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Abstract 

This study explores the impact of AI-driven automation on job insecurity and industrial peace in 

Indonesia, emphasizing the mediating roles of employability and perceived organizational support 

(POS). As technological advancements reshape industries, employees face heightened uncertainties 

regarding their job security, which can undermine workplace harmony. This research utilizes a 

quantitative approach with data collected from 1,072 employees across various sectors in Indonesia, 

employing Structural Equation Modeling (SEM) to analyze the relationships among the key constructs. 

The findings reveal that AI-driven automation significantly increases job insecurity, which in turn 

negatively affects industrial peace. However, employability and POS serve as important mediators in 

these relationships, reducing the adverse effects of job insecurity and enhancing industrial peace. These 

results underscore the importance of reskilling initiatives and organizational support in maintaining a 

harmonious work environment during technological transitions. The study provides valuable insights 

for organizations navigating automation challenges and contributes to the broader literature on 

industrial relations and human resource management in the context of emerging technologies. 
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INTRODUCTION 

Artificial intelligence (AI) and data-driven automation are fundamentally transforming how 

organizations allocate tasks, monitor performance, and make managerial decisions. Beyond 

automating routine tasks, AI increasingly supports or replaces traditional supervisory functions 

through algorithmic management systems that can instruct, evaluate, and discipline workers based 

on digital traces and predictive models [1], [2], [3], [4]. These developments are not confined to 

platform-based work but are expanding into traditional sectors such as manufacturing, retail, 

customer service, logistics, and corporate administration, which alters how workers experience 

control, autonomy, and fairness at work [5], [6], [7]. While AI-driven automation promises 

significant efficiency and productivity gains, it also introduces new psychosocial risks, such as 

intensified surveillance, opaque performance evaluations, and uncertainty regarding job continuity 

[8], [9], [10]. 

From a labor market perspective, AI adoption is a major driver of job redesign and skill 

disruption. The World Economic Forum projects that a substantial share of workers will require 

reskilling in the near future as the demand for analytical thinking, technology literacy, and AI-

related competencies grows faster than many organizations' training capacity [11], [12], [13]. In 

Indonesia, automation is often discussed as a strategic necessity within the context of Industry 4.0. 

However, it is also associated with displacement risks and occupational restructuring, particularly 

in sectors that involve a large number of routine tasks [14], [15]. In emerging economies like 

Indonesia, these transformations may create a tension between competitiveness and social 

protection, especially when workforce transitions are uneven across regions and industries [16], 

[17], [18]. This dynamic makes Indonesia an important context in which to examine whether AI-

driven automation will lead to sustainable productivity or become a source of workplace instability 

that undermines industrial peace. 

A central psychological mechanism in technology-driven restructuring is job insecurity, 

which is commonly defined as an individual's perceived threat to the continuity and stability of 

employment [19]. Unlike objective layoffs, job insecurity is fundamentally subjective; it arises 

when employees interpret signals of uncertainty, diminished bargaining power, or the risk of 

replacement as threats to their future employment [20]. Meta-analytic evidence consistently shows 

that job insecurity is associated with detrimental outcomes such as reduced job satisfaction, weaker 

organizational commitment, poorer health, and increased withdrawal behaviors, all of which can 

erode organizational effectiveness over time [21]. In AI-driven change contexts, job insecurity may 

be heightened because automation is often perceived as inevitable and non-negotiable, while 

decisions are increasingly mediated by systems that are seen as less transparent and less humane 

than traditional managerial judgment [10], [22]. 

Recent scholarship further emphasizes that AI is not just a technical intervention but also an 

organizational change force that can shape workers' emotions, identity, and trust [23]. Evidence 

suggests that awareness of AI and pressures from digital transformation can increase perceived 

insecurity, while employees' ability to adapt becomes crucial for maintaining resilience [24]. 

Similarly, research in algorithmic management indicates that digital systems can alter the 

psychological contract between employees and employers by reshaping perceptions of obligations, 

fairness expectations, and managerial responsibility boundaries [25]. When workers perceive that 

technology reduces their control over work processes while increasing performance pressure, 
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organizational policies may unintentionally foster fear-based compliance rather than cooperation 

based on commitment. This shift can be harmful to long-term industrial peace [26], [27]. 

In industrial relations, the consequences of job insecurity extend beyond individual well-

being to the overall labor-management relationship. The concept of industrial relations climate 

emphasizes the quality of interactions between employees and management, including trust, 

cooperation, and fairness in grievance handling [28], [29]. Empirical evidence shows that an 

unfavorable industrial relations climate is linked to problematic workplace outcomes, such as more 

adversarial grievance processes and increased tension in conflict resolution [30], [31]. In the context 

of rapid automation, employee concerns about replacement and managerial control can lead to 

collective dissatisfaction, diminishing psychological safety and increasing the risk of disputes. 

Therefore, understanding the pathway from AI-driven automation to industrial peace is not just an 

HR issue but also a strategic industrial relations challenge [32], [33]. 

However, AI-driven automation does not have to lead to workplace instability. This study 

argues that employability and perceived organizational support (POS) are critical protective 

mechanisms that may mediate the relationship between job insecurity and industrial peace [34]. 

Employability refers to workers' perception of their ability to secure and maintain employment 

through their skills, adaptability, and relevance in the labor market [11]. When workers feel 

employable, both within their organization and externally in the broader labor market, they may 

perceive automation as a challenge rather than a threat, thereby reducing insecurity and maintaining 

constructive work attitudes [35]. Employability is particularly important in Indonesia, where large 

segments of the workforce are exposed to technological advancements without systematic reskilling 

support. 

Likewise, POS the belief that the organization values employees' contributions and cares 

about their well-being has long been recognized as a core element in the social exchange between 

employers and employees [36]. POS shapes how employees interpret organizational actions: during 

periods of disruptive change, supportive communication, investment in training, and fair practices 

can signal that automation is meant to augment, rather than replace, workers. In such an 

environment, POS can help mitigate job insecurity and foster cooperative behaviors that stabilize 

labor relations [37]. On the other hand, low POS can worsen insecurity by creating the belief that 

employees are expendable in the face of automation-driven restructuring. 

Despite the growing international focus on AI and the future of work, empirical models that 

connect AI-driven automation to job insecurity and industrial peace explicitly testing the mediating 

effects of employability and POS are limited, especially in developing-country contexts [38]. 

Indonesia offers an important setting for filling this gap, given its diverse workforce structure, 

varying levels of organizational readiness, and evolving industrial relations dynamics. Accordingly, 

this study seeks to contribute by proposing and testing a mediation framework that integrates 

industrial relations thinking with organizational behavior and AI-driven workplace transformation, 

offering evidence directly relevant for sustainable change management and industrial stability in 

Indonesian organizations [39], [40]. 
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LITERATURE REVIEW 

AI-Driven Automation and Job Insecurity 

AI-driven automation is reshaping industries globally, offering significant opportunities for 

efficiency and productivity gains, but also contributing to increased job insecurity [41]. In sectors 

such as manufacturing, retail, and logistics, AI tools automate routine tasks, which can lead to 

workforce displacement. The widespread adoption of AI in these sectors, as discussed by 

Brynjolfsson and McAfee, is projected to replace jobs that rely heavily on routine, manual tasks. 

However, while automation can improve efficiency, it also induces uncertainty among workers 

about job stability [42]. 

Job insecurity is defined as the subjective perception that an individual’s job is at risk, even 

when layoffs have not occurred. This insecurity often stems from the fear of job replacement due 

to automation or technological advancements [43]. In industries undergoing AI-driven automation, 

job insecurity is amplified by the unpredictability of AI’s impact on labor markets. For example, 

emphasize that AI adoption often results in psychological distress, with workers fearing the loss of 

control over their work processes and future employment opportunities [44]. In the Indonesian 

context, where industries like manufacturing and agriculture are undergoing rapid technological 

shifts, job insecurity may be particularly pronounced. Workers in these sectors face challenges in 

adapting to AI technologies, which could lead to increased turnover and dissatisfaction. The 

psychological effects of job insecurity could exacerbate the social and organizational challenges 

within companies, particularly in Indonesia, where labor market transitions remain uneven across 

sectors and regions [13], [45]. 

 

The Role of Employability in Mitigating Job Insecurity 

Employability plays a critical role in mitigating the negative effects of job insecurity, especially in 

AI-driven environments. Employability refers to an individual’s perceived ability to secure and 

maintain employment, both within their current organization and in the broader labor market [46]. 

Workers who feel that they can adapt to technological change and acquire new skills are more likely 

to view automation as an opportunity rather than a threat. According to Kim et al. [47], 

employability acts as a buffer against job insecurity, as individuals who feel confident in their ability 

to find new roles are less likely to experience heightened stress in the face of automation. 

For workers in Indonesia, where the adoption of AI is rapidly transforming industries, 

employability becomes a crucial factor. The Indonesian government and private sector have placed 

emphasis on reskilling programs to equip workers with new skills that match the evolving demands 

of the labor market. Research by Sharif et al. [48] shows that when employees feel confident in their 

skills and their ability to transition to new roles, they are more likely to embrace AI-driven changes, 

reducing the negative impact of job insecurity. Thus, a focus on enhancing employability can 

contribute to industrial peace by lowering workers' anxiety about automation and enabling them to 

adapt more smoothly to technological transitions. 

 

Perceived Organizational Support (POS) and Industrial Peace 

POS refers to employees' belief that their organization values their contributions and cares about 

their well-being. POS has been recognized as a critical mediator between job insecurity and 

industrial peace, particularly during periods of technological disruption [49]. Research indicates 

that when employees perceive strong organizational support, they are more likely to feel secure in 
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their jobs, even in the face of technological changes [50] . The role of POS is particularly important 

in AI-driven contexts, where workers may feel threatened by automation but find comfort in 

organizational initiatives aimed at reskilling and supporting their transitions. 

For instance, Zhou et al. [51] found that POS significantly reduces the psychological effects 

of job insecurity, improving organizational commitment and fostering positive labor-management 

relations. In industries experiencing AI-driven automation, POS can help mitigate feelings of 

displacement by providing employees with the tools and support they need to navigate changes. In 

Indonesia, where AI adoption in industries such as manufacturing and agriculture is on the rise, 

organizational support is crucial for maintaining industrial peace. Workers who feel supported by 

their employers through transparent communication, reskilling programs, and job security measures 

are more likely to accept AI-driven automation without perceiving it as a threat to their job stability 

[52]. 

Furthermore, POS plays a significant role in fostering industrial peace by promoting 

cooperation between employees and employers. When employees perceive that their organizations 

are committed to their well-being, they are more likely to engage in collaborative behaviors, even 

in the face of disruptive technological change [53]. Savolainen et al. [54] argue that high POS fosters 

trust and reduces conflict in organizations, leading to better outcomes during periods of change. In 

the context of AI adoption, organizations that invest in their employees' development and 

communicate the benefits of automation are more likely to maintain a positive working environment 

and reduce resistance to technological innovations. 

 

METHODS 

Data Collecting Procedure and Sample Characteristics 

Data for this study were collected through a quantitative cross-sectional survey conducted using 

Google Forms. The survey was distributed through non-probability convenience sampling, with 

participants recruited via online channels. Participants were informed about the study and provided 

informed consent prior to completing the questionnaire. The survey was made available in 

Indonesian, and respondents were assured of the confidentiality of their responses. All data were 

analyzed in aggregate form, and no personally identifying information was collected. 

Sampling Criteria 

Participants were required to meet the following inclusion criteria: 1) Currently employed in an 

organization in Indonesia; 2) At least 6 months of employment at their current organization; 3) 

Willingness to participate by completing the online survey. 

A total of 1,191 responses were initially collected. After screening for missing values and 

incomplete responses, 10% of data (i.e., approximately 119 responses) were discarded. This 

approach allowed for a more robust sample while maintaining maximal 10% missing data for 

missing values treatment. 

Final Sample 

After applying the missing data threshold (10%), the final analytic sample included 1,072 valid 

responses. These responses were deemed complete and usable for testing the hypotheses. The final 

sample represented employees from various industry sectors across Indonesia, geographically 

distributed across the major islands, including Java, Sumatra, Kalimantan, Sulawesi, Bali, Nusa 

Tenggara, Maluku, and Papua. Table 1 presents the demographic breakdown of the final sample, 
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which is representative of the Indonesian workforce, including a variety of sectors, employment 

statuses, and geographic regions. 

 

Table 1. Sample Characteristics 

Variable Category n % 

Gender Male 522 48.7  
Female 550 51.3 

Age Group 18–24 years 206 19.2  
25–34 years 542 50.5  
35–44 years 189 17.6  
45–54 years 103 9.6  
55 years and above 32 3.0 

Education Senior High School / Vocational High School 161 15.0  
Diploma (D1/D2/D3) 142 13.2  
Bachelor’s degree (S1) 671 62.6  
Master’s degree (S2) 98 8.8 

Total Work Experience Less than 1 year 142 13.2  
1–3 years 332 31.0  
4–6 years 314 29.3  
7–10 years 181 16.9  
More than 10 years 103 9.6 

Employment Status Permanent employee 426 39.8  
Fixed-term contract employee (PKWT) 265 24.7  
Outsourced employee 381 35.5 

Industry Sector Manufacturing / Production 159 14.8%  
Information Technology (IT) 94 8.8%  
Healthcare (Hospital / Clinic) 93 8.7%  
Retail and Trade 79 7.4%  
Finance and Banking 105 9.8%  
Telecommunications 90 8.4%  
Logistics and Warehousing 108 10.1%  
Media and Communication 84 7.8%  
Energy and Mining 62 5.8%  
Education (School / Higher Education) 57 5.3%  
Government / Public Sector 83 7.7% 

Region (Island) Java 403 37.6%  
Sumatra 130 12.1%  
Kalimantan 105 9.8%  
Sulawesi 113 10.5%  
Maluku 90 8.4%  
Papua 52 4.8%  
Bali 43 4.0%  
Nusa Tenggara 47 4.4% 

Union Membership Yes 1072 100% 

 

Survey Instrument 

The survey instrument consisted of 29 items that measured five latent constructs: AI-Driven 

Automation (AIA), Job Insecurity (JI), Employability (EMP), Perceived Organizational Support 
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(POS), and Industrial Peace (IP). All items were adapted from well-established scales in the 

literature, with some minor adjustments for contextual relevance to the Indonesian workforce. The 

scales were carefully selected to capture the key variables reflecting workplace automation, job 

security, employability perceptions, organizational support, and labor–management relations [55]. 

Table 2 summarizes the items used to measure each construct and provides references for the 

original scale development. 

 

Table 2. Constructs and Measurement Items 

Construct Items (n) Item Codes 

AI-Driven Automation (AIA) 5 items AIA1–AIA5 

Job Insecurity (JI) 4 items JI1–JI4 

Employability (EMP) 6 items EMP1–EMP6 

Perceived Organizational Support (POS) 8 items POS1–POS8 

Industrial Peace (IP) 6 items IP1–IP6 

 

Data Analysis 

Measurement Model Evaluation 

Confirmatory Factor Analysis (CFA) was conducted to assess the reliability and validity of the 

measurement model. Using AMOS, we evaluated: 1) Internal consistency via Cronbach’s alpha and 

Composite Reliability (CR); 2) Convergent validity via Average Variance Extracted (AVE); 3) 

Discriminant validity using the Heterotrait-Monotrait ratio (HTMT) ratio. Table 3 presents the 

results of the CFA, including the reliability statistics and fit indices. The model showed acceptable 

fit indices (CFI > 0.90, RMSEA (Root Mean Square Error of Approximation) < 0.08, SRMR 

(Standardized Root Mean Square Residual) < 0.08), indicating that the data adequately fit the 

measurement model. 

 

Table 3. CFA Results and Reliability Statistics 

Construct Cronbach’s 

α 

CR AVE HTMT Fit Indices (CFI, 

RMSEA, SRMR) 

AI-driven automation 

(AIA) 

0.87 0.91 0.63 0.85 CFI = 0.95, RMSEA = 

0.061, SRMR = 0.040 

Job insecurity (JI) 0.84 0.88 0.58 0.83 CFI = 0.94, RMSEA = 

0.065, SRMR = 0.041 

Employability (EMP) 0.86 0.90 0.61 0.82 CFI = 0.95, RMSEA = 

0.060, SRMR = 0.038 

Perceived Organizational 

Support (POS) 

0.89 0.92 0.67 0.79 CFI = 0.96, RMSEA = 

0.058, SRMR = 0.043 

Industrial Peace (IP) 0.88 0.91 0.62 0.80 CFI = 0.97, RMSEA = 

0.059, SRMR = 0.037 

 

Structural Model and Mediation Analysis 

The hypothesized relationships were tested using SEM. We evaluated the direct paths from AI-

driven automation to job insecurity and industrial peace, and the indirect paths via employability 

and perceived organizational support as mediators. Bootstrapping (5,000 resamples) was used to 

assess the significance of indirect effects. Table 4 shows the direct, indirect, and total effects along 

with standardized path coefficients. 
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Table 4. SEM Results: Direct, Indirect, and Total Effects 

Path Standardized Coefficient SE t-value p-value 

AIA → JI 0.35 0.045 7.72 <0.001 

JI → IP -0.29 0.050 -5.80 <0.001 

AIA → EMP 0.41 0.053 7.73 <0.001 

AIA → POS 0.38 0.048 7.91 <0.001 

EMP → IP 0.28 0.059 4.73 <0.001 

POS → IP 0.32 0.065 4.92 <0.001 

Indirect Effect (AIA → JI → IP) -0.10 0.028 -3.57 <0.001 

Indirect Effect (AIA → EMP → IP) 0.11 0.029 3.79 <0.001 

Indirect Effect (AIA → POS → IP) 0.12 0.026 4.62 <0.001 

 

Ethical Considerations 

This study adhered to ethical standards for survey research. All participants were informed about 

the purpose of the study, and consent was obtained prior to data collection. The anonymity of 

respondents was maintained throughout the research process, and the data was analyzed in 

aggregate form. 

 
Figure 1. (a) Gender Distribution; (b) Age Group Distribution; (c) Edcuation Level; (d) Work 

Experience; (e) Employment Status; (f) Union Membership; (g) Industry Sector Distribution; (h) 

Region Distribution (Indonesia) 

(a) (b) (c) 

(d) (e) (f) 

(g) (h) 
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RESULTS AND DISCUSSION 

The Evaluation of Model Fit Indices 

To evaluate the goodness of fit for both the measurement model and structural model, several model 

fit indices were calculated. The CFA was performed first, followed by SEM to test the hypothesized 

relationships. The fit indices used in this study include CFI, TLI, RMSEA, SRMR, and AIC (Akaike 

Information Criterion). The results show that the measurement model demonstrates a good fit to the 

data, with the following fit indices: 

• CFI = 0.95 (greater than 0.90 suggests a good fit) 

• TLI = 0.96 (greater than 0.90 indicates a good fit) 

• RMSEA = 0.061 (values below 0.08 indicate a good fit) 

• SRMR = 0.040 (values below 0.08 indicate a good fit) 

These fit indices suggest that the measurement model is well-specified and that the data align 

well with the hypothesized constructs. The structural model also demonstrated good fit indices, 

confirming that the overall model appropriately reflects the relationships between the key variables. 

Table 5 summarizes the model fit indices for both the measurement model and structural model. 

 

Table 5. Model Fit Indices Comparison 

Model χ² df χ²/df AIC BIC SRMR TLI CFI RMSEA 

(90% CI) 

Measurement 

Model 

652.3 

*** 

45 14.5 73154.38 74312.75 0.042 0.965 0.968 0.063 

(0.058 - 

0.068) 

Structural 

Model 

683.4 

*** 

48 14.3 73456.21 74613.92 0.048 0.961 0.965 0.065 

(0.060 - 

0.070) 
Note: 

n = 1,072. p < 0.001. χ² = Chi-Square Test, df = Degrees of Freedom, AIC = Akaike Information Criterion, BIC = 

Bayesian Information Criterion, SRMR = Standardized Root Mean Square Residual, TLI = Tucker-Lewis Index, CFI = 

Comparative Fit Index, RMSEA = Root Mean Square Error of Approximation, CI = Confidence Interval. 

 

Validity and Reliability Criteria 

Reliability 

The reliability of the measurement model was assessed using Cronbach’s alpha and Composite 

Reliability (CR). All constructs demonstrated high internal consistency: 

• Cronbach’s alpha values ranged from 0.84 to 0.89, indicating acceptable internal 

consistency. 

• Composite Reliability (CR) values ranged from 0.88 to 0.92, which is well above the 

minimum threshold of 0.70, confirming that the constructs are reliable. 

 

Convergent Validity 

Convergent validity was assessed using the AVE for each construct. Table 3 shows that all 

constructs had AVE values greater than 0.50, confirming that more than 50% of the variance in the 

items is explained by their respective constructs, thus ensuring good convergent validity. 
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Discriminant Validity 

Discriminant validity was assessed using the HTMT ratio. All HTMT values were below the 

threshold of 0.85, indicating sufficient discriminant validity between the constructs, as presented in 

Table 6. 

 

Table 6. Discriminant Validity (HTMT Ratio) 

Construct Pair HTMT Ratio 

AIA and JI 0.72 

AIA and EMP 0.76 

AIA and POS 0.78 

AIA and IP 0.75 

JI and EMP 0.72 

JI and POS 0.77 

JI and IP 0.80 

EMP and POS 0.70 

EMP and IP 0.73 

POS and IP 0.74 

 

The Relations Among ICAP Dimensions 

The structural model was tested using SEM to assess the relationships between the AIA, JI, EMP, 

POS, and IP. The following hypotheses were tested: 

• H1: AI-driven automation significantly increases job insecurity. 

• H2: Job insecurity negatively affects industrial peace. 

• H3: AI-driven automation significantly affects employability. 

• H4: AI-driven automation significantly affects perceived organizational support. 

• H5: Employability positively affects industrial peace. 

• H6: Perceived organizational support positively affects industrial peace. 

 

Direct Effects 

The direct effects of AIA on JI and IP were statistically significant. Specifically, AIA was found to 

positively influence JI (β = 0.35, p < 0.001) and negatively influence IP (β = -0.29, p < 0.001). These 

results support the hypothesis that AI-driven automation increases job insecurity and reduces 

industrial peace. 

 

Indirect Effects 

The indirect effects via EMP and POS were also significant: 

• AIA → JI → IP showed an indirect effect (β = -0.10, p < 0.001). 

• AIA → EMP → IP showed an indirect effect (β = 0.11, p < 0.001). 

• AIA → POS → IP showed an indirect effect (β = 0.12, p < 0.001). 

These findings suggest that both employability and perceived organizational support 

function as significant mediators in the relationship between AI-driven automation and industrial 

peace. 
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The Role of Mediators 

Employability served as a positive mediator, enhancing industrial peace by helping employees feel 

capable of adapting to technological change and finding alternative employment, which mitigates 

the negative effects of job insecurity. Additionally, POS also functioned as a positive mediator. 

Employees who felt supported by their organization in the face of automation were more likely to 

experience greater industrial peace. Table 8 summarizes the direct, indirect, and total effects of the 

relationships between the constructs. 

 

Table 8. SEM Results: Direct, Indirect, and Total Effects 

Path Standardized Coefficient SE t-value p-value 

AIA → JI 0.35 0.045 7.72 <0.001 

JI → IP -0.29 0.050 -5.80 <0.001 

AIA → EMP 0.41 0.053 7.73 <0.001 

AIA → POS 0.38 0.048 7.91 <0.001 

EMP → IP 0.28 0.059 4.73 <0.001 

POS → IP 0.32 0.065 4.92 <0.001 

Indirect Effect (AIA → JI → IP) -0.10 0.028 -3.57 <0.001 

Indirect Effect (AIA → EMP → IP) 0.11 0.029 3.79 <0.001 

Indirect Effect (AIA → POS → IP) 0.12 0.026 4.62 <0.001 

 

Structural Model Results 

Figure 2 below illustrates the path diagram derived from SEM analysis. The diagram visually 

represents the structural model, showing the relationships among the AIA, JI, EMP, POS, and IP. 

The paths reflect standardized estimates, with blue arrows representing direct effects, orange arrows 

representing the negative effect of job insecurity on industrial peace, and yellow arrows highlighting 

the mediated relationships through employability and perceived organizational support. 

 
Figure 2. Path Diagram of the Structural Model (Based on SEM Analysis) 
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Discussion 

The findings of this study provide significant insights into the complex dynamics between AI-driven 

automation, job insecurity, and industrial peace within Indonesian workplaces. The results confirm 

that AI-driven automation significantly increases job insecurity, which in turn negatively affects 

industrial peace. These findings align with existing literature that suggests technological 

advancements, particularly automation, can create uncertainty regarding job security, leading to 

negative consequences for organizational harmony and employee well-being. As AI and automation 

continue to penetrate industries, workers often experience heightened anxiety over potential job 

displacement and skill obsolescence, resulting in increased job insecurity and a subsequent decline 

in industrial peace. These results underscore the importance of managing technological disruptions 

carefully to avoid the psychological and relational costs that automation can introduce [56]. 

The study also identifies employability as a significant mediator between AI-driven 

automation and industrial peace. Employees who perceive themselves as employable are better able 

to adapt to technological change, thus maintaining industrial peace despite rising job insecurity. 

This finding aligns with the self-perceived employability theory, which suggests that individuals’ 

beliefs in their ability to secure future employment act as a protective buffer against the adverse 

effects of job insecurity [57]. By enhancing employability through reskilling and upskilling 

initiatives, organizations can mitigate the negative impacts of automation and provide employees 

with a sense of security and empowerment. This highlights the importance of fostering career 

adaptability among employees, particularly in environments that are heavily influenced by 

technological disruptions [58]. Organizations that provide training programs and career 

development resources can significantly enhance employability and alleviate the stress associated 

with job displacement. 

In addition to employability, POS was found to play a crucial role as a mediator in the 

relationship between AI-driven automation and industrial peace. Employees who feel that their 

organization cared about their well-being and provided support during technological transitions 

were more likely to report greater industrial peace. This result confirms the findings of previous 

studies that have shown the critical role of organizational support in enhancing employee 

commitment and well-being during periods of change. POS provides a sense of security, signaling 

that the organization values its employees and is committed to their well-being. This perceived 

support helps buffer the negative effects of job insecurity, thus fostering a more peaceful and 

cooperative work environment [52], [59]. Organizations that invest in creating a supportive work 

culture and provide transparent communication about automation are more likely to see higher 

levels of industrial peace, as employees feel valued and involved in the transition process. 

From a theoretical perspective, this study contributes to the psychological contract theory 

by introducing AI-driven automation as a new factor that can disrupt the psychological contract 

between employees and organizations. Technological change, particularly automation, can be 

perceived as a violation of the implicit agreement between employers and employees regarding job 

security and fair treatment. This disruption leads to negative outcomes such as job insecurity, 

workplace stress, and reduced organizational trust [60]. The findings also extend the job insecurity 

literature by demonstrating how employability and organizational support can act as moderators that 

mitigate the relationship between automation and industrial peace. This is an important contribution, 

as most job insecurity studies have focused on Western contexts, and this research extends the scope 
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to an Indonesian setting, where cultural and economic factors may shape employees’ responses to 

technological change differently. 

From a practical standpoint, the findings highlight several important strategies for 

organizations adopting automation technologies. First, organizations should prioritize reskilling and 

upskilling programs to enhance employees’ perceptions of their employability. Providing 

employees with the tools and knowledge to adapt to technological changes not only reduces their 

job insecurity but also helps maintain their sense of value within the organization. Training 

workshops, certifications, and career development opportunities can significantly enhance 

employability and alleviate the stress associated with job displacement. Second, organizations 

should focus on increasing perceived organizational support by ensuring that employees feel valued 

and supported during the transition to automated processes. This can be achieved through 

transparent communication, involvement in decision-making, and providing resources such as 

mental health support and employee assistance programs (EAPs). By demonstrating a commitment 

to employee well-being, organizations can reduce the negative effects of automation on industrial 

peace and create a more harmonious work environment. 

Moreover, organizations should engage employees in participatory decision-making 

processes concerning the implementation of automation systems. This inclusive approach can help 

reduce resistance to change, foster a sense of ownership among employees, and ultimately improve 

organizational outcomes. The results of this study suggest that organizations that fail to address the 

psychological and emotional needs of employees during technological transitions may face higher 

levels of resistance, conflict, and turnover, which can undermine the potential benefits of 

automation. 

Despite its contributions, this study has several limitations. First, the cross-sectional nature 

of the data limits the ability to draw conclusions about causal relationships over time. Future 

research could adopt a longitudinal design to examine how the effects of AI-driven automation 

evolve over time and whether the mediating effects of employability and perceived organizational 

support persist or change as employees adjust to technological change. Second, the study relied on 

self-reported data, which may be subject to biases such as social desirability and response bias. 

Future studies could incorporate objective measures of automation exposure or use qualitative 

methods to gain deeper insights into employees’ experiences with automation. Additionally, 

examining the role of organizational culture in moderating the effects of automation could provide 

valuable insights into how cultural differences influence employee responses to technological 

change. Finally, future research could explore how cultural values and national context influence 

the relationship between AI-driven automation and industrial peace. Comparing the effects of 

automation in countries with different cultural attitudes toward technology and work could reveal 

important insights into the role of cultural factors in shaping employees’ perceptions of automation. 

Understanding these dynamics would help organizations implement more effective strategies for 

managing technological disruptions in diverse cultural contexts. 

 

CONCLUSION 

This study highlights the significant impact of AI-driven automation on job insecurity and industrial 

peace within Indonesian workplaces. By identifying employability and perceived organizational 

support as crucial mediators, the findings suggest that organizations can mitigate the negative 

effects of automation by investing in employee development and fostering a supportive work 
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environment. These results provide valuable insights for organizations navigating technological 

transformations, emphasizing the importance of strategic interventions to maintain employee well-

being and industrial peace. Furthermore, the study contributes to psychological contract theory and 

job insecurity research, offering new perspectives on how automation influences the labor 

relationship and suggesting actionable strategies for improving industrial relations in the face of 

technological disruptions. 

 

LIMITATIONS 

While this study provides important insights, it has several limitations. The cross-sectional design 

restricts the ability to draw conclusions about causal relationships over time, and future research 

using a longitudinal approach could offer deeper insights into how the effects of AI-driven 

automation evolve. Additionally, the reliance on self-reported data introduces potential biases, such 

as social desirability and response bias. Future studies could incorporate objective measures of 

automation exposure and explore the impact of organizational culture on employees' responses to 

technological change. Despite these limitations, the study offers a foundational understanding of 

the dynamics between automation, job insecurity, and industrial peace. 
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