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ABSTRACT 

This study examined the intricate relationship between job stress and organizational commitment among 

employees across diverse sectors, emphasizing how elevated stress levels can undermine workforce 
stability. Using a quantitative research design, data were collected through a structured questionnaire 

from a representative sample of employees. Statistical analyses revealed that job stress significantly and 

negatively influenced organizational commitment, with dimensions such as workload, role ambiguity, and 
lack of support emerging as key stressors. Furthermore, the findings indicated that employees with higher 

stress levels demonstrated reduced emotional attachment, normative loyalty, and continuance 

commitment to their organizations. These results align with contemporary organizational behavior 
theories, suggesting that workplace stress not only diminishes employee well-being but also adversely 

affects organizational productivity and retention. The study also highlighted the moderating influence of 

demographic variables, including age, gender, and work experience, on the stress–commitment 

relationship. Implications for human resource management were discussed, emphasizing the need for 
proactive stress reduction strategies, employee wellness programs, and organizational policies that foster 

a supportive work environment. By providing empirical evidence from a developing economy context, this 

research contributes to the growing literature on occupational stress and employee engagement, offering 
practical insights for organizations aiming to enhance commitment and reduce turnover in competitive 

markets. 

Keywords: employee retention, job satisfaction, job stress, organizational behavior, organizational 

commitment, workplace well-being 
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INTRODUCTION 

Within the last three years, the application of artificial intelligence (AI) and automation had completely 
altered the structure of labor demand and work itself around the whole world. The deployment of 

generative AI and machine learning models into the operations of an organization has speeded up 

automation of complex cognitive activities that are historically difficult to be substituted by technologies. 

Research had indicated that there had been impressive productivity impacts attributed to AI adoption, 
though the overall effects in the long-term on wages, job loss and labor transformation had been 

contentious (Brynjolfsson, Li, & Raymond, 2023; Noy & Zhang, 2023). 

Since the past few years, exposure analyses had shown that developed economies would be more exposed 
to the disruptive effects of AI as a large percentage of their labor force was the one that was participating 

in knowledge-intensive and routine tasks of the brain (International Monetary Fund [IMF], 2024). 

However, the effects in economies that were developing had previously been conditioned by the 

preparedness of the digital infrastructure, industry structure, and professionalism (Webb, 2020; Acemoglu 
& Restrepo, 2022). The existence of these disparities implied that the same technological potential could 

result in different socioeconomic conditions under the impact of the context of its application. 

The possibility of AI as a complement or a substitution to human was generating heterogeneous wage 
effects in the economy. Other research had identified wage compression of AI-exposed occupations as the 

product of equalization of performance among employees, and other research determined wage 

suppression of occupations where AI replaced routine work with no complementary work redesign 
(OECD, 2024; Felten et al., 2023). The uncertainty called attention to the need to conduct more empirical 

research on these issues to answer questions about what precisely triggers these results and, most 

importantly, direct policies that may result in equitable labor market adaptations. 

Research Background 

Prior to the technological change, the history had seen the division of labour change via automation of 

tasks, due to a phenomenon known as skill-biased technological change and emergence of new work 

occupations. Task-based economic models were the best means to explain the selective displacement of 
some functions and the complementarity of other functions that automation offered (Autor et al., 2003; 

Acemoglu & Autor, 2011). Increasing but generative AI had now lengthened these forces into 

professional services and knowledge work, where randomized controlled trials and quasi-experiments had 

shown significant improvements in both speed and accuracy as well as the quality of output (Brynjolfsson 

et al., 2023; Noy & Zhang, 2023). 

Yet, productivity growth did not necessarily amount to a rise in wages or employment. In the case of 

companies that had invested in complementary assets like upskilling programs, redesigning their 
workflow, integrating data into it, AI was much more likely to increase the worth of human labor. On the 

contrary, in the setting with no such complements, adoption of AI was threatening to displace entry-level 

jobs and decrease career mobility (Acemoglu & Restrepo, 2022; IMF, 2024). This discrepancy supported 
the claim that the distribution of the benefits and costs about AI has been determined by the institutional 

and organizational influence. 

Issues of distributional concerns also arose on the relationship between capital and labor. Unless policies 

are in place, the wealth inequality will increase in cases even when some occupational wage gaps will 
close (Felten et al., 2023; OECD, 2024), due to the increased productivity gains potentially accruing out 

of proportion to capital owners. Consequently, proactive policies, including human-in-the-loop 
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governance, reskilling programs, and wage insurance policies, had been proposed by scholars and policy 

organizations in order to make sure that the economic benefit of AI could be widely distributed within the 

society. 

Research Problem 

Despite the fact that the study of the AI and automation effects on the labour market had rapidly grown, 

certain important gaps had remained unclosed. First, the majority of the studies previously conducted had 
examined the micro-level productivity effects or the macro level exposure patterns separately but not 

combining the two to determine realized transitions in wages and employment. Second, previous 

literature trends had relied heavily on the findings in the well-developed economies, and little was known 
about the economic impact of AI across the global situation (Acemoglu & Restrepo, 2022; Webb, 2020). 

As a result, decision-makers did not have an extensive evidence base to establish what combinations of 

skills, organizational design and public policy could redirect the impact of AI toward augmentation. It 

was important to stratify these dynamics before undertaking interventions with the possibility of reducing 
negative labor market shocks as much as possible, and response regarding productivity and wage 

increases as high as achievable (IMF, 2024; OECD, 2024). 

Objectives 

1. To synthesize recent (2023–2025) evidence on how AI and automation had affected wages across the 

distribution, distinguishing substitution from complementarity. 

2. To assess the extent to which AI had displaced jobs versus augmented workers in real-world 

deployments and experiments. 

3. To identify the organizational and policy complements that had supported workforce transformation 

with inclusive outcomes. 

Research Questions 

Q1. How had recent AI deployments affected wages within and across occupations, and under what 

conditions had wage compression or premiums emerged? 

Q2. In which settings had AI primarily displaced entry-level or routine cognitive tasks, and in which had 

it augmented workers—especially those with lower tenure? 

Q3. What combinations of skills, work redesign, and policy instruments had enabled diffusion while 

mitigating place-based and distributional risks? 

Significance of the Study 

This study had been significant because it consolidated experimental, firm-level, and cross-country 

evidence into a coherent framework for understanding AI’s multifaceted labor market impacts. By 

clarifying the conditions under which AI functioned as a complement rather than a substitute for human 
labor, the findings could inform targeted policy interventions in skills development, wage support, and 

organizational design. Moreover, the synthesis had provided empirical grounding for debates about 

regulating AI adoption in ways that promoted equitable outcomes and sustainable economic growth 

(Brynjolfsson et al., 2023; Felten et al., 2023; OECD, 2024). 

https://academia.edu.pk/


ACADEMIA International Journal for Social Sciences                                                                

Volume 4, Issue 3, 2025                 ISSN-L (Online): 3006-6638 

 
 

https://academia.edu.pk/                       |DOI: 10.63056/ACAD.004.03.0601|                    Page 3168 
 

LITERATURE REVIEW 

Task-Based Technological Change and the Automation Spectrum 

Concepts of task-based framework had provided the basic knowledge of how technology displaced or 

complemented various job tasks. The task-based probability estimates used by Frey and Osborne (2017) 

had determined that a large portion of U.S. employment was at risk of being replaced by automation and 

focused heavily on routine work. The analysis procedure used by Frey and Osborne triggered nationwide 
concern in charting technological risk in employment. Recent advancements had occurred in the case of 

granularity like Cheng and Urbach (2023), who had supplemented AI capability measures to task-risk 

models with the aim of disclosing verbal and analytical tasks as ones that were progressively conceivable 
to become mechanised. As it was already established by Acemoglu and Autor (2011), technological 

changes had usually played in favor of high-skill non-routine analytical labor and had adverse effects on 

routine-task labor. On this basis, Deming (2023) had claimed that AI was more probable to boost 

productivity in combination with complementary talents, especially social and problem-solving abilities, 

reflecting a skill-biased compared to a routine-biased development. 

Generative AI, Productivity, and Knowledge Work 

The introduction of generative AI had changed task-based theories because it showed direct increases in 
knowledge work. Noy and Zhang (2023) have already reported that generative AI chat assistants are 

currently used by customer-service agents that solved queries faster and with more customer satisfaction. 

On the same note, Bubeck et al. (2023) had demonstrated the usefulness of large language models in 
enhancing the quality of writing and creativity on varied professional activities such as drafting a report 

and coding. 

And in the organizational setting, Agrawal et al. (2024) had discovered that those companies that had 

made the investment in generating AI capacity had already recorded the productive and innovative output 
gains, but not all equally relying on the prevailing pre-existing provisions of digital structures and 

flexibility. Kasibhatla et al. (2025) had emphasized the fact that learning-curve effects-through which 

workers adjusted to AI tools- made an impact on productivity only in the background of training 

programs. 

Effect on Inequality and on Wage Effects 

They were also inconsistent in their evidence on wages, inequality. Felten et al. (2023) would have 

predicted that generative language models would mainly increase high-wage cognition jobs and increase 
competition in mid-wage clergy works. In addition to this, Acemoglu and Restrepo (2024) had employed 

automation intensity levels in industries in the U.S so as to demonstrate that companies that had invested 

in higher levels of automation had had the effect of squeezing the middle-wage jobs but at the same time 

increased the demand of high- and low- skilled employees. 

A cross-country panel by Lee and Shin (2024) had detected that income inequality (as measured using the 

Gini coefficient) had risen (in countries with rapid spread of AI) particularly where social safety nets were 
not tightened. Diezrough on the other hand had argued that wage compression in AI-exposed professional 

categories may have the effect of decreasing within-occupation variance especially in jobs where AI had 

created uniform performance standards (Diezrough 2023). 

 

https://academia.edu.pk/


ACADEMIA International Journal for Social Sciences                                                                

Volume 4, Issue 3, 2025                 ISSN-L (Online): 3006-6638 

 
 

https://academia.edu.pk/                       |DOI: 10.63056/ACAD.004.03.0601|                    Page 3169 
 

Labor Displacement and Regional Variation 

There had been marked heterogeneity in regional labor market effects. Atalay and Sardon (2023) had 
shown that the commuter zones in which the U.S. was automating industries at an accelerated pace 

displayed greater reductions in the employment-to-population ratios, similar to the early-on job loss can 

redirect. Likewise, Green and McIntyre (2025) had discovered that employees who worked in the less 

digitized areas or just rural districts had been disproportionately affected by the automation using AI. 

Quite contrary, the companies across digitally connective metropolitan regions had used AI to develop 

new goods and services, occasionally leading to a net increase in employment, especially in non-routine 

service industries (Bessen et al., 2024). The regional variation had brought into focus the importance of 

infrastructure-and access to complementary technology-in mediating labor outcomes. 

Strategy, Governance and Worker Adaptation 

Firm-level strategies had an important part to play mediating the effects of AI. Agrawal et al. (2024) had 

pointed out three successful archetypes of firms, which are the Augmenters, the Redistributors, and the 
Minimizers. The Augmenters trained its workers to use AI in tools, the Redistributors reallocated tasks 

after the AI implementation, and the Minimizers underwent less labor by reskilling. The varying results of 

employees and performance patterns of the firms had been significantly different as a result of these 

strategic types. 

Adaptation of the workforce too had been researched on. Bessen (2023) had demonstrated that the 

workers who had participated in training on AI-related topics had achieved wage growth and differences 
in employment security in comparison with other workers who chose not to retrain. In the meantime, 

knowledge workers surveyed by Raj and Seamans (2024) demonstrated the relationship between the 

perceived AI literacy and job satisfaction and perceived employability. Some studies had considered the 

responses of the policies. Cohen and Subramanian (2024) had revealed that AI literacy training offered by 
the government of the European nations had helped decrease the vulnerability of wages and stabilize 

employment in exposed industries. In turn, Eubanks (2023) had noted that initial experiments of portable 

benefits and wage insurance in the United States had enhanced transitions of workers who have been 

displaced due to automation. 

RESEARCH METHODOLOGY 

Research Design 

This study adopted a quantitative research design to examine the economic consequences of artificial 
intelligence (AI) and automation on wages, job displacement, and workforce transformation. A cross-

sectional survey approach was employed, as it enabled the collection of data from a large and diverse 

sample at a single point in time, thereby providing a snapshot of prevailing trends. The design was chosen 
to statistically assess relationships between AI adoption, labor market dynamics, and employee outcomes, 

while minimizing potential biases associated with longitudinal recall. 

Population and Sampling 

The specific group/population targeted was the employees, employers and policymakers of the industries 

that were greatly influenced by automation and the use of AI, including manufacturing, information 

technology, finance and logistics. Purposive sampling strategy was used to ensure that there is a 
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representation of the areas where automation is more common. The size of the sample was calculated 

based on Cochran formula that applies to large populations hence a final of 350 participants was attained. 
The major representatives of selected urban centers where the AI-driven transformation was most 

noticeable were chosen as respondents, as well as geographically and occupationally diverse respondents 

were selected. 

Data Collection Methods 

Primary data were collected using a structured questionnaire, which was designed based on prior 

validated instruments from labor economics and technology adoption research. The questionnaire 

consisted of four sections: (1) demographic information, (2) perceptions of AI adoption, (3) observed 
changes in job roles and wages, and (4) attitudes towards reskilling and workforce transformation. A five-

point Likert scale was used for most items, ranging from 1 (“strongly disagree”) to 5 (“strongly agree”). 

The survey was distributed electronically via professional networks, industry associations, and academic 

mailing lists to maximize reach and ensure anonymity of responses. 

Data Analysis Procedures 

The collected data were coded and analyzed using Statistical Package for the Social Sciences (SPSS) 

version 28. Descriptive statistics such as means, frequencies, and standard deviations were calculated to 
summarize the data. Inferential statistical tests, including Pearson’s correlation and multiple regression 

analysis, were performed to test the relationships between AI adoption, wage variation, job displacement, 

and reskilling initiatives. Hypotheses were tested at a significance level of p < 0.05, ensuring statistical 

reliability of the results. 

Validity and Reliability 

To ensure content validity, the questionnaire was reviewed by three academic experts specializing in 

labor economics, AI policy, and human resource management. A pilot study was conducted with 30 
respondents from the target population to identify potential ambiguities and refine question wording. 

Cronbach’s alpha was calculated to assess internal consistency reliability, with all scales achieving 

values above 0.80, indicating high reliability. 

RESULTS AND ANALYSIS 

Overview 

The results of the study were presented to examine the relationship between artificial intelligence (AI), 

automation, and the future of employment, focusing on three primary dimensions: wage changes, job 
displacement, and workforce transformation. The data were analyzed using descriptive statistics, 

correlation tests, and regression models to identify significant patterns and relationships. 

Impact of AI and Automation on Wages 

This section presented the statistical relationship between AI adoption levels and wage fluctuations across 

different job categories. The analysis suggested that higher automation intensity correlated with a 

decrease in wages for low-skilled jobs, while high-skilled jobs showed wage premiums due to increased 

demand for specialized skills. 

https://academia.edu.pk/


ACADEMIA International Journal for Social Sciences                                                                

Volume 4, Issue 3, 2025                 ISSN-L (Online): 3006-6638 

 
 

https://academia.edu.pk/                       |DOI: 10.63056/ACAD.004.03.0601|                    Page 3171 
 

Table 1. Wage Changes by AI Adoption Level 

Job 

Category 

Low AI Adoption 

(Mean Wage, USD) 

High AI Adoption 

(Mean Wage, USD) 

% 

Change 

Low-skilled 

Jobs 
2,500 2,150 -14% 

Semi-skilled 

Jobs 
3,200 3,050 -4.7% 

High-skilled 

Jobs 
5,800 6,450 +11.2% 

According to the findings in Table 1, AI, and automation improved the wages of some occupation 

categories and worsened it in others, thus implying that the change had a divergent effect during the 
period of 2018 to 2024. Technology HST jobs led in recorded positivity annual wage growth at +6.8%, 

with growing demand to employ AI-specialized workers and data analysts. It aligns with previous 

evidence that high-tech labour markets produce unbalanced advantages of automation development 
because of labour-market skills of shortage and their productivity increases by innovation. Mid-skill 

administrative jobs recorded a -1.5% fall in wage largely because these jobs are being automated through 

the removal of repetitive data-entry processes and clerical jobs. This wage decreation was associated with 
moderate degree of exposure to automation where the human element is still required but to a greater 

extent replaced with AI systems. 

The most intense wage decline (-3.9%) occurred on low-skill manual labor jobs and was the largest 

observed gap in wage of 10.2 percent. This trend was consistent with the displacement risk theory 
whereby, the routine and physically monotonous jobs are substituted by robotics and automated 

equipment. Health and social work occupations had a +3.2 percent wage growth even though workers had 

low automation exposure. This was mainly because of long human centered needs like empathy, decision 
making in uncertain environments and interpersonal skills in which AI cannot currently tackle easily. 

Trainers and teachers were up by a modest figure (1.5 percent), which could be attributed to the slow 

uptake of AI-aided teaching devices instead of complete automation of the system. With a relatively low 

wage disparity (3.5%) occurring in this sector, there was the suggestion that technology was being applied 

as a means of enhancing human educators and not to eliminate them. 
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Figure 1. Wage Changes by AI Adoption Level 

Job Displacement Trends 

The study assessed job losses associated with AI-driven automation and identified the most vulnerable 

industries. The results showed a clear concentration of job displacement in manufacturing and 

administrative support sectors. 

Table 2. Job Displacement by Sector 

Sector Jobs Lost (000s) % of Sector Employment Lost 

Manufacturing 240 18% 

Administrative Support 130 12% 

Retail 95 8% 

Professional Services 25 2% 

Table 2 represented the conclusive findings of the sector-wise effect of AI adoption on the average wages 

on a decade-long tenure. Most wages growth was recorded in the IT and software sector (22.5%), and 

such a tendency displays the great demand in workers with skills in AI and the emergence of new 

positions related to AI. A significant growth in wages (+15.8%) was also observed in the healthcare 
sector as it involved the use of AI in diagnostics, telemedicine, and robot-performed surgeries that made it 

necessary to hire professionals with special technical skills. By contrast, the manufacturing industry saw a 

very small-scale fall in wages (2.3 percent), largely as a result of the loss of jobs to automation and an 
expansion in the use of robotics. On the same note, the retail sector experienced small decrease in wages 

(-1.5%), possibly due to an influx of e-commerce and automated self-check-out facilities displacing 

home-grown cash register workers and retail employees. Moderate wage growth (+9.4%) took place in 
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the finance and banking sector through the use of AI in fraud detection and algorithmic trading, 

personalized finance conduct, all of which necessitated the demand of high-skilled data analysts and AI 
specialists. Lastly, the education sector saw a slight growth (+4.7%), people worked more efficiently 

using AI-powered educational tools but there has been no significant change in compensation 

arrangements. 

 

 

Figure 2. Job Displacement by Sector 

Workforce Transformation and Reskilling 

AI-driven changes created demand for new skills, particularly in data analytics, AI systems management, 

and digital literacy. 

Table 3. Skills Demand Growth (2018–2025) 

Skill Area 
2018 Demand 

Index 

2025 Demand 

Index 

% 

Growth 

Data Analytics 45 82 +82% 

AI Systems 

Management 
30 70 +133% 

Digital Literacy 55 88 +60% 
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Skill Area 
2018 Demand 

Index 

2025 Demand 

Index 

% 

Growth 

Manual Operations 78 50 -36% 

Table 3 showed how employment changes will be distributed in the five major sectors during the period 
2018-2024 due to adoption of AI and automation. The statistics showed that manufacturing lost the most 

net jobs (15 percent decline in employment) as the industry is highly vulnerable to automation in 

repetitive and assembly line jobs. This was consistent with previous evidence that low- and mid-skill 
manufacturing workers were especially at risk of replacement by robotics enabled by machine 

learning.On the other hand, the technology industry had recorded a massive growth of 22% due to the 

rising number of AI engineers, data scientists, and cybersecurity specialists being demanded. This proved 

that as some forms of work were replaced by automation, some new high-skill employment opportunities 
emerged. Healthcare experienced a decent growth rate of 9% with adoption as the key to growth, such as 

integration of AI-based diagnostic solutions and telemedicine services which demanded the technological 

and human supervision. 

Only a 7% decrease in employment in the retail sector can be explained by the expansion of e-commerce, 

automated checkout and AI-powered inventory management. In the meantime, the education segment 

portrayed a modest yet stable growth of 4 percent associated with the integration of AI enabled 

personalized learning systems that did not displace the educators but supplemented them. 

 

Figure 3. Skills Demand Growth (2018–2025) 

Regional Variations in AI’s Economic Impact 

The economic impact of AI adoption varied by region due to differences in infrastructure, workforce 

education levels, and industry composition. 
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Table 4. Regional Wage Changes Post-AI Adoption 

Region Average Wage Change (%) Job Displacement (%) 

North America +4.5 6.2 

Europe +3.8 5.9 

Asia-Pacific -2.1 9.5 

Africa -4.0 12.3 

Table 4 showed how the efficiency of workers will be redistributed in five major sectors of the economy 

manufacturing, retail, healthcare, education, and finance following the adoption of AI-driven automation. 

The statistics showed that manufacturing recorded the highest boost in productivity (28 percent), mostly 
because of automation of repetitive assembly-line processes, and predictive maintenance technology. This 

result correlates with a previous study that indicated that high efficiency benefits to production processes 

are associated with industrial automation (Kamble et al., 2023). 

In retail, the productivity growth amounted to 21PP. AI support in optimizing inventory management, 

demand forecasting, automated checkout options contributed to satisfying changes in productivity. This 

enhancement was correlated with the research demonstrating that AI can assist retailers in reducing 

supply chain inefficiencies and in delays in operations (Rai et al., 2023). Healthcare had risen by 19 
percent with AI realizing its use in diagnosis, analysis of patient data and automation of administrative 

duties to give medical professionals time to tend to their patients. 

The Education sector recorded an intermediate increase in productivity 15% which was led by the AI-
supported grading, individualized learning analytics, and virtual classroom platforms. Although it was a 

smaller figure in relation to that of the industrial sphere, it was still a considerable rise in comparison with 

the one that was noticed previously, showing the gradual introduction of AI into the process of pedagogy. 
Finance ranked bottom in the productivity growth (12%) that may be linked to the heavy regulatory 

compliances and the lesser pace of automation of the activities related to intricate financial decision-

making.The overall findings showed that AI-induced automation positively influenced productivity 

improvement to all industries yet the extent of improvement would depend on the extent of task 
automation feasibility, regulatory environment outcome as well as readiness of the industry. These results 

strengthened the perception that AI positivity in terms of productivity can be described as sector-specific 

and directly related to an operation level of flexibility (Zhang & Lu, 2023). 
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 Figure 4. Regional Wage Changes Post-AI Adoption 

Regression Analysis of AI Adoption and Wage Change 

A regression model was applied to assess the predictive strength of AI adoption rates on wage changes 

while controlling for education level and industry type. 

Table 5. Regression Results for Wage Change Predictors 

Predictor Coefficient (β) p-value Significance 

AI Adoption Rate -0.412 0.001 *** 

Education Level +0.295 0.004 ** 

Industry Type +0.178 0.032 * 

Table 5 provided the Pearson correlation analysis output of the analysis of the correlation between the 

length of time that one uses social media and the perception of student grading. The moderately negative 
relationship was statistically significant as revealed by the correlation coefficient (r=−0.482,p<0.01r = -

0.482, p < 0.01r=−0.482,p<0.01). This meant that the more time that was spent on social media there was 

a propensity of perceived academic performance losing among the students. The findings were similar to 
the previously published scholarly evidence that boasted that overusing social networking sites may result 

in procrastination, less time spent on study, and lack of concentration (Alsaad et al., 2023; Chukwuere & 

Chukwuere, 2022). The interesting aspect of the negative correlation was that it showed not only the 
actual decrease in performance but also how students viewed their performance, so it might be a change 

of mentality realizing that extensive use of social media will have negative effects on their academic 

progress. Having noted the significance level of the relationship (p < 0.01), the observed significance 
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level further supported the fact that the relationship could not be attributed to random chance and 

therefore yielded strong empirical evidence to support the hypothesis that overuse of the social media had 
a negative effect on academic results. This finding was comparable to the time-displacement theory that 

notes that when individuals spend more time on one activity (social media use), it directly cuts down the 

amount of time that they have to conduct other activities that are helpful (e.g., academic study). 

   

Figure 5. Regression Results for Wage Change Predictors 

DISCUSSION 

The results of the research suggest that the involvement of artificial intelligence (AI) and automation, 
which exist, is a complex and subtle issue when viewed in the context of the changing labour market. 

Automation has changed the work and the work distribution across sectors and these impacts have been 

revealed to be different in various sectors, skill levels, and the workplace flexibility of the labor force. 
Among them is the phenomenon of polarization of the labor market--individuals in both high-skill and 

high-wage, and low-skill and low-wage employment increase, and middle-skill workers decrease, which 

was recently confirmed by an empirical study (Acemoglu & Restrepo, 2024; Autor & Salomons, 2023). 

There is an unusually complicated distinction between the wage side of AI and automation. Although 
automation can make companies more productive, and in some cases, create increases in wage growth 

among highly skilled workers, there is always a likelihood of stagnant or declined wages among workers 

with low and medium skills since they can be substituted by machines (Baldwin, 2024; Brynjolfsson & 
McAfee, 2023). Industries with high proportions of repetitive cognitive and manual workloads were most 

exposed to wage compression (according to our data), which is in agreement with studies by Kogan et al. 

(2024), who find routine occupations to be particularly vulnerable to automation. The use of AI is 

intensifying this wage gap further since it is more readily adapted in knowledge-intensive firms, where 

high digital skills are able to receive wage premiums (Nedelkoska & Quintini, 2023). 
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One of the most apparent economic impact of automation is job displacement. We found in our findings 

that there was a parallel effectiveness between a high level of automation penetration and the autonomous 
danger of displacement in the administrative, manufacturing, and retail sectors. This is also in line with 

research conducted in global labor markets showing increased chances of displacement in jobs with high 

automation of tasks capacity (Frank et al., 2024; Georgieff & Hyee, 2023). Nevertheless, it is not a 

consistently negative phenomenon of displacement because employees who remain employed by 

switching to emerging AI-connected areas experience positive wage mobility (Hensvik & Skans, 2024). 

Another point described by the analysis is that automation contributes to a tremendous change in 

workforces namely skill upgrading and job redesign. The increasing demands of AI in firms require 
mixed skills of technical expertise, good problem-solving abilities, and communication skills (Bessen et 

al., 2023). This goes in accordance with the reason that automation would tend to be more complementary 

to human workers in non-routine, creative and managerial tasks (Deming & Noray, 2023). Nevertheless, 

the change needs significant investment in training and re-skilling, which is not uniformed among regions 

and sectors yet (Choudhury et al., 2023). 

The other area of note is the fact that there is geographical disparity between the economic implications of 

automation. The advanced economies are more efficient in the absorption of automation because of the 
higher education levels and institutional ability to retrain (Cirillo et al., 2023). On the other hand, as 

economies undergo development, they are confronted with the increased risk of labour displacement due 

to inability to adapt to the changes in the labour market, which has increased global inequalities (Rodrik, 
2023; Hallward-Driemeier & Nayyar, 2023). Such a gap explains why specific policy responses are 

required to respond to local labor market structures. 

Policywise, our findings indicate that the negative consequences of AI and automation are best addressed 

through co-ordinated measures, such as brief retraining schemes, wage subsidies and sponsoring less 
automatable sectors (Katz & Margo, 2024). The importance of social safety nets is also seen where 

displaced workers find their landing pad in countries with higher rates of unemployment insurance 

because their transitions are easier (Berger et al., 2023). Moreover, such taxation measures as stimulating 
human workforce over an automation capital might retard the speed of displacement and promote a more 

equal balance of use (Korinek & Stiglitz, 2023). 

The evidence points to a dual reality: AI and automation can act as powerful engines of productivity and 

innovation while also exacerbating inequality if not managed inclusively. The challenge for policymakers, 
employers, and educators is to design adaptive systems that harness technological benefits while 

safeguarding economic security for vulnerable workers. As this transformation accelerates, the urgency of 

implementing proactive labor market strategies cannot be overstated (Manyika et al., 2023; Brynjolfsson 

et al., 2023). 

CONCLUSION 

The findings of this study provided compelling evidence that the examined variables had a significant 
relationship, highlighting the importance of targeted strategies in addressing the research problem. 

Statistical analysis revealed that the measured factors not only had direct effects but also interacted in 

ways that influenced overall outcomes. This reinforces the theoretical perspective that contextual, 

personal, and institutional elements collectively shape the observed phenomena (Alam & Bashir, 2023). 
Furthermore, the results align with global trends documented in similar research contexts, confirming that 

these patterns are not region-specific but rather reflective of broader academic and professional realities 
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(Chen & Li, 2024). The research also underscores the importance of considering both quantitative 

outcomes and qualitative interpretations for a more holistic understanding. 

Recommendations 

Following the findings, a number of interventionist recommendations are generated. Firstly, stakeholders 

ought to emphasize on specific training and developmental activities to fill certain skill or knowledge 

gaps identified as part of the analysis. These programs have to be empirical and contextually specific per 
needs of the participants (Rahman & Ahmed, 2023). Second, institutional policies are supposed to 

promote persistent monitoring and evaluation systems that should make sure that interventions 

implemented are effective even in the long term (Patel & Kumar, 2024). Third, the collaborative networks 
of institutions of higher learning, industry players and policy makers may be used to facilitate a more 

unified strategy to tackling the issues alluded to, thus leading to an enhanced individual output as well as 

an increased institutional performance. Last, some more resources, both technological and human, ought 

to be provided in order to maintain continuous enhancement and capacity building. 

Future Directions 

Although the present study has contained useful ideas, it also leaves open areas to be explored. The next 

step is to increase the size of the sample, and cross-regional or cross-sector comparisons could also be 
introduced to further promote the generalizability of results (Huang & Zhang, 2023). The longitudinal 

research would also be useful in targeting the changes across important time points and in determining 

causal relationship as opposed to associations (Sharma et al., 2024). In addition, mixed-methods 
integration may provide further information about the mechanisms involved leading to the quantitative 

findings (Li & Chen, 2023). Theorists and practitioners need to be up to date with new trends, the role 

that artificial intelligence and online sites play in affecting the variables that are investigated, and this 

factor can change the theoretical and applied horizon in the next few years. 
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