acceptance. While the potential of using 

behavioral indicators to enhance soft skill assessment is substantial, the deployment of such 

systems must adhere to robust ethical frameworks and align with stakeholder expectations to 

avoid unintended harm.  

Data Privacy and Consent: 
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Behavioral and physiological data, especially when collected via sensors, biometric devices, or 

immersive simulations, are highly sensitive and personally identifiable. Such data may reveal 

not only performance traits but also mental health markers, emotional states, or stress levels, 

which could be exploited if misused or leaked (Mittelstadt, 2023). Therefore, the design of 

predictive systems must comply with data protection regulations such as the EU’s General Data 

Protection Regulation (GDPR) or similar frameworks globally (Kloza et al., 2022). 

Key requirements include informed consent, purpose limitation, data minimization, and the 

right to explanation in automated decision-making contexts. Organizations should prioritize 

anonymization techniques, secure storage protocols, and transparency in data processing to 

ensure ethical integrity and avoid surveillance-like dynamics in the workplace. 

Acceptability in HR Contexts: 

Another major consideration is the organizational and employee-level acceptance of AI-based 

assessment tools. Research suggests that while HR professionals are increasingly open to data-

driven decision-making, skepticism remains high when it comes to automated evaluations of 

soft skills, especially those involving continuous monitoring or emotion detection (Liem et al., 

2018; Lee et al., 2025). 

Acceptability hinges on multiple factors, including: 

• Perceived fairness and transparency of the models; 

• Clarity in the use of results (e.g., for development vs. selection); 

• Trust in the data sources and algorithms; 

• Employee agency and opt-out options. 

Studies show that systems perceived as “black boxes” or overly invasive can erode trust and 

lead to resistance or disengagement, particularly in sectors with strong service culture values 

like hospitality or healthcare (Binns et al., 2018; Sharma et al., 2023). 

Algorithmic Bias and Fairness: 

Perhaps the most contentious issue is the risk of algorithmic bias. Models trained on historical 

or behaviorally skewed data may inadvertently reinforce gender, cultural, or neurological 

biases, especially when assessing non-technical traits like emotional control or reaction under 

pressure (Mehrabi et al., 2021). For instance, reaction time may vary naturally across age groups 

or neurotypes, yet be unfairly interpreted as poor performance. 

Mitigation strategies include: 

• Bias auditing and fairness testing during model development; 

• Use of diverse and representative training datasets; 



Revue Internationale des Sciences de Gestion  

ISSN: 2665-7473   

Volume 9 : Numéro 1  

  

Revue ISG                                                        www.revue-isg.com                                                    Page 396 

• Application of explainable AI (XAI) methods to ensure model 

interpretability (Adadi & Berrada, 2018); 

• Involvement of multidisciplinary review panels (e.g., ethicists, data 

scientists, HR professionals). 

Ultimately, embedding these ethical safeguards is essential not only for compliance and fairness 

but also for the long-term sustainability and social legitimacy of AI-enhanced human capital 

systems. 

 

3. Application Scenarios 

3.1. Recruitment 

One of the most promising application areas for AI-enhanced behavioral analysis is recruitment, 

particularly in roles where performance under pressure is a key success factor. Traditional 

recruitment methods often rely on CV screening, structured interviews, and standardized 

aptitude tests, tools that, while useful, provide limited insight into a candidate’s real-time 

behavioral adaptability or stress resilience (Chamorro-Premuzic et al., 2016). Moreover, these 

approaches often fail to account for soft skill expression in dynamic contexts, which are 

increasingly essential in knowledge-intensive and service-oriented sectors. 

The integration of behavioral testing in simulated stress environments offers a more robust, 

data-rich alternative. Drawing inspiration from driving behavior research, candidates can be 

evaluated in scenario-based simulations that mimic workplace stressors, such as time 

constraints, decision ambiguity, multitasking demands, or client confrontation. These 

simulations can be conducted through virtual reality (VR), desktop-based simulations, or AI-

driven role-play systems that capture behavioral and biometric data in real time (Lee et al., 

2025; Arora et al., 2023). 

Key indicators, such as reaction latency, decision quality under time pressure, physiological 

arousal, and gaze patterns, can be interpreted via machine learning models to create behavioral 

performance profiles. These profiles are then matched to predefined role-specific competency 

models, enabling data-informed candidate-job fit analysis. For example, a hospitality operations 

manager may require strong emotional regulation and attentional flexibility, while a crisis 

dispatcher might need rapid decision-making and stress tolerance under information overload. 

This behavioral-to-role matching approach offers several advantages: 

• Increased predictive validity compared to interviews or self-report tools; 
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• Reduction of hiring bias by focusing on observed behavior rather than background or 

demographics; 

• Personalized onboarding pathways based on actual soft skill profiles; 

• Scalability and repeatability, especially for high-volume or remote hiring. 

Moreover, by applying ethical AI frameworks, organizations can ensure that these systems 

remain transparent, explainable, and respectful of candidate privacy. Acceptability studies show 

that candidates are more receptive to simulation-based assessments when their relevance to job 

performance is clear and feedback is provided post-assessment (Langer et al., 2021; Liem et 

al., 2018). 

In sum, predictive behavioral modeling in recruitment represents a shift from assessing what 

candidates say they can do to evaluating how they behave in critical scenarios, a paradigm better 

suited to the demands of modern, fast-paced, and uncertainty-driven work environments. For 

example, a candidate applying for a hotel operations manager position could be immersed in a 

simulated crisis scenario involving staff shortage, time pressure, and guest complaints. 

Behavioral indicators such as response latency, gaze distribution, decision sequencing, and 

physiological stress responses would be analyzed to infer emotional regulation, attentional 

control, and adaptability. The resulting behavioral profile would not replace recruiter judgment 

but would inform candidate–role fit by highlighting strengths and potential stress-related 

vulnerabilities. 

 

3.2. Training and Development 

Beyond recruitment, one of the most impactful applications of AI-enhanced behavioral 

analytics lies in personalized training and continuous skill development. Traditional training 

models often follow a standardized curriculum, assuming a uniform learning pace and identical 

behavioral baselines across individuals. This approach overlooks the nuanced differences in 

how individuals process stress, adapt to complex tasks, and regulate emotions, particularly in 

high-stakes environments (Sharma & Mishra, 2021). 

The integration of behavioral data from simulation environments offers a shift toward adaptive 

learning ecosystems. Similar to how driving simulators provide feedback loops for improving 

hazard recognition and response times, workplace simulations can be used to evaluate and 

strengthen soft skills such as decision-making, attention management, and emotional resilience 

(Ma et al., 2024). These simulations can be tailored to job-specific contexts, e.g., guest 
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complaint resolution in hospitality or triage prioritization in emergency medicine, while 

capturing real-time behavioral indicators. 

Through machine learning models, the system can dynamically adjust training difficulty, 

identify skill gaps, and generate personalized feedback. For instance, if a participant shows 

delayed response times under pressure or signs of physiological stress (e.g., elevated heart rate 

variability), the training module may introduce stress management micro-interventions, pacing 

adjustments, or scenario repetition (Taneja et al., 2024). This mirrors the intelligent tutoring 

systems approach, now extended to soft skill domains through behavioral modeling. 

Moreover, real-time feedback mechanisms, enabled by AI-driven analytics dashboards, allow 

learners to visualize their performance evolution, identify cognitive or emotional bottlenecks, 

and set personalized improvement goals. Such feedback has been shown to enhance 

engagement, retention, and self-regulated learning, especially when delivered in 

psychologically safe formats (Winkler et al., 2023). 

From an organizational standpoint, the benefits of this approach include: 

• Optimized training ROI by targeting specific needs rather than general content; 

• Faster onboarding for complex roles through tailored simulations; 

• Enhanced resilience building, with exposure to graded levels of difficulty and 

uncertainty; 

• Data-driven talent development plans, integrating continuous behavioral evaluation. 

Ultimately, personalized training grounded in behavioral simulation provides a scalable, 

evidence-based approach to cultivating human capital, especially in sectors where adaptability, 

cognitive agility, and stress resilience are core to operational excellence. In a training context, 

frontline employees in hospitality or healthcare could repeatedly engage in adaptive simulation 

scenarios with increasing cognitive and emotional demands. If behavioral analytics reveal 

delayed responses or heightened physiological stress under multitasking conditions, the system 

could recommend targeted interventions such as stress management modules, scenario 

repetition, or paced task exposure. This approach supports continuous skill development based 

on observed behavior rather than standardized training paths. 

 

3.3. Crisis and Risk Management 

In high-stakes sectors such as hospitality, aviation, and healthcare, human error or performance 

degradation under pressure can lead to costly, dangerous, or even fatal outcomes. The ability to 

detect early signs of vulnerability or fatigue in personnel is therefore central to proactive crisis 
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and risk management strategies. Yet, most organizations still rely on retrospective incident 

reports or subjective performance reviews to understand failures, methods that are inherently 

reactive and often incomplete (Reason, 2016). 

Behavioral analytics, especially those inspired by driving behavior modeling, provide a 

powerful framework for anticipating human error and psychological overload before they 

manifest in critical incidents. By continuously analyzing indicators such as response latency, 

erratic behavior under stress, or biometric anomalies, predictive systems can identify at-risk 

profiles, individuals whose performance begins to degrade under pressure or who show early 

signs of burnout (Rashid et al., 2025; Zepf et al., 2025). 

In simulated environments or workplace-integrated systems, such patterns might include: 

• Sudden increases in decision-making time under cognitive load; 

• Erratic behavioral shifts when multitasking or managing uncertainty; 

• Physiological stress markers (e.g., elevated skin conductance, heart rate variability 

anomalies); 

• Visual distraction or narrowed gaze under complex conditions. 

These markers can be fed into machine learning models trained to flag high-risk patterns, 

enabling real-time alerts to supervisors, adjustments to workload distribution, or targeted 

interventions such as rest breaks, coaching, or psychological support (Taneja et al., 2024; 

Elamrani Abou Elassad et al., 2020). For instance, in hospitality, frontline staff exposed to high 

emotional labor could be rotated out of peak interaction zones if their behavioral patterns signal 

overload. 

Additionally, at the team level, aggregated behavioral insights can inform crisis simulation 

design, allowing organizations to stress-test their human capital systems under modeled 

disruptions and reallocate resources based on behavioral resilience capacity (Kuhnel et al., 

2023). 

Importantly, these tools also contribute to psychological safety and wellbeing when deployed 

transparently and ethically, providing employees with insight into their own stress responses 

and tools to manage them before crises escalate. In this way, behavioral modeling becomes a 

pillar not only of operational safety but also of sustainable human performance. At the 

organizational level, behavioral modeling could support crisis and risk management by 

identifying early signs of performance degradation among employees exposed to sustained 

pressure. For instance, a sudden increase in decision latency, erratic behavioral patterns, or 

physiological stress markers across repeated simulations may signal overload or fatigue. Such 
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signals could trigger preventive measures, including workload redistribution, temporary role 

adjustment, or supportive interventions, thereby reducing the likelihood of critical failures. 

Figure 2: Practical HR Applications of Behavioral Modeling: Recruitment, Training, 

and Crisis Management 

 

 

 

 

 

 

 

 

 

 

Source: Authors by Asterix 

 

Figure 2 illustrates the main HR application domains of behavioral modeling, highlighting how 

predictive insights can support recruitment, personalized training, and proactive crisis and risk 

management. Taken together, the use cases presented, recruitment, training, and risk 

management, highlight the broad operational relevance of AI-driven behavioral analytics for 

human capital development. Whether through simulating real-world stressors, delivering 

personalized feedback, or flagging potential performance risks, this approach enables 

organizations to move beyond reactive personnel strategies toward data-informed, anticipatory 

decision-making. 

Moreover, the adaptability of this framework across sectors, from hospitality to healthcare, 

underscores its scalability and interdisciplinary potential. As organizations face increasing 

volatility, the integration of predictive behavioral modeling offers a critical lever for building 

workforce resilience and sustaining human performance in dynamic environments. 

The following section will further examine the implications, limitations, and ethical 

considerations associated with operationalizing this model in real-world contexts, providing a 

balanced perspective on its feasibility and future directions. 
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4. Discussion  

The integration of AI-driven behavioral modeling into human capital analytics offers a number 

of transformative advantages, while also raising critical challenges that must be addressed to 

ensure sustainable and ethical implementation. This section synthesizes the key contributions, 

reflects on the limitations, and outlines emerging directions for future research and practice. 

 

4.1. Contributions and Strategic Value 

From a human resources perspective, the proposed framework introduces a paradigm shift 

toward more objective, dynamic, and proactive management of soft skills. By moving beyond 

traditional evaluation tools such as interviews or psychometric tests, behavioral modeling 

enables the real-time assessment of how individuals react to stress, uncertainty, and complexity, 

factors that are increasingly central in high-stakes work environments (Deming, 2017; Bamel 

et al., 2022). 

The use of data-driven insights enhances: 

• Objectivity by minimizing subjectivity and bias in performance appraisals; 

• Proactivity through early identification of training needs or burnout risks; 

• Personalization in recruitment, training, and leadership development; 

• Organizational resilience, by embedding human adaptability into operational 

strategy. 

This positions AI not just as a support tool, but as a strategic enabler of human capital 

optimization. 

 

4.2. Limitations and Implementation Barriers 

Despite its promise, the model faces several practical and conceptual challenges. First, the 

technological infrastructure required, such as biometric sensors, driving or workplace 

simulators, and ML processing capabilities, can be cost-prohibitive, especially for small and 

medium-sized enterprises (Langer et al., 2021). 

Second, the generalizability of behavioral models from driving to other domains requires 

further empirical validation. While cognitive and emotional parallels exist, real-world testing 

across diverse industries, cultures, and job types is necessary to confirm transferability (Ma et 

al., 2024; Kuhnel et al., 2023). 

Third, concerns related to privacy, data ethics, and algorithmic bias, as discussed in Section 2.3, 

remain significant barriers to adoption. Ensuring fairness, transparency, and employee trust will 

be essential to achieving wide-scale acceptance and legal compliance. 
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4.3. Future Perspectives 

Looking forward, several emerging technologies hold potential to strengthen and expand the 

proposed approach: 

• Digital twins of employees: The concept of a “digital twin” in HR refers to a dynamic, real-

time virtual representation of an individual’s skills, behaviors, and performance. 

Behavioral data from simulations and real work environments could feed into such models, 

enabling predictive workforce planning and adaptive learning paths (Alves & Lima, 2025). 

• Generative AI for immersive training: Large language models and generative AI systems 

can simulate complex interpersonal scenarios, such as conflict resolution or crisis 

communication, providing high-fidelity, customizable training environments that respond 

intelligently to learner behavior (Winkler et al., 2023). 

• Integrated resilience analytics: Future systems may merge behavioral AI with 

organizational performance dashboards to create holistic risk profiles, incorporating 

environmental, technical, and human indicators. 

Ultimately, the future of human capital development lies at the intersection of behavioral 

science, artificial intelligence, and systems thinking. While further work is needed to scale and 

validate these tools, their potential to reshape workforce development is both substantial and 

imminent. 

 

Conclusion  

This paper has proposed an interdisciplinary framework for enhancing human capital evaluation 

through AI-driven behavioral modeling, originally developed in the context of driving behavior 

analysis. By mapping behavioral indicators, such as reaction time, eye movement, and stress 

responses, to soft skill dimensions, we have outlined how organizations can shift from 

subjective assessments to data-informed, real-time evaluations of human performance under 

pressure. 

The proposed approach demonstrates substantial value in three critical HR domains: 

recruitment, through stress-based simulations for behavior-role alignment; training and 

development, via personalized feedback loops grounded in behavioral data; and crisis and risk 

management, through the proactive detection of performance vulnerabilities. These 

applications reflect a growing need for dynamic, responsive, and individualized human capital 

strategies in an era marked by uncertainty and operational volatility. 
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However, realizing this vision will require close collaboration across disciplines. HR 

professionals bring domain expertise in organizational behavior and workforce development; 

data scientists contribute algorithmic methods and model evaluation capabilities; and 

behavioral engineers offer deep insight into human cognition and physiological responses under 

strain. The integration of these perspectives is essential to ensure the scientific validity, ethical 

integrity, and practical feasibility of behavioral AI systems in professional environments. 

Finally, we emphasize the importance of empirical and experimental research to validate the 

assumptions and mechanisms underlying this framework. Large-scale field trials, longitudinal 

studies, and cross-sectoral comparisons are needed to determine the transferability of 

behavioral models from simulated to real-world settings, as well as to fine-tune predictive 

algorithms for fairness and accuracy. In doing so, future research can help unlock the full 

potential of AI-augmented human capital systems, not only as tools for evaluation, but as 

engines of continuous learning, adaptability, and organizational resilience 

  



Revue Internationale des Sciences de Gestion  

ISSN: 2665-7473   

Volume 9 : Numéro 1  

  

Revue ISG                                                        www.revue-isg.com                                                    Page 404 

Bibliography :     

Adadi, A., & Berrada, M. (2018). Peeking inside the black-box: A survey on explainable 

artificial intelligence (XAI). IEEE Access, 6, 52138–52160. 

https://doi.org/10.1109/ACCESS.2018.2870052 

Alves, R., & Lima, L. (2025). Digital twins for human resource development: A systems 

perspective. International Journal of Human-Computer Interaction, 41(2), 134–148. 

https://doi.org/10.1080/10447318.2024.1004021 

Ameksa, M., Mousannif, H., Al Moatassime, H., & Elamrani Abou Elassad, Z. (2024). Efficient 

fusion decision system for predicting road crash events: A comparative simulator study for 

imbalance class handling. Transportation Research Record, 2678(5), 789–811. 

https://doi.org/10.1177/03611981241235292 

Arora, R., Jain, A., & Verma, R. (2023). Virtual simulations in talent acquisition: Enhancing 

candidate profiling through behavioral data. Journal of Human Resource Analytics, 12(2), 93–

107. https://doi.org/10.1016/j.hran.2023.02.003 

Ayaz, H., Shewokis, P. A., Bunce, S., Schultheis, M. T., & Onaral, B. (2021). 

Neuroergonomics: The brain at work in real-world environments. Human Factors, 63(2), 293–

310. https://doi.org/10.1177/0018720820980582 

Bamel, U., Budhwar, P., Stokes, P., & Paul, J. (2022). Human capital and organizational 

resilience: A review and future research agenda. Human Resource Management Review, 32(4), 

100910. https://doi.org/10.1016/j.hrmr.2021.100910 

Becker, G. S. (1993). Human capital: A theoretical and empirical analysis with special 

reference to education (3rd ed.). University of Chicago Press. 

Binns, R., Veale, M., Van Kleek, M., & Shadbolt, N. (2018). “It’s reducing a human being to a 

percentage”: Perceptions of justice in algorithmic decisions. Proceedings of the 2018 CHI 

Conference on Human Factors in Computing Systems, 1–14. 

https://doi.org/10.1145/3173574.3173951 

Chamorro-Premuzic, T., Winsborough, D., Sherman, R. A., & Hogan, R. (2016). New talent 

signals: Shiny new objects or a brave new world? Industrial and Organizational Psychology, 

9(3), 621–640. https://doi.org/10.1017/iop.2016.6 

Deming, D. J. (2017). The growing importance of social skills in the labor market. The 

Quarterly Journal of Economics, 132(4), 1593–1640. https://doi.org/10.1093/qje/qjx022 

Elamrani Abou Elassad, Z., Mousannif, H., & Al Moatassime, H. (2020). The application of 

machine learning techniques for driving behavior analysis: A conceptual framework and a 

systematic literature review. Engineering Applications of Artificial Intelligence, 87, 103312. 

https://doi.org/10.1016/j.engappai.2019.103312 

https://doi.org/10.1109/ACCESS.2018.2870052
https://doi.org/10.1080/10447318.2024.1004021
https://doi.org/10.1177/03611981241235292
https://doi.org/10.1016/j.hran.2023.02.003
https://doi.org/10.1177/0018720820980582
https://doi.org/10.1016/j.hrmr.2021.100910
https://doi.org/10.1145/3173574.3173951
https://doi.org/10.1017/iop.2016.6
https://doi.org/10.1093/qje/qjx022
https://doi.org/10.1016/j.engappai.2019.103312


Revue Internationale des Sciences de Gestion  

ISSN: 2665-7473   

Volume 9 : Numéro 1  

  

Revue ISG                                                        www.revue-isg.com                                                    Page 405 

Endsley, M. R. (2018). Situation awareness in aviation systems. In J. A. Wise, V. D. Hopkin, 

& D. J. Garland (Eds.), Handbook of aviation human factors (2nd ed., pp. 257–276). CRC 

Press. 

Flin, R., O’Connor, P., & Crichton, M. (2017). Safety at the sharp end: A guide to non-technical 

skills. CRC Press. 

González-Benito, Ó., Gualandris, J., & Smart, A. (2023). Human capital as a driver of 

operational resilience under disruptions. Production and Operations Management, 32(2), 441–

460. https://doi.org/10.1111/poms.13763 

Guenole, N., Ferrar, J., & Feinzig, S. (2023). The business case for AI in talent assessment: 

Beyond the resume. IBM Institute for Business Value. 

Kloza, D., Van Dijk, N., De Hert, P., & Quinn, P. (2022). Data protection impact assessment 

in the context of AI: Towards a global standard? Computer Law & Security Review, 46, 105723. 

https://doi.org/10.1016/j.clsr.2022.105723 

Kooij, J. F. P., Pakdamanian, E., & Gavrila, D. M. (2023). Temporal attention for driver state 

monitoring using physiological and behavioral signals. IEEE Transactions on Intelligent 

Transportation Systems. https://doi.org/10.1109/TITS.2023.3274106 

Kuhnel, J., Oertel, C., & Bauer, M. (2023). The impact of acute stress on cognitive performance 

and decision-making in simulated work environments. Journal of Occupational Health 

Psychology, 28(1), 12–24. https://doi.org/10.1037/ocp0000330 

Kumar, M., Rahman, A. M., & Palani, K. (2023). Smart driver behavior classification using 

simulated environment and deep learning models. Computers in Human Behavior Reports, 10, 

100151. https://doi.org/10.1016/j.chbr.2023.100151 

Kumari, M., & Singh, A. (2024). Temporal deep learning models for human behavior 

prediction: A review. Pattern Recognition Letters, 174, 56–65. 

https://doi.org/10.1016/j.patrec.2023.12.009 

Langer, M., König, C. J., & Papathanasiou, M. (2021). Highly intelligent, yet not hired: How 

algorithmic evaluations affect hiring decisions. European Journal of Work and Organizational 

Psychology, 30(1), 17–31. https://doi.org/10.1080/1359432X.2020.1818622 

Lee, J., Hwang, S., & Kang, M. (2025). Real-time soft skill assessment using eye-tracking and 

stress indicators in immersive environments. Computers in Human Behavior, 142, 107884. 

https://doi.org/10.1016/j.chb.2024.107884 

Liem, C. C. S., Langer, M., Demetriou, A., Liu, H., & Sellen, A. (2018). Psychology meets 

machine learning: Interdisciplinary perspectives on algorithmic job candidate screening. 

Proceedings of the ACM Conference on Fairness, Accountability, and Transparency, 106–117. 

https://doi.org/10.1145/3287560.3287581 

https://doi.org/10.1111/poms.13763
https://doi.org/10.1016/j.clsr.2022.105723
https://doi.org/10.1109/TITS.2023.3274106
https://doi.org/10.1037/ocp0000330
https://doi.org/10.1016/j.chbr.2023.100151
https://doi.org/10.1016/j.patrec.2023.12.009
https://doi.org/10.1080/1359432X.2020.1818622
https://doi.org/10.1016/j.chb.2024.107884
https://doi.org/10.1145/3287560.3287581


Revue Internationale des Sciences de Gestion  

ISSN: 2665-7473   

Volume 9 : Numéro 1  

  

Revue ISG                                                        www.revue-isg.com                                                    Page 406 

Ma, Y., Wang, Q., & Lu, C. (2024). Multimodal learning in driver behavior analysis: A deep 

fusion approach using visual, kinematic, and physiological data. Pattern Recognition, 148, 

109152. https://doi.org/10.1016/j.patcog.2024.109152 

Mehrabi, N., Morstatter, F., Saxena, N., Lerman, K., & Galstyan, A. (2021). A survey on bias 

and fairness in machine learning. ACM Computing Surveys, 54(6), 1–35. 

https://doi.org/10.1145/3457607 

Mittelstadt, B. D. (2023). Principles alone cannot guarantee ethical AI. Nature Machine 

Intelligence, 5(1), 5–6. https://doi.org/10.1038/s42256-022-00573-z 

OECD. (2023). Skills outlook 2023: Skills for a resilient green and digital future. OECD 

Publishing. https://doi.org/10.1787/1a400d74-en 

Ramakrishnan, R., & Bhatia, M. (2024). Soft skills under pressure: Evaluating the role of 

emotional resilience in high-stakes decision-making. Journal of Organizational Behavior, 

45(2), 144–162. https://doi.org/10.1002/job.2678 

Rao, M. S. (2022). Measuring soft skills: Challenges and future directions. Industrial and 

Commercial Training, 54(4), 565–574. https://doi.org/10.1108/ICT-08-2021-0073 

Rashid, M., Zhu, Y., & Alam, F. (2025). Predicting driver stress using wearable AI in real-time 

driving conditions. Information Fusion, 102, 101937. 

Reason, J. (2016). Managing the risks of organizational accidents. Routledge. 

Sathyanarayana, A., Jain, R., & Martin, L. (2025). Anomaly detection for real-time driving 

behavior monitoring using unsupervised machine learning. IEEE Transactions on Vehicular 

Technology, 74(1), 223–237. https://doi.org/10.1109/TVT.2025.3300178 

Sharma, A., Dixit, P., & Jaiswal, M. P. (2023). Trust and adoption of AI tools in employee 

evaluations: The role of transparency and control. Journal of Business Research, 160, 113742. 

https://doi.org/10.1016/j.jbusres.2023.113742 

Sharma, N., & Mishra, P. (2021). Evaluating soft skills using technology-enabled HR analytics: 

A systematic literature review. International Journal of Organizational Analysis, 29(5), 1223–

1245. https://doi.org/10.1108/IJOA-09-2020-2405 

Succi, C., & Canovi, M. (2020). Soft skills to enhance graduate employability: Comparing 

students and employers’ perceptions. Studies in Higher Education, 45(9), 1834–1847. 

https://doi.org/10.1080/03075079.2019.1585420 

Taneja, S., George, B., & Panwar, R. (2024). Real-time stress and performance prediction using 

wearable AI systems in organizational settings. Journal of Business Research, 168, 114048. 

https://doi.org/10.1016/j.jbusres.2024.114048 

https://doi.org/10.1016/j.patcog.2024.109152
https://doi.org/10.1145/3457607
https://doi.org/10.1038/s42256-022-00573-z
https://doi.org/10.1787/1a400d74-en
https://doi.org/10.1002/job.2678
https://doi.org/10.1108/ICT-08-2021-0073
https://doi.org/10.1109/TVT.2025.3300178
https://doi.org/10.1016/j.jbusres.2023.113742
https://doi.org/10.1108/IJOA-09-2020-2405
https://doi.org/10.1080/03075079.2019.1585420
https://doi.org/10.1016/j.jbusres.2024.114048


Revue Internationale des Sciences de Gestion  

ISSN: 2665-7473   

Volume 9 : Numéro 1  

  

Revue ISG                                                        www.revue-isg.com                                                    Page 407 

Tariq, H., Awais, M., & Mehmood, A. (2023). A hybrid ML model for aggressive driving 

behavior detection. Journal of Advanced Transportation, 6689071. 

https://doi.org/10.1155/2023/6689071 

Teece, D. J., Pisano, G., & Shuen, A. (1997). Dynamic capabilities and strategic management. 

Strategic Management Journal, 18(7), 509–533. https://doi.org/10.1002/(SICI)1097-

0266(199708)18:7<509::AID-SMJ882>3.0.CO;2-Z 

Winkler, R., Gütl, C., & Garcia, I. (2023). Personalized feedback in immersive learning 

environments: Effects on user engagement and skill acquisition. Computers & Education, 200, 

104803. https://doi.org/10.1016/j.compedu.2023.104803 

Yerkes, R. M., & Dodson, J. D. (1908). The relation of strength of stimulus to rapidity of habit-

formation. Journal of Comparative Neurology and Psychology, 18(5), 459–482. 

https://doi.org/10.1002/cne.920180503 

Zepf, R., Ahrens, J., & Kruse, F. (2025). Neural and physiological correlates of decision fatigue 

under stress in dynamic tasks. Cognitive, Affective, & Behavioral Neuroscience, 25(1), 44–61. 

https://doi.org/10.3758/s13415-024-01065-2 

Zhou, X., Wang, R., & Liu, D. (2024). Deep learning-enabled fatigue detection using driving 

simulator data. Journal of Safety Research, 80, 134–142. 

https://doi.org/10.1016/j.jsr.2023.12.007 

Zhu, Y., Li, L., & Wang, J. (2024). Cognitive flexibility and emotional resilience in hospitality 

leaders: Lessons from crisis management during pandemics. International Journal of 

Hospitality Management, 116, 103635. https://doi.org/10.1016/j.ijhm.2024.103635 

 

 

https://doi.org/10.1155/2023/6689071
https://doi.org/10.1002/(SICI)1097-0266(199708)18:7
https://doi.org/10.1002/(SICI)1097-0266(199708)18:7
https://doi.org/10.1016/j.compedu.2023.104803
https://doi.org/10.1002/cne.920180503
https://doi.org/10.3758/s13415-024-01065-2
https://doi.org/10.1016/j.jsr.2023.12.007
https://doi.org/10.1016/j.ijhm.2024.103635

