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Abstract—The rapid spread of artificial intelligence (AI) is 

reshaping the workplace, generating responses that range from 

optimism about new opportunities to concerns over job insecurity. 

This study explores how engineers perceive AI opportunities 

(AIOP) and their associated unemployment risk perceptions 

(URP), with a focus on the mediating role of psychological capital 

(PsyCap). PsyCap comprising resilience, self-efficacy, optimism, 

and hope is positioned as a vital psychological resource enabling 

engineers to adapt to AI-driven disruptions, drawing upon 

Cognitive Appraisal Theory. The analysis was conducted using 

SmartPLS-4 with reliability indices (α, CR, AVE) and SRMR-

based model fit. The sample consisted of 221 engineers (60% male, 

50% aged 23–33 years) from Punjab, J&K and NCR-Delhi. 

The findings indicate that Psychological Capital exerts a 

significant indirect effect, confirming its mediating role between 

AIOP and URP. Higher levels of PsyCap appear to lessen anxiety 

regarding technological displacement by enabling individuals to 

perceive AI as an opportunity rather than a threat. These insights 

emphasize that preparing engineers for a digital and sustainable 

world requires more than technical upskilling; it also necessitates 

strengthening psychological preparedness. By integrating 

psychological empowerment with digital competence, the study 

highlights a dual pathway toward building resilient, future-ready 

engineers aligned with the vision of Industry 5.0. The results hold 

practical implications for educators, industry leaders, and 

policymakers in designing holistic strategies that merge emerging 

technologies with future skills to foster sustainable employability. 

 

Keywords—Artificial Intelligence; Psychological Capital; 

Unemployment Risk Perception; Cognitive Appraisal Theory; 

Technological Disruption. 
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I. INTRODUCTION 

 

mid rapid technological change, artificial intelligence (AI) 

has moved from theory to practice, emerging as a 

transformative force reshaping industries, reconfiguring work, 

and redefining organizational strategies. By 2027, nearly 74.9% 

of businesses worldwide are projected to adopt AI, with 59% 

expecting it to play a central role in business strategy (WEF, 

2023a). From virtual assistants to predictive algorithms and 

machine learning applications, AI has become integral to 

enhancing productivity and innovation (McKinsey & 

Company, 2023; Brynjolfsson & McAfee, 2014). Yet, as AI 

increasingly performs tasks once reserved for humans such as 

data processing, speech recognition, and even creative problem-

solving, concerns about technological unemployment have 

intensified (Bessen, 2019; Arntz et al., 2016). Routine and 

repetitive roles in sectors like manufacturing, logistics, data 

entry, and customer service are particularly vulnerable, with the 

Future of Jobs Report (2023) estimating that 83 million jobs 

could be lost globally over the next five years. In India alone, 

the loss may reach 5.1 million jobs by 2025, underscoring the 

acute risks faced by emerging economies that depend heavily 

on low- and semi-skilled labor. 

These concerns are echoed globally, with the International 

Labour Organization (ILO, 2023) cautioning that AI adoption 

may exacerbate inequality, disproportionately affecting 

workers with limited education and restricted digital access. 

Empirical evidence supports this trend: Acemoglu and Restrepo 

(2020) found that the introduction of one robot per 1,000 

workers in the United States reduced the employment-to-

population ratio by 0.2 percentage points, underscoring the 

tangible erosion of job opportunities linked to automation. 

Beyond outright displacement, AI is also contributing to job 

polarization, where high-skill, high-pay roles expand while 
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middle-skill jobs decline, leaving workers squeezed between 

specialized technical roles they cannot access and precarious 

low-wage work (OECD, 2023). Such structural transformations 

amplify job insecurity, economic anxiety, and psychological 

stress among large sections of the workforce (Al-Ghazali & 

Afsar, 2022). 

However, the discourse on job displacement only captures part 

of the picture. AI is also generating new employment 

opportunities in areas such as data science, cybersecurity, and 

digital innovation (Bughin et al., 2018; OECD, 2023). 

Moreover, human-centric roles that emphasize creativity, 

critical thinking, and emotional intelligence remain largely 

irreplaceable by machines (Frey & Osborne, 2023; Autor, 

2015). This duality indicates that the future of work is not solely 

about technological substitution but about adaptation, requiring 

workers to complement technical upskilling with psychological 

readiness. As Jarrahi (2018) observes, the key challenge lies 

less in technological change itself and more in how effectively 

individuals and organizations respond to it. 

This recognition brings Psychological Capital (PsyCap) to the 

forefront. PsyCap comprising optimism, hope, self-efficacy, 

and resilience equips individuals with the psychological 

resources to embrace disruption, sustain adaptability, and 

maintain a growth mindset (Luthans et al., 2007). Workers with 

high PsyCap are more likely to interpret AI as a source of 

opportunity rather than a threat, enhancing their openness to 

reskilling and innovation (Hu et al., 2025). Conversely, 

individuals with low PsyCap may perceive AI adoption with 

fear and resistance, leaving them more vulnerable to job 

insecurity (Al-Ghazali & Afsar, 2022). Organizations 

increasingly acknowledge this dual challenge, with 69% of 

CEOs identifying employee upskilling both technical and 

psychological as critical for AI readiness (PwC, 2024). This 

organizational concern is complemented by broader economic 

projections, with McKinsey & Company (2023) estimating that 

AI is projected to boost the global economy by approximately 

$2.6 trillion to $4.4 trillion each year. Together, these insights 

emphasize the urgent need to cultivate a psychologically 

empowered workforce that can navigate the disruptions of an 

AI-driven economy. 

Despite the growing body of work on the economic 

implications of AI adoption, limited focus has been paid to the 

psychological process that shape how employees perceive AI 

as either a threat to job security or a source of opportunity. The 

mediating role of Psychological Capital in this relationship 

remains underexplored, particularly in emerging economies 

where both digital transformation and employment 

vulnerability are highly pronounced.Very limited work 

explains how PsyCap reduces unemployment fear in AI-

exposed engineering contexts, particularly in emerging 

economies like India. The present study addresses this gap by 

modelling AIOP → PsyCap → URP. 

In  Addressing this gap, the present study examines how AI 

Opportunity Perception influences Unemployment Risk 

Perception, with special emphasis on the role of PsyCap among 

engineers. It further investigates how the four components of 

PsyCap hope, optimism, self-efficacy, and resilience enable 

engineers to adapt more effectively to AI-driven workplace 

changes. 

In line with these aims, the study seeks to address the following 

research questions: How does AI Opportunity Perception 

influence Unemployment Risk Perception among employees in 

the context of technological innovations? What is the mediating 

role of Psychological Capital in this relationship? And how do 

the components of Psychological Capital help employees adapt 

to AI-driven changes in the workplace? 

 

 

II. THEORETICAL FOUNDATION, LITERATURE REVIEW, 

AND HYPOTHESES DEVELOPMENT 

AI is deeply rooted in our day-to-day life. It is no longer a 

futuristic thought it's here, and everywhere, reshaping the way 

engineers work. It has transformed our lives by enhancing 

efficiency, fostering innovation, boosting productivity, and 

improving overall performance. It has not only impacted an 

individual but also the economy as a whole. It has become 

deeply entrenched in everyday business operations, generating 

both positive and negative outcomes for individuals, society, 

and the economy (Lee, 2017; Lev-Ram, 2017). Given its 

pervasive impact, this research intends to explore how 

engineers perceive AI and how they cope with the challenges 

posed by it. The Cognitive Appraisal Theory, developed by 

Richard Lazarus(Lazarus & Folkman, 1984), lays the 

foundation for understanding the constructs for the research. In 

the past, it has been used to study how employees assess and 

respond to job stressors (Lazarus & Folkman,1984; Narayanan 

et al., 1999; Searle & Auton,2015), explaining employee 

reactions to automation, digital transformation, and AI adoption 

(Turel & Serenk,2012; Meijerink et al., 2021; Guo et al,2020); 

unemployment and economic uncertainty ( McKee-Ryan et al., 

2005; Wanberg et al., 2012). In the present research, it has been 

used to understand how especially engineers assess events 

emotionally based on their personal evaluation of those events, 

such as the growing adoption of artificial intelligence(AI), 

which has a direct impact on Unemployment risk and is 

strongly shaped by psychological capital. The theory describes 

that an individual appraises situations in two stages, i.e., 

primary evaluation, where they assess whether AI poses a threat 

or an opportunity to their job security, and secondary 

evaluation, where they evaluate their ability to cope with or 

leverage the situation. This dual evaluation determines their 

emotional and behavioral responses to AI-driven changes. AI-

driven disruptions can lead to job insecurity (Yam,K.C et al., 

2022) whereas employees who view AI as an opportunity will 

adopt proactive approach to cope up with the new challenges 

(Nguyen,L.T.et al.,2024) Thus, this theory provides a 

foundational framework for understanding how individuals 

assess AI implementation within an organization, and how their 

levels of hope, self-efficacy, optimism and resilience,  influence 

their perception of potential job loss. In the context of AI 

opportunity risk perception, psychological capital (PsyCap), 

and unemployment risk perception, Cognitive Appraisal 

Theory offers a robust framework to study the relationship 
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between them by emphasizing how engineers interpret and 

respond to stressors like technological advancements.  

 

III. AI OPPORTUNITY PERCEPTION AND URP 

AI represents both opportunities and uncertainties, and 

individuals' perceptions of these vary significantly. While some 

engineers believe AI is a tool for progress, others view it as a 

potential threat to their profession and occupational security 

(Acemoglu & Restrepo, 2018; Aghion et al., 2017). Though AI 

may lead to the displacement of some jobs, it is also expected 

to create new job opportunities, specifically in emerging areas 

like Business Intelligence, AI Modelling, etc. (WEF, 2023a). It 

has created anxiety among individuals who fear that their roles 

may become obsolete, raising worries about unemployment risk 

(Yam, K.C.et al., 2022) while others take it as a facilitator for 

long-term progress and development (Nguyen, Luan-Thanh  et 

al, 2024). Engineer’s perceptions of AI differ depending on 

their cognitive perspective and their readiness to handle AI-

related challenges in practical workplace environments. 

AI has transformed the employment landscape not only in 

India but all over the world, creating a challenging 

environment. It has designed the machines in such a way that 

they are a perfect replacement of human beings as they can 

think and work like humans. It possesses the ability to learn 

from experience, make informed decisions, and carry out tasks 

that traditionally demand human intelligence. Many economists 

believed that automation technology is designed to make work 

easier by taking over tasks that people used to do themselves, 

but this can also mean fewer jobs for human workers 

(Acemoglu & Restrepo, 2018; Aghion et al., 2017). 

With the advent of rapid advancement of artificial 

intelligence (AI), technologies have led to substantial 

opportunities across various sectors. However, alongside these 

opportunities, there are considerable risks that need to be 

understood and managed. Unemployment Risk Perception 

(URP)  is described as a fear of losing a job. It describes an 

individual’s subjective assessment or concern regarding the 

likelihood of losing their current job or being unable to secure 

employment in the future. It is increasingly relevant in the 

digital age, where rapid technological advancements especially 

in AI and automation have revolutionized numerous industries, 

at the same time, have intensified fears around job displacement 

across industries (Tschang and Almirall,2021).  

This literature review explores the perception of AI 

opportunity, focusing on how young individuals and 

organizations evaluate the benefits and potential problems. 

Accordingly, the following hypothesis has been proposed: 

H1: AI Opportunity Perception is negatively related to 

Unemployment Risk Perception 

 

Psychological Capital 

Psychological capital is the person’s psychological ability that 

may be measured, established, and controlled for performance 

enrichment ( Paul, F.A. et al, 2023). It includes self-efficacy, 

optimism, hope, and resilience (Avey et al., 2023; Luthans and 

Youssef, 2004, 2007), and serves as a mediator in this 

relationship by influencing how young engineers perceive and 

cope with AI-related risks.  

Studies have shown that Psychological Capital is referred to 

as a positive psychological capacity playing a distinct role in 

moderating the effect of perceived risks and uncertainties in the 

workplace, as stated by Luthans et al. (2007). When perceiving 

AI as a potential threat to job security, psychological capital 

buffers negative emotional and behavioral responses by 

facilitating adaptive responses. Hope enables employees to plan 

and develop backup plans to overcome perceived barriers 

(Snyder, 2002), while self-efficacy facilitates confidence in 

being able to learn new competencies or transition to other 

employment roles (Bandura, 1977). Optimism affects positive 

assessments of AI opportunities so that they can focus on 

potential benefits rather than threats (Youssef & Luthans, 

2007). Whereas resilience helps individuals adapt to disruptive 

changes, like AI-driven automation, by enabling them to 

reframe threats into opportunities (Youssef-Morgan & Luthans, 

2013) and recover from hindrances, difficulties, and transform 

themselves, which leads to personal growth (Avey et al., 2023; 

Luthans & Youssef, 2004, 2007). Employees high in 

Psychological Capital have more positive attitudes toward AI 

and lower negative attitudes toward AI (Carter, J.W.,2024). 

Therefore, Psychological Capital facilitates the secondary 

evaluation process, reducing perceived risks and enhancing 

coping strategies to mitigate the impact of AI among 

individuals. Hence, the following hypotheses have been 

developed: 

H2a: AI Opportunity Perception (AIOP) is positively related 

to Hope. 

H2b: AI Opportunity Perception (AIOP) is positively related 

to Optimism. 

H2c: AI Opportunity Perception (AIOP) is positively related 

to Self-Efficacy. 

H2d: AI Opportunity Perception (AIOP) is positively related 

to Resilience. 

 

Unemployment Risk Perception 

Unemployment risk perception is the subjective anticipation of 

job loss, influenced by individual cognition and external factors 

(Zhang & Liu, 2015). It stems from job insecurity but represents 

a broader psychological state, encompassing uncertainty about 

future employment. According to cognitive appraisal theory, 

the anticipation of unemployment can have severe 

consequences, such as stress, reduced mental health, and 

decreased job performance (Zhang & Liu, 2015).AI intensifies 

unemployment risk perception by emphasizing uncertainty 

about job security in a rapidly evolving technological 

landscape. Workers may perceive AI as a threat to their roles, 

particularly in sectors undergoing significant automation 

(Danaher, 2017). The inability to predict or control these 

changes heightens fears and creates a persistent sense of 

insecurity (César, 2023). Gomes and Santos (2023) highlight 

that while AI enhances efficiency and accuracy, it also replaces 

human roles, fueling fears of obsolescence among workers. 

Similarly, César (2023) points out that AI's potential to disrupt 
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job markets intensifies feelings of uncertainty, further linking 

technological advancements to unemployment risk perception, 

but psychological capital often conceptualized as including 

hope, optimism, self-efficacy, and resilience buffers stress 

effects by nurturing perceived control and adaptive coping.  For 

example, among young adults and university students, higher 

levels of hope and resilience predict the use of effective coping 

strategies, which in turn are linked to lower perceived stress 

(Gupta,P et al., 2019; Esteban Moreno-Montero, Mara-del-Mar 

Ferrads, & Carlos Freire, 2024). Individuals with high 

Psychological capital are more likely to engage in positive 

evaluations, viewing AI as an opportunity for growth and skill 

enhancement rather than a threat to their employment. For 

example, self-efficacy gives individuals confidence in their 

ability to acquire new skills, while optimism fosters a belief in 

favourable outcomes even amidst uncertainty (Luthans et al., 

2004). Conversely, individuals with low Psychological capital 

may appraise AI advancements as a challenge, intensifying 

unemployment risk perception and inducing stress or resistance 

to change(Bidi Badrinath\et al. 2024).PsyCap not only reduces 

perceived stress but also mediates its effect on occupational 

well-being, burnout, and job satisfaction. Through the 

integration of PsyCap in organizational programs, 

organizations can build resilience and adaptability, thereby 

reducing turnover intentions, mitigating stress, and improving  

 

overall employee well-being (Luthans & Youssef-Morgan, 

2017; Ferradás et al., 2019) 

Thus, the following hypotheses have been derived: 

H3a: Hope is negatively related to Unemployment Risk 

Perception (URP). 

H3b: Optimism is negatively related to Unemployment Risk 

Perception (URP). 

H3c: Self-efficacy is negatively related to Unemployment 

Risk Perception (URP). 

H3d: Resilience is negatively related to Unemployment Risk 

Perception (URP) 

 

Psychological Capital as a Mediator Between AI Opportunity 

Perception and Unemployment Risk Perception 

 

The Cognitive Appraisal Theory (Lazarus & Folkman, 1984) 

provides the theoretical basis for understanding how 

psychological capital explains the mediation between AI 

opportunity perception and Unemployment risk perception. 

Individuals with higher psychological capital will more likely 

appraise AI as a manageable challenge rather than an existential 

threat, thereby buffering against unemployment anxiety and 

psychologically preparing them for change (Luthans et al., 

2007). For instance, employees with high psychological capital 

have improved mental health, reduced job insecurity, and 

greater openness to change (Al-Ghazali & Afsar, 2022). 

Furthermore, Psychological capital development through 

special intervention, such as resilience training or goal-setting 

workshops, has been shown to reduce job loss fear by 

enhancing individuals' capacity to deal with uncertainty 

(Shahzad, 2022). 

Psychological capital also enables individuals to remain 

motivated and concentrated in the face of change, which is 

necessary to deal with the psychological and practical 

implications of AI-induced disruptions (Di Fabio & Tsuda, 

2018; Youssef-Morgan & Luthans, 2013). In summary, 

psychological capital not only cushions the adverse effect of AI 

opportunity risk perception on unemployment fear but also 

equips engineers with the emotional and cognitive skills to 

thrive in rapidly changing working environments.  

Hence, Psychological Capital (PC) serves as a vital mediator 

in the association between artificial intelligence opportunity 

perception (AIOP) and unemployment by affecting how 

engineers assess, deal with, and respond to AI-driven change 

(Luthans et al., 2007; Shin et al., 2020).  Based on the preceding 

discussion, the following hypothesis is proposed: 

H4: Psychological Capital Mediates the relationship 

between AI Opportunity Perception and Unemployment Risk 

Perception 

 

 

 

 

 

 

 
 

 

 

III. RESEARCH METHODOLOGY 

Data synthesis and scale used 

The study employed an online questionnaire with a seven-point 

Likert scale to obtain responses from young professional 

engineers. The research questionnaire includes a demographic 

profile of the respondents and research components developed 

from the existing scales. Every question was adapted from 

previously published research on the concepts of AI 

Opportunity Perception(AIOP), Psychological Capital (PC), 

and Unemployment Risk Perception (URP). The items to 

measure AI opportunity perception were measured by using a 

scale from Highhouse and Payam (1996). Psychological capital, 

including constructs like hope, optimism, self-efficacy, and 

resilience, was adopted from Luthans et al. (2007), and the 

construct of unemployment risk perception was adapted from 

Hovick et al. (2011). A structured questionnaire (see Appendix) 

was framed to collect data from 250 engineer professionals  as 

recommended by Hair et al. (2010), who suggest that for a basic 

mediation model, 250 respondents can be considered 

statistically sufficient. The data was captured from  Punjab, 

J&K, and NCR-Delhi to get diverse socioeconomic, industrial, 
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and urban-rural backgrounds, ensuring relevance to the study of 

AI adoption and workplace psychological dynamics within the 

Indian setting (Budhwar, Pawan, et al. 2023). This multi-region 

approach enhances the generalizability of findings by 

comparing responses of engineers  from diverse industries 

(Vrontis et al., 2022).Purposive sampling was adopted to 

identify engineers with relevant exposure to AI-enabled tools, 

ensuring that the respondents possessed the necessary 

experience and awareness aligned with the study's objectives 

(Campbell et al., 2020). A total of 250 survey links were 

circulated, out of which 221 valid responses were obtained after 

screening, resulting in an effective response rate of 

approximately 88%, which is considered adequate for statistical 

analysis.  

Based on the demographic data, the majority of the engineers 

are young, as 50 % of the respondents were between the age 

group of 23 -33, with 60% of the respondents being men. 

Additionally, the analysis showed that 48% of engineers earn 

between 41000 and 50000 per month, and 55% of them work in 

a private organization. These demographic trends reflect the 

perceptions of a relatively young, professionally active, and 

educated population, which is relevant when evaluating the 

association between AI opportunity perception (AIOP), 

psychological capital (PC), and unemployment risk perception 

(URP) in an evolving employment landscape. 

 

IV. MEASUREMENT MODEL ASSESSMENT 

 

The measurement model is assessed through lower-order 

constructs that include the complete details of all the constructs, 

including the dimensions. For the second time, the 

measurement model is assessed by conducting a higher-order 

constructs model. It included only the outer model, which 

comprises only the major constructs. 

 

Reliability and Validity of Lower Order Constructs 

 

Reliability and validity are checked through the measurement 

model assessment. Indicator reliability is seen through Factor 

loadings which should be larger than 0.708 (Hair et al., 2022). 

The results showed all factor loadings are above the threshold 

values except URP3 which has 0.702 but as the AVE is 0.601 

(above 0.50) so the item was retained. Cronbach’s Alpha values 

should be larger than 0.650 (Henseler et al., 2009). The 

threshold value for the composite reliability is 0.70 (Hair et al. 

2019).The internal consistency of the constructs was ensured 

through the  Cronbach’s Alpha and Composite reliability check. 

The Convergent validity was measured using average variance 

extracted (AVE). The outcomes of the data demonstrated 

support for convergent validity, as evidenced by AVE standards 

above the threshold of 0.50 (Hair et al., 2019). The results show 

that all the values are within the prescribed limits (Table 1). 

 
TABLE I 

RELIABILITY AND VALIDITY OF LOWER ORDER CONSTRUCTS 

Variables 

 

Cronbach's 

alpha  

Composite 

reliability 

(rho_a)  

Composite 

reliability 

(rho_c)  

Average 

variance 

extracted 

(AVE)  

AIOP                            0.918 0.944 0.938 0.752 

PC HOPE     0.869 0.909 0.920 0.794 

PC OPTIMISM     0.912 0.922 0.945 0.850 

PC RESILIENCE         0.866 0.867 0.918 0.789 

PC SELF EFFICACY  0.892 0.897 0.933 0.824 

URP                              0.665 0.667 0.818 0.601 

     

 

Discriminant Validity 

Moreover, discriminant validity is checked through both 

HTMT and Fornell and Larcker criterion. For HTMT the 

threshold value is 0.90 i.e. all the values should be less than 0.90 

(Henseler et al., 2009). And for Fornell and Larcker criteria, the 

square root of the AVE (i.e. diagonal values in the table) value 

for each construct exceed its correlation estimates (Fornell & 

Larcker, 1981).  Tables 2&3 below show the successful 

fulfillment of discriminant validity by both methods. 

 

 
TABLE 2 

HTMT DISCRIMINANT VALIDITY 

 AIOP        
PC 

HOPE  
PC 

OPTIMISM  

PC 

RESILIENCE          

PC SELF-

EFFICACY   
URP                               

AIOP                                  

PC HOPE  0.661      

PC 

OPTIMISM  
0.486 

 

0.675 

    

PC  
RESILIENCE          

0.476         

 
0.813 

 
0.545 

   

PC 

 SELF-EFFICACY    

0.424     

 

0.749 

 

0.506                            

 

0.895 

  

 
URP                          

0.483  

 
0.799 

 
0.695 

 
0.724 

 
0.732 

 

       

       

                                                                   

TABLE 3 
FORNELL AND LARCKER DISCRIMINANT VALIDITY 

 

 AIOP        
PC 

HOPE  
PC 
OPTIMISM  

PC 
RESILIENCE          

PC SELF-
EFFICACY   

URP                               

AIOP                         

0.867 

     

 

PC HOPE  

 

0.612 

 

0.891 

    

 

PC 

OPTIMISM  

 

0.470 

 

0.618 

 

0.922 

   

PC  
RESILIENCE          

0.442       

 
0.696 

 
0.489 

 
0.888 

  

PC 
 SELF-EFFICACY    

0.394     

 
0.657 

 
0.459                          

 
0.786 

 
0.908 

 

 
URP                          

0.386  

 
0.617 

 
0.544 

 
0.549 

 
0.564              

 
0.775 

           

     

 

Variance Inflation Factor (VIF) 

VIF is used to check the multicollinearity among the constructs. 
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It should be below 5 (Hair and Alamer, 2022) and  the results  

(annexure)  shows that all the VIF values are less than 5. 

 

Reliability and Validity of Higher Order Construct 

 

Reliability and validity are checked through measurement 

model assessment. Indicator reliability is seen through Factor 

loadings which should be larger than 0.708 (Hair et al., 2022). 

The results showed all factor loadings are above the threshold 

values except URP3 which has 0.702 but as the AVE is 0.601 

(above 0.50) so the item was retained. Cronbach’s Alpha values 

should be larger than 0.650 (Henseler et al., 2009). The 

threshold value for the composite reliability is 0.70 (Hair et al. 

2019). Both Cronbach’s Alpha and Composite reliability is 

used to ensure the internal consistency of the constructs. 

Convergent validity was measured using average variance 

extracted (AVE). The results demonstrated support for 

convergent validity, as evidenced by AVE values exceeding the 

threshold of 0.50 (Hair et al., 2019). The results in the table 4 

shows that all the values are within the prescribed limit. 

 

 
TABLE 4 

     RELIABILITY AND VALIDITY OF HIGH ORDER CONSTRUCTS 

Variables 

 

Cronbach's 

alpha  

Composite 

reliability 
(rho_a)  

Composite 

reliability 
(rho_c)  

Average 

variance 
extracted 

(AVE)  

AIOP                            0.918 0.945 0.938 0.752 

PC     0.866 0.875 0.909 0.715 

URP    0.665 0.667 0.818 0.601 

    

     

 

Discriminant Validity 

 

Moreover, discriminant validity is checked through both the 

HTMT and the Fornell and Larcker criteria. For HTMT, the 

threshold value is 0.90, i.e., all the values should be less than 

0.90 (Henseler et al., 2009). Moreover, the Fornell and Larcker 

criteria require that the square root of the AVE (i.e., diagonal 

values in the table) value for each construct exceed its 

correlation estimates (Fornell & Larcker, 1981).  Tables 5 and 

6 below show the successful fulfillment of discriminant validity 

by both methods. 
TABLE 5 

 HTMT DISCRIMINANT VALIDITY     

 AIOP 
 

PC 

 

URP 

AIOP                               

PC   0.617   

URP  0.483 0.888  

   

    

 

 
 

TABLE 6 

FORNELL AND LARCKER DISCRIMINANT VALIDITY  

 

 

AIOP 
 

PC 

 

URP 

AIOP                                    0.867   

PC    0.576 0.846  

URP   0.386 0.675 0.775 

    

     

 

 

 

STRUCTURAL MODEL ASSESSMENT 

 
 

 

VARIANCE INFLATION FACTOR (VIF) 

VIF is used to check the multicollinearity among the constructs. 

It should be below 5 (Hair and Alamer, 2022). And results 

(Annexure) show that all the VIF values are less than 5. 

 

MODEL FITNESS 

In the assessment of structural model table 7, the model fitness 

is ensured by standardized root mean square residuals (SRMR) 

which was found to be 0.08, that is acceptable and at par with 

the critical value of 0.08 (Hair et al., 2019) representing 

goodness of fit model. Results are depicted in the table 8 below:         
TABLE 7 

            STRUCTURAL MODEL 

                          Saturated 

model  
                                        

 

Estimated model  

SRMR                         0.08 0.08 

d_ULS                        0.529  0.529 

d_G                             0.225  0.225 

Chi-square                  234.578 234.600 

NFI                             0.835 0.835 

   

 

HYPOTHESES RELATIONS 

 

Thus, from the above analysis, it can be concluded that AI 

Opportunity risk perception has a significant positive impact on 

Psychological Capital (β Value = 0.576, t value = 13.079, and 

p value = 0.000). Further, Psychological capital has a 

substantial positive and significant impact on Unemployment 

Risk Perception (β Value = 0.675, t value = 14.843, and p value 

= 0.000). 

 
TABLE 8 

 HYPOTHESIS RELATIONS 

Variables 

 Path 

Coefficients 

(β) 

Sample 

mean 

(M) 

Standard 

deviation 

(STDEV) 

T statistics 

(|O/STDEV|)           

P 

values 

AIOP -> PC            0.576 0.581 0.044 13.079 0.000 

PC -> URP     0.675 0.678 0.045 14.843 0.000 
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Justification of hypotheses 

Hypothesis H1 proposes that AI Opportunity Perception 

(AIOP) is negatively connected to Unemployment Risk 

Perception (URP). Table 4 confirms that both constructs are 

statistically comprehensive, with AIOP demonstrating high 

composite reliability (0.938) and AVE (0.752), and URP also 

meeting acceptable thresholds (composite reliability = 0.818, 

AVE = 0.601). Discriminant validity(Table 5) is established 

through HTMT (0.483) and the Fornell-Larcker criterion (Table 

6), confirming that AIOP and URP are conceptually distinct. 

The structural model reveals a significant negative path 

coefficient between AIOP and URP, validating the proposed 

inverse relationship.. Thus, the hypothesis is strongly justified. 

 

The results of the data analysis strongly support hypotheses 

H2a through H2d, confirming that AI Opportunity Perception 

(AIOP) is positively related to the four dimensions of 

Psychological Capital: Hope, Optimism, Self-Efficacy, and 

Resilience. First, the measurement model (Table 1) results 

show high reliability and convergent validity for each of these 

constructs, with AVE values well above the 0.50 threshold—

Hope (0.794), Optimism (0.850), Self-Efficacy (0.824), and 

Resilience (0.789)—and composite reliability scores all 

exceeding 0.90. Additionally, HTMT values (Table 2&3) for 

the relationships between AIOP and each psychological 

dimension (Hope = 0.661, Optimism = 0.486, Self-Efficacy = 

0.424, Resilience = 0.476) are all below the 0.90 threshold, 

confirming discriminant validity and suggesting that while the 

constructs are related, they are distinct. Crucially, the structural 

model (Table 8) shows a significant and positive relationship 

between AIOP and overall Psychological Capital (β = 0.576, t 

= 13.079, p = 0.000), which comprises the four sub-dimensions. 

This indicates that individuals who perceive AI as an 

opportunity tend to possess higher levels of Hope, Optimism, 

Self-Efficacy, and Resilience, thereby empirically supporting 

hypotheses H2a, H2b, H2c, and H2d. 

The findings of the data analysis support hypotheses H3a 

through H3d by demonstrating that the four components of 

Psychological Capital (PC)—Hope, Optimism, Self-Efficacy, 

and Resilience—are negatively related to Unemployment Risk 

Perception (URP). Although the structural model reports (Table 

8) shows the association between overall Psychological Capital 

(PC) and URP (β = 0.675, t = 14.843, p = 0.000), further 

evidence from the HTMT and Fornell-Larcker discriminant 

validity results confirms conceptual separation between each 

PC sub-dimension and URP. Specifically, the HTMT values 

(Table 2&3) between URP and Hope (0.799), Optimism 

(0.695), Self-Efficacy (0.732), and Resilience (0.724) all fall 

below the threshold value, i.e., 0.90, supporting discriminant 

validity. Additionally, Fornell-Larcker values reinforce this by 

showing that the square roots of AVE for each construct are 

higher than their correlations with URP. These findings indicate 

that individuals with higher levels of Hope, Optimism, Self-

Efficacy, and Resilience tend to perceive lower unemployment 

risk, thereby supporting H3a, H3b, H3c, and H3d. 

 

H4: Psychological Capital Mediates the relationship between 

AI Opportunity Risk Perception (AIOR)and Unemployment 

Risk Perception (URP) 

The analysis provides strong support for Hypothesis H4, 

which posits that Psychological Capital (PC) mediates the 

association between AI Opportunity Perception (AIOP) and 

Unemployment Risk Perception (URP). The structural model 

(Table 8) demonstrates that AIOP significantly and positively 

influences PC (β = 0.576, t = 13.079, p = 0.000), and in turn, 

PC significantly and negatively impacts URP (β = 0.675, t = 

14.843, p = 0.000). This pattern of relationships confirms a 

significant indirect effect, indicating mediation. Although the 

direct correlation between AIOP and URP is weakly positive 

(0.386), the mediation through PC reveals the underlying 

mechanism: individuals who view AI as an opportunity tend to 

develop greater Psychological Capital (PC), which in turn 

reduces their perceived unemployment risk. This mediating 

effect is theoretically supported by Cognitive Appraisal Theory 

and empirically validated by the model’s strong fit indices (e.g., 

SRMR = 0.08), confirming that PC acts as a key psychological 

buffer in this relationship, thereby supporting H4. 

 

V. DISCUSSION 

 

The existing research studies the complex connection 

between AI Opportunity Perception (AIOP), Psychological 

Capital (PC), and Unemployment Risk Perception (URP) using 

PLS-SEM. The measurement model demonstrated strong 

validity and reliability, with all constructs meeting the 

prescribed values i.e. Composite Reliability, and AVE (Hair et 

al., 2019).  

The results of the analysis provide strong support for the 

proposed hypotheses. AIOP was found to be negatively related 

to URP, suggesting that those engineers  who perceive AI as 

beneficial are less likely to fear job displacement. This is 

consistent with earlier studies that report opportunity-focused 

AI perceptions reduce anxiety about technological 

unemployment (Schepman & Rodway, 2020; Zhang et al., 

2019). Further, supported by Schepman and Rodway (2020), 

who suggest that engineers with positive perceptions of AI 

report lower fears of employment disruption. Additionally, the 

results are strengthened by the findings of Xu, G., Xue, M., & 

Zhao, J., (2023) which highlights that grasp of AI-relevant 

competencies among employees may contribute to career 

resilience and reduced feelings of job insecurity Moreover, 

Cognitive Appraisal Theory also emphasizes that individuals 

perceiving AI as an opportunity are less likely to perceive it as 

a threat, thereby reducing their unemployment risk perception.  

Furthermore, AIOP showed significant positive effects on all 

four dimensions of Psychological Capital (Luthans et al., 2007), 

which in turn were negatively related to URP. These 

relationships align with Cognitive Appraisal Theory by Lazarus 

& Folkman (1984, which suggests that how people interpret 

external stimuli (e.g., AI) determines emotional and behavioral 
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outcomes. Thus, individuals especially engineers are more 

likely to appraise AI positively if they have high psychological 

capital, thereby reducing their perception of employment risk 

(Luthans et al., 2007; Lazarus & Folkman, 1984). Further, the 

research conducted by (Lazarus & Folkman, 1984) emphasizes 

that strong psychological capital is more inclined to see AI 

advancements as enablers rather than displacers, thereby 

reducing anxiety over employment security in the workplace. 

The study by Hou, Y., & Fan, L. (2024) highlights the 

importance of nurturing psychological capital to help 

employees adapt to AI-driven changes. Thus, supporting the 

results that psychological capital can have a positive impact on 

AI opportunity perception among employees. 

Further, the findings support the hypotheses that substantial 

Psychological capital reduces Unemployment risk perception. 

The studies in the past show that higher levels of Hope, 

Optimism, Self-Efficacy, and Resilience core dimensions of 

Psychological Capital significantly reduce Unemployment Risk 

Perception (Luthans et al., 2007; Bandura, 1997; Snyder, 2002; 

Cheng & Chan, 2008). These results are consistent with 

Cognitive Appraisal Theory, which posits that positive 

psychological resources lower threat perceptions in uncertain 

employment contexts (Lazarus & Folkman, 1984; Wang et al., 

2021). 

Finally, the mediation effect of Psychological Capital (PC) 

in the association between AIOP and URP reveals a significant 

underlying mechanism. The path analysis demonstrated that 

AIOP influences URP not only directly but also indirectly by 

enhancing an individual’s positive psychological resources. 

This dual pathway confirms that Psychological Capital (PC) 

serves as a critical mediator in adapting to technological 

change, consistent with prior research on emotional resilience 

and change readiness in work settings (Brougham & Haar, 

2018) among engineers. Practically, these findings emphasize 

the importance of designing interventions and policies that 

promote opportunity-driven narratives and strengthen 

psychological readiness to reduce fears of job loss in an AI-

driven future (World Economic Forum, 2020). By promoting a 

more empowered outlook, engineers are better equipped to 

adapt and thrive in evolving labor markets. 

 

 CONCLUSION 

 

The study concludes that AI Opportunity Perception (AIOP) 

significantly influences Unemployment Risk Perception (URP) 

through the mediating role of Psychological Capital (PC). 

While  direct relationship among AIOP and URP is minimal, 

individuals who perceive AI as an opportunity tend to develop 

stronger psychological resources which in turn buffer against 

the fear of unemployment. This mediating mechanism, 

grounded in Cognitive Appraisal Theory, highlights the 

importance of internal psychological appraisal in shaping 

responses to external technological disruptions. 

The findings provide both theoretical and empirical evidence 

that Psychological Capital mediates the relationship between AI 

perceptions and unemployment risk, suggesting that building 

psychological strength among engineers are crucial for 

navigating the uncertainties of an AI-driven labor market. The 

validated model, with strong reliability, validity, and fit indices, 

reinforces the critical role of psychological empowerment in 

facilitating positive adaptation to AI adoption.  

 

 IMPLICATIONS 

 

Social Implications 

The study's findings underline the critical role of perception and 

psychological readiness in navigating the societal impacts of AI 

adoption. Even technical people are afraid of losing their jobs 

when they see AI as a danger rather than an opportunity. 

Accordingly, society needs to change its narrative from one of 

job loss brought on by AI to one of innovation, growth, and skill 

development. A future-focused mindset should be fostered by 

educational institutions, the media, and public policy initiatives 

that raise awareness of AI's potential advantages and give 

people the psychological tools they need to cope with change. 

Improving psychological capital which might help people better 

adjust to changes in the labor market, lessen social anxiety 

related to automation, and encourage equitable economic 

participation. Such proactive, community-level psychological 

reinforcement can be crucial in fostering societal resilience as 

AI continues to transform occupational positions. 

 

Managerial Implications 

The findings give firms important information on how HR 

procedures and leadership can allay concerns about technology 

change. Supervisors should understand that cultivating AI 

Opportunity Perception in staff members involves more than 

simply skill improvement; it also entails changing employees' 

perspectives. Employees' perceived risk of losing their jobs can 

be considerably reduced by enhancing their psychological 

capital through training initiatives, mentorship, encouraging 

communication, and courses on transition preparation. 

Furthermore, engagement and trust can be increased by 

incorporating staff members in AI adoption procedures and 

outlining the benefits of new technology in enhancing rather 

than replacing human responsibilities. Managers may increase 

organizational agility, retain talent, and develop a workforce 

that is not only technically proficient but also emotionally 

prepared to succeed in an AI-driven environment by 

incorporating psychological readiness into strategic planning. 

 

 

LIMITATIONS AND FUTURE IMPLICATIONS 

 

The research paper despite offering meaningful insights, is 

subject to certain limitations. First, the data is collected from 

geographically confined specific regions in India—Punjab, 

Jammu & Kashmir, and the NCR-Delhi area. Thus, limiting the 

generalizability of the research findings to broader national or 

international situations. Secondly, the measurement of AI 

Opportunity Perception without considering respondents’ 

actual exposure to AI technologies in their professional 

environments may significantly shape their perceptions and 

psychological responses. Moreover, while the study approves 
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the mediating role of Psychological Capital as a composite 

construct, it does not explore the distinct mediating effects of 

its individual dimensions—Hope, Optimism, Self-Efficacy, and 

Resilience which may yield more nuanced insights. Finally, the 

research work does not focus on  moderating variables such as 

age, job type, or industry sector, which could further influence 

how individuals perceive AI and its impact on employment. 

These limitations offer directions for future research to enhance 

the depth and relevance of the findings.  

Consistent with current research, the implications for the 

future highlight the increasing need to combine technical-non 

technical and psychological readiness when handling 

workplace changes brought about by AI. Moreover, future 

research employing longitudinal and multi-variable techniques 

could offer a more nuanced and dynamic understanding of 

workforce preparation in the AI-driven era. Also, future work 

can test moderators such as AI literacy or experience, and run 

longitudinal intervention designs to strengthen PsyCap training 

outcomes among engineers. 
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