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Abstract

Background and Objectives: This research aimed to predict employees'
coping behaviors when faced with job stress, using a combination of
structural equation analysis and machine learning methods. This study seeks
to provide a scientific framework for better understanding stress coping
mechanisms in workplaces.

Methodology: The statistical population consisted of 240 employees of a
service organization who were selected by simple random sampling method.
Data were collected through standardized questionnaires and their reliability
was confirmed with a Cronbach's alpha coefficient above 0.85. The data
analysis process was carried out in two main stages: in the first stage,
structural equation analysis (SEM) was used to examine the relationships
between variables, and in the second stage, modeling was carried out with
various machine learning algorithms.

Findings: The results of structural equation analysis showed that the three
variables of job stress, organizational support, and self-efficacy have a
significant effect on coping behaviors. In the machine learning section, the
multilayer neural network (MLP) algorithm was recognized as the best
predictive tool with a significant accuracy of 92.5% and a coefficient of
determination of 0.68, which indicates its high predictive power.
Conclusion: The hybrid model presented in this study is considered an
efficient, accurate and scientific tool for predicting coping behaviors and
designing stress management programs in various organizations. This model
can help managers and decision-makers to better understand employees'
reactions to stress and implement more effective strategies to help improve
mental health and increase efficiency in the workplace.
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Predicting employees’ coping behaviors against job stress using a
hybrid modeling approach based on structural equation analysis and
machine learning
Extended Abstract

Background and Objective: Job stress is one of the most important factors threatening the mental health
and performance of employees in complex and challenging organizations such as municipalities, and its
consequences can have serious effects on the productivity, job satisfaction, and even physical health of
employees. In this study, focusing on employees of a large and sensitive municipality whose name will
not be mentioned for confidentiality reasons, a combined and two-phase approach is presented to predict
coping behaviors against job stress. The first phase includes structural modeling of the relationship
between key variables of job stress, organizational support, self-efficacy, and coping behavior using SEM,
and the second phase uses advanced machine learning algorithms such as multilayer neural networks
(MLP) to improve prediction accuracy. Ultimately, the goal is that by improving our understanding of the
factors influencing coping behaviors, organizations can design and implement more effective programs to
support mental health and increase employee productivity. This will directly lead to improving
organizational health, reducing costs of leaving the job, and increasing employee satisfaction and
productivity. The findings of this study will also pave the way for future research in the field of applying
machine learning to organizational behavior management in municipalities and can contribute
significantly to the development of theoretical and practical knowledge in this field.

Methodology: The statistical population consisted of 240 employees of a service organization who were
selected by simple random sampling method. Data were collected through standardized questionnaires and
their reliability was confirmed with a Cronbach's alpha coefficient above 0.85. The data analysis process
was carried out in two main stages: in the first stage, structural equation analysis (SEM) was used to
examine the relationships between variables, and in the second stage, modeling was performed with
various machine learning algorithms.

Findings: The results of structural equation analysis showed that three variables of job stress,
organizational support and self-efficacy have a significant effect on coping behaviors. In the machine
learning section, the multilayer neural network (MLP) algorithm was identified as the best predictive
model with a significant accuracy of 92.5% and a coefficient of determination of 0.68. These results
indicate the high predictive power of the proposed model. Finally, developing intelligent platforms based
on these models in organizations and integrating them with human resource management systems is an
operational path for applying the findings that can be considered in future research. According to the
research findings, human resource managers and organizational leaders can use predictive models as
decision-making tools to identify employees exposed to stress and provide the necessary psychological
and managerial support. Also, using these models can help design educational programs and targeted
interventions to promote mental health and reduce unhealthy coping behaviors.

Conclusion: The hybrid model presented in this study can be used as an efficient, accurate, and scientific
tool for predicting coping behaviors and designing stress management programs in various organizations.
. In this study, we used a combined approach of structural equation analysis and machine learning
algorithms to accurately predict employees' coping behaviors against job stress. Predicting employees'
coping behaviors against job stress using a combined modeling approach based on machine learning is an
innovative and necessary research field that has become more important in today's conditions, especially
with the increase in job pressures and challenges related to mental health. The findings of this study show
that machine learning techniques are able to identify complex patterns and relationships between different
variables that affect employees' coping behaviors. These models can help organizations to proactively
understand employees' needs and design appropriate solutions for managing job stress.

Keywords: Job stress, Behavior prediction, Structural equation analysis, Coping behavior, Machine. learning
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