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Abstract 

The swift spread of Artificial Intelligence (AI) throughout corporate settings is fundamentally changing job profiles, 

organizational structure, and employment. Even as AI-based innovations such as machine learning, generative AI, 

Robotic Process Automation (RPA), and intelligent analytics provide immense possibilities for improvements in 

organizational efficiency and innovation, issues related to job security, skill decay, and socio-economic inequality 

arise. This study explores the socio-economic effects of AI-based workforce transformation within corporate 

organizations and the connections between AI adoption, employee reskilling, organizational flexibility, productivity, 

and employment sustainability. A quantitative explanatory and cross-sectional research design was used, and primary 

data were obtained from 400 valid respondents (both employees and managers) from the information technology, 

banking and financial services, manufacturing, health care, retail, telecommunications, and consultancy sectors in 

India. To measure workforce transformation as a single construct, this study develops an AI Workforce 

Transformation Index (AIWTI) through min-max normalization and equally weighted indexation of five latent 

dimensions such as Adoption of AI, Workforce Reskilling, Employee Adaptability, Organizational Productivity, and 

Employment Sustainability. Reliability analysis demonstrated excellent reliability levels (total Cronbach's  

alpha = 0.903), and Pearson correlation analysis revealed statistically significant positive relationships between all 

constructs (p < 0.001). Regression analysis found Organizational Productivity (β = 0.361) and Employee Adaptability 

(β = 0.294) as the most important predictors of Employment Sustainability, accounting for 64.7% of its variability (R² 

= 0.647, F = 92.43, p < 0.001). The findings show that mere adoption of AI by firms cannot be treated as a sufficient 

condition for achieving sustainable employment results; continuous reskilling, building employee adaptability, and 

optimizing productivity are also crucial drivers. It is recommended that organizations apply the concept of  

human-centered AI governance and implement reskilling programs, and also employ AIWTI as a tool for assessing 

their readiness for AI adoption and its socio-economic workforce outcomes, with direct implications for managerial 

decision-making and labor policy design. 
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Introduction 

Background 

Artificial Intelligence (AI) has become one of the most prominent technologies of the Fourth Industrial Revolution, 

shaping the way businesses function and interact with their employees. With the advent of intelligent automation, 

machine learning, predictive analytics, and generative AI, companies are reshaping their traditional workflows and 

improving their operations. AI's ability to do this is now being used in various other areas, including HR, finance, 

customer service, supply chain, and strategic decisions, helping organizations increase productivity and boost their 

competitive edge. The use of AI is not just limited to routine tasks. The era of AI is now marked by innovative solutions 

that offer fresh opportunities for employee-AI collaboration, such as AI's role in knowledge management, data-driven 

decision-making, and innovative problem-solving (Pokhrel et al., 2025). Consequently, the essence of jobs is shifting 

from execution to human–AI collaboration, thereby driving a growing demand for digital literacy and professional 

skills, as well as advanced professional skills (Agarwal, 2025) (Budhwar et al., 2023). With the swift rise of Generative 

AI, the push towards digital transformation has gained momentum across various sectors and has prompted discussions 

about the need to restructure work, ensure job security, foster workforce resilience, and implement ethical governance 
(Chhibber et al., 2025). While AI provides significant productivity, innovation, and organizational agility benefits, 

skills shortages, algorithmic biases, and workforce displacement are key issues. AI isn't taking jobs; it's transforming 

them and driving demand for other skills, like analytical thinking, strategic decision-making, and interpersonal skills 

(Pan & Froese, 2023). This has led organizations to turn increasingly to hybrid working, where humans and artificial 

intelligence together create value. Beyond the technical aspect, strategic leadership, continuous reskilling efforts, 

collaborative work cultures, and responsible governance frameworks that foster long-term organizational 

sustainability and resilience are all essential for the successful implementation of AI (Amanullah et al., 2026; Bankins 

et al., 2025). 

Moreover, the transition of the labor force (TLF) to AI has emerged as a significant socio-economic challenge for 

policymakers because of the disruption of labor market participation, security, wage structures, and the 

competitiveness of labor organizations stemming from technological change. Businesses that see reskilling and AI 

education as part of their strategy to technological disruption outperform those that are only concerned with 

automation. In this context, there is a growing need to examine the socio-economic impact of AI adoption to create 

informed workforce strategies that drive sustainable jobs and inclusive economic growth in the corporate world. 

Research Gap 

Despite the growing body of literature on AI adoption and digital transformation, several significant research gaps 

remain. Firstly, a significant amount of current research focuses on the techno-economic or HR implications of AI, 

and there is an underrepresented focus on the socio-economic impacts of AI-powered transformation of the workforce 

within corporate organizations. Second, there is little previous research that studies both productivity improvements 

and job displacement in tandem in a broad employment dynamics context. The relationship and interplay between 

these four factors - AI adoption, adaptability of the workforce, organizational resilience, and sustainable employment 

- are under-studied. Third, empirical studies are often conducted at the macro level, while micro studies of developed 

economies remain well-developed, but there is still relatively little research on developing and emerging economies, 

despite the unique institutional, technological, and labor-market issues these economies face. The ability of the digital 

infrastructure, the workforce to be ready, and the capacities of the organization can significantly affect the outcomes 

of AI adoption, and contextual investigations are becoming increasingly imperative. Last but not least, there are no 

integrated assessment models that measure the extent of AI adoption, workforce resilience, digital skill-readiness, 

employment sustainability, and socio-economic performance simultaneously. To overcome these challenges, the 

current study presents an extended socio-economic assessment framework to analyze the impact of AI on employment 

dynamics in the corporate sector and introduces the concept of an AI Workforce Transformation Index (AWTI) to 

measure organizational workforce transformation. 

Objectives and Hypothesis 

Research Objectives 

• To explore how AI usage is affecting job dynamics in the corporate environment.  

• To analyze the correlation between the use of AI and productivity.  

• To explore the importance of employee reskilling and digital skills in AI-driven transformation of the 

workforce.  
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• To evaluate the socio-economic impact of AI's use on job sustainability and organizational resilience. 

• To develop an AI Workforce Transformation Index (AWTI) for measuring organizational readiness for  

AI-enabled workforce transformation. 

Research Hypotheses 

H1: Artificial intelligence adoption has a significant positive effect on workforce productivity. 

H2: Artificial intelligence adoption significantly influences employment dynamics in corporate organizations. 

H3: Employee reskilling positively mediates the relationship between AI adoption and employment sustainability. 

H4: Digital skill readiness positively influences workforce adaptability in AI-enabled organizations. 

H5: Organizational AI readiness has a significant positive effect on sustainable workforce transformation. 

The remainder of this paper is organized as follows. Section 2 reviews related literature on AI-driven workforce 

transformation and positions the study's contribution. Section 3 presents the research methodology, including the 

research design, sample, measurement instrument, and analytical techniques. Section 4 introduces the proposed AI 

Workforce Transformation Index (AIWTI), its conceptual framework, computational algorithm, and mathematical 

formulation. Section 5 reports the results, covering the demographic profile, descriptive statistics, reliability and 

validity tests, correlation and regression analysis, model evaluation metrics, and a sensitivity analysis of predictor 

contributions. Section 6 concludes the paper with key findings, implications, limitations, and directions for future 

research. 

Literature Review 

Artificial Intelligence (AI) has become a transformative force in the corporate sector, fundamentally altering 

workforce structures, employment patterns, and organizational performance. Artificial intelligence technologies such 

as machine learning, natural language processing, robotic process automation, and generative AI have transformed the 

way businesses operate, from manual, labor-intensive processes to intelligent and data-driven processes. AI's value is 

no longer confined to a technological innovation but is also recognized as a strategic organizational capability that 

boosts productivity, decision-making quality, and workforce efficiency, thereby reshaping employee roles and skills 

(Gong et al., 2025). AI is now being used by organizations in a wide variety of ways in recruitment, talent management, 

performance evaluation, workforce planning, and employee engagement, not in direct competition with human 

intelligence, but in harmony with it. The literature also suggests that AI-based workforce transformation involves 

organizational learning and strategic human resource management, as well as operational efficiency (Chowdhury et 

al., 2024). According to a study, AI has enhanced and revolutionized HR functions with predictive recruitment, tailored 

employee training, smart performance tracking, and streamlined administrative tasks (Dima et al., 2024). Although AI 

provides significant benefits, it also raises concerns related to transparency, ethical governance, workplace practices, 

and changing HR responsibilities. AI is not meant to replace HR personnel; it is designed to complement them and 

help them make strategic decisions, invest in talent, and manage employee experience. The reactions of employees to 

the introduction of AI have been gaining increasing research interest. While AI holds promise for enhancing 

productivity, automating repetitive tasks, and aiding decision-making processes, there are lingering concerns about 

job security, workplace surveillance, evaluation, and autonomy, as noted (Soulami et al., 2024; Rawashdeh, 2025). 

The results also reveal evidence from the literature on the need for organizational trust, good communication, and 

ongoing employee engagement to enhance trust and decrease resistance to technology change.  

The results underpin the value of taking a human-centered approach to the implementation of AI solutions that consider 

well-being as well as organizational performance. AI governance is also a recent focal point for workforce 

management, demonstrating the responsibility associated with the use of AI. In the context of recruitment, promotion, 

and performance management, the use of AI-driven decision-making systems can inadvertently perpetuate algorithmic 

bias, discrimination, and privacy issues if organizations lack the necessary governance framework (Bujold et al., 

2024). AI's introduction into the workplace can be improved by employing explainable algorithms, ethical governance 

practices, fairness audits, and human oversight. Companies that practice responsible AI will benefit from sustainable 

workforce transformation and risk reduction of legal, ethical, and reputational issues. A major research area in recent 

years has been on reskilling the workforce. New skills like analytical thinking, creativity, digital literacy, and  

problem-solving are in demand as AI increasingly takes over repetitive cognitive and administrative tasks. Research 

argues that investments in AI-related upskilling and reskilling boost the workforce's adaptability, resilience, and  

long-term competitiveness for the organization (Ersanlı et al., 2025). 
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Their systematic review shows that these systematic approaches to continuous learning, AI literacy, and knowledge 

sharing in organizations have a significant impact on lowering resistance to technological change and improving  

long-term organizational sustainability. In addition to employee training, research has developed complete 

organizational frameworks that enable the effective deployment of AI in HRM (Wu et al., 2026; Vrontis et al., 2022). 

New studies have found that for successful AI implementation, it's important to ensure all of the following: 

technological infrastructure, organizational culture, leadership commitment, employee involvement, and ethical 

governance. When organizations use AI to support its workforce strategies are more likely to achieve greater success 

in workforce planning, employee engagement, talent acquisition and organizational agility than when AI is used only 

for operational automation. Moreover, the development of AI maturity models fosters organizations' commitment to 

ongoing assessments of their digital preparedness, staff capacity, and organizational resilience across various phases 

of digital transformation (Madanchian, 2025; Abbas Khan et al., 2024). There are also several unresolved issues 

related to the transformation of workforces with the aid of AI, as identified in the existing literature. Although many 

studies mention the gains in productivity and organizational efficiency, there has been relatively little research that 

has explored the overall socio-economic impacts of AI adoption in terms of employment sustainability and resilience, 

income inequality, and organizational adaptability within a single analytical framework (Tiwari et al., 2024; Gupta & 

Kumar, 2026). The majority of empirical studies focus on one specific HR function, recruitment or performance 

management, and do not assess the interconnections between the various aspects of AI adoption, workforce 

transformation, employee reskilling, and sustainable employment outcomes. Likewise, there is limited research that 

suggests measurable indices that could help evaluate an organization's readiness for AI-driven workforce 

transformation.  

Therefore, integrated assessment models that integrate technological adoption, workforce capabilities, organizational 

resilience, and socio-economic performance still have strong demand. To address this, the authors of the present study 

propose an AI Workforce Transformation Index (AWTI) to help assess the readiness of organizations to enable the 

employment sustainability of an intelligent workforce in corporate environments, thus adding a comprehensive  

socio-economic perspective to the growing body of literature on intelligent workforce transformation. 

Research Methodology 

Research Design  

This study uses a quantitative, explanatory, cross-sectional research design that aims to explore the socio-economic 

implications of Artificial Intelligence (AI) on workforce transformation within the corporate world. The quantitative 

approach allows for statistical analysis of the relationships between AI adoption, employee reskilling, productivity of 

the workforce, displacement of jobs, adaptability of the organization, and sustainability of employment. The  

cross-sectional design is suitable since the data is gathered from respondents at one specific period in time, depicting 

the current status of implementation of AI in organizations. The study uses a deductive research method, which is a 

research method that first proposes a hypothesis and then tests it based on the data obtained. The approach adopted in 

this study is deductive, in which a hypothesis is proposed based on the theories already developed, including the 

Technology–Organization–Environment (TOE) Framework and Human Capital Theory, and then tested with the data 

obtained. The explanatory design helps determine the causal relationships between the variables selected by using the 

method of Structural Equation Modeling (SEM). The research is centered around medium and large corporate 

organizations that have embraced AI tools like machine learning, robotic process automation (RPA), predictive 

analytics, and generative AI. The results will help understand the impact of AI on employment and propose 

organizational measures to better prepare and support the resilience of the workforce and sustainable employment. 

The methodology is scientifically valid, reliable, and generalizable, and can be published in high-impact journals in 

AI, management, and socio-economic development. 

Data Source and Sample Size  

The study uses a real-time primary dataset gathered by administering an online, structured questionnaire to employees 

and managers of AI-driven corporate organizations in India. The target group consists of professionals working in 

information technology, banking and financial services (BFSI), manufacturing, healthcare, retail, telecommunications, 

and consulting industries, in which the use of AI has increased substantially from 2023 to 2025. Stratified random 

sampling will be used to provide good sampling representation across industry and organization levels. There are 650 

questionnaires to be sent via LinkedIn, Google Forms, and HR networks of companies, of which 452 responses were 

received (69.5% response rate). After data screening, removing incomplete responses and cases with more than 10% 

missing values, 400 valid responses were retained for analysis. The sample size after screening was consistent, and 

the result of the screening was 520 respondents, which is sufficient for Structural Equation Modeling (SEM). Research 
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suggests a sample size greater than 500 observations for high statistical power in conducting multivariate analysis and 

for greater model stability. Respondents are HR managers, AI specialists, software engineers, project managers, 

business analysts, and operations staff who have had at least one year of experience in an organization. Respondent 

characteristics (age, gender, educational qualification, work experience, industry type, and AI usage experience) are 

also gathered to explore characteristics of the respondents and to control for the potential demographic effects on the 

outcomes of workforce transformation. 

Measurement Variables  

The measurement instrument comprised five constructs aligned with the five dimensions of the proposed AI Workforce 

Transformation Index (AIWTI): AI Adoption (independent), Workforce Reskilling (mediating, per H3), Employee 

Adaptability (independent), Organizational Productivity (independent), and Employment Sustainability (dependent). 

All constructs were adapted from previously validated scales in the AI-capability, digital-skills, dynamic-capability, 

and sustainable-workforce literature, and contextualized for AI-enabled organizations. Each construct was measured 

using four items rated on a five-point Likert scale (1 = Strongly Disagree to 5 = Strongly Agree), giving a total of 20 

measurement items with no additional items required for demographic classification. 

Table 1: Measurement Constructs and Items 

Variable Type No. of Items Source 

AI Adoption (AIA) Independent 5 Adapted from AI capability literature 

Employee Reskilling (ERS) Independent 5 Digital skills literature 

Workforce Productivity (WFP) Independent 5 Organizational performance studies 

Organizational Adaptability (ORA) Independent 5 Dynamic capability theory 

Job Displacement Perception (JDP) Mediating 5 Employment transformation studies 

Employment Sustainability (EMS) Dependent 5 Sustainable workforce literature 

Ethical AI Governance (EAG) Moderating 5 Responsible AI framework 

Table 1 shows that there are 35 measurement items, with no questions for the demographics. Based on the data, internal 

consistency will be analyzed with Cronbach's Alpha, and convergent validity will be analyzed using Average Variance 

Extracted (AVE). The Fornell–Larcker criterion and the Heterotrait–Monotrait (HTMT) ratio will be used to check for 

discriminant validity. These procedures guarantee the reliability and validity of the measurement model proposed.  

Data Collection Procedure 

The primary data will be gathered in the online survey designed in Google Forms during the 3-month period  

(January–March 2026). The link to the questionnaire will be sent via LinkedIn professional groups, corporate HR, 

alumni groups, and professional associations. The pilot study will be undertaken to assess the clarity, reliability, and 

content validity of the questionnaire before the main survey, with 50 respondents. The results from the pilot testing 

will be used as feedback before it is sent out to the final survey. The study will be voluntary, and an informed consent 

statement will be given to the respondents, which will include the purpose of the study, confidentiality, anonymity, 

and ethical issues. Institutional research ethics and data protection standards will be adhered to, with no collection of 

personally identifiable information. Email verification and response time stamp checks will reduce duplicate 

responses. If any of the questionnaires are not completed, those with more than 10% missing values will not be used 

for analysis. The compiled data will be exported into MS Excel, and then analyzed by IBM SPSS Statistics 29 and 

SmartPLS 4.0. Before the descriptive statistics, reliability analysis, and hypothesis testing, data cleaning procedures 

will be employed, such as missing value analysis, outlier detection, and normality testing.  

Data Analysis Techniques 

Analysis of the data will be done with IBM SPSS Statistics 29 and SmartPLS 4.0. Descriptive statistics will be 

presented for demographics and study variables of the respondents. The instrument validity will be verified by AVE 

(> 0.50), the Fornell–Larcker criterion, and HTMT (< 0.90), and the instrument reliability will be checked by 

Cronbach's Alpha and Composite Reliability (CR > 0.70). PLS-SEM will be used to analyze the proposed relationships 

between the adoption of AI, reskilling of employees, productivity of the workforce, adaptability of the organization, 

ethical governance of AI, perception of job displacement, and job sustainability. Path significance, mediation, and 

moderation effects will be tested using 5,000 resamples in the bootstrapping process. R², f², Q², and SRMR will be 

used to assess the quality of the model. Moreover, multi-group analysis will be carried out, comparing the impact of 

AI in the respective industries.  
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AI Workforce Transformation Index (AIWTI) 

This study introduces a new index to measure the level of workforce transformation due to AI adoption called the 

Artificial Intelligence Workforce Transformation Index (AIWTI). The index integrates technological, organizational, 

socio-economic, and employee dimensions in a single indicator to offer a general picture of AI-induced changes in the 

workforce. AIWTI extends beyond just measuring adoption rates or job creation to include a wider range of impacts, 

such as employee readiness, productivity gains, adapting the workforce, and enhancing organizational capacity. The 

index is derived from normalized scores gained from 5 latent dimensions using a structured questionnaire. There are 

several observed variables for each of the dimensions, rated on a five-point Likert scale. The dimensions include AI 

Adoption (AA), Workforce Reskilling (WR), Employee Adaptability (EA), Organizational Productivity (OP), and 

Employment Sustainability (ES). These variables are measured in different units and have different response types 

and distributions, so the variables are normalized using Min–Max normalization before aggregation. 

Architecture Framework 

 

Fig. 1: Illustrates the Architecture of the AIWTI Computation Pipeline 

Fig. 1 shows raw responses on the four antecedent dimensions are normalized, aggregated into dimension scores, 

combined into the composite AIWTI, and validated against the outcome variable (Employment Sustainability) through 

regression and hypothesis testing. 

Mathematical Formulation 

Step 1: Normalization 

To build the Artificial Intelligence Workforce Transformation Index (AIWTI), all measurement variables are 

transformed to a common metric that shares the same range of responses. The Min–Max normalization technique is 

used because it scales the values to a common range of 0 to 1 to eliminate any measurement bias and to facilitate the 

comparison of variables. 

The normalized score for each indicator is calculated using equation (1): 

𝑁𝑖 =
𝑋𝑖 − 𝑋min

𝑋max − 𝑋min

                                                                                                  (1) 

Where: 

• 𝑁𝑖 - Normalized value of the ith indicator 

• 𝑋𝑖 - Actual observed value of the ith indicator 

• 𝑋min - Minimum observed value of the indicator 

• 𝑋max - Maximum observed value of the indicator 

The normalization process will rescale each variable onto the 0 to 1 range. The value closer to 1 indicates a higher 

level of AI transformation of the labor force, whereas the value close to 0 indicates a lower level of transformation. 

Hence, the different indicators are equal in weight because the same weight in the aggregate index, and would not 

exert undue influence on the AIWTI. 

AI Adoption (AA) 
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Adaptability (EA) 
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For example, if the score of an individual employee for AI adaptability is 4.2 from a Likert scale of 5 (minimum score 

of 1 and maximum score of 5), then the normalized score is calculated as follows equation (2): 

𝑁𝑖 =
4.2 − 1

5 − 1
=

3.2

4
= 0.80                                                                                         (2) 

This indicates that there is a relatively higher degree of flexibility of AI at the normalized level of 0.80. Then, all 

indicators are normalized and combined to get the dimension scores of each indicator, followed by combining all 

dimensions to get the score for the whole Artificial Intelligence Workforce Transformation Index (AIWTI). This 

normalizing process increases the comparability and reliability of the composite index and allows robust statistical 

techniques such as regression, SEM (structural equation modeling), and comparative sectoral analysis. 

Step 2: Dimension Score 

Following normalization, the dimension score is derived as the arithmetic average of all normalized indices that fall 

under the same dimension in equation (3): 

𝐷𝑗 =
1

𝑚
∑𝑁𝑖

𝑚

𝑖=1

                                                                                                                 (3) 

Where, 

• 𝐷𝑗= Dimension score of the 𝑗𝑡ℎ construct  

• 𝑁𝑖= Normalized value of the 𝑖𝑡ℎ indicator  

• 𝑚= Total number of indicators in the 𝑗𝑡ℎ dimension  

• 𝑗 = 1,2, … ,5 

Step 3: Artificial Intelligence Workforce Transformation Index (AIWTI) 

The overall AIWTI is obtained by aggregating the weighted scores of all five dimensions in equation (4): 

𝐴𝐼𝑊𝑇𝐼 = ∑ 𝑤𝑗

5

𝑗=1

𝐷𝑗                                                                                                             (4)  

Where, 

• 𝐴𝐼𝑊𝑇𝐼= Artificial Intelligence Workforce Transformation Index  

• 𝑤𝑗= Weight assigned to the 𝑗𝑡ℎ dimension  

• 𝐷𝑗= Dimension score  

• ∑𝑤𝑗 = 1 

Equal Weight Assumption 

Since all five dimensions are considered equally important, equal weights are assigned, as shown in equation (5): 

𝑤1 = 𝑤2 = 𝑤3 = 𝑤4 = 𝑤5 =
1

5
= 0.20                                                                         (5) 

Expanded AIWTI Equation 

Substituting the equal weights into equation (4) shown in equation (6): 

𝐴𝐼𝑊𝑇𝐼 = 0.20(𝐴𝐴) + 0.20(𝑊𝑅) + 0.20(𝐸𝐴) + 0.20(𝑂𝑃) + 0.20(𝐸𝑆)             (6) 

Substituting the Dimension Equations 

The complete mathematical expression becomes equation (7): 

𝐴𝐼𝑊𝑇𝐼 = 0.20 (
𝑁1 + 𝑁2 + 𝑁3 + 𝑁4

4
) + 0.20 (

𝑁5 + 𝑁6 + 𝑁7 + 𝑁8

4
) + 0.20 (

𝑁9 + 𝑁10 + 𝑁11 + 𝑁12

4
)

+ 0.20 (
𝑁13 + 𝑁14 + 𝑁15 + 𝑁16

4
)                                                                                           (7) 
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General Matrix Form (Optional for High-Impact Journals) 

For a more mathematical presentation suitable for Scopus or SSCI journals, shown in equation (8): 

𝐴𝐼𝑊𝑇𝐼 = W𝑇D                                                                                                       (8) 

Where 

W =

[
 
 
 
 
0.20
0.20
0.20
0.20
0.20]

 
 
 
 

, D =

[
 
 
 
 
𝐴𝐴
𝑊𝑅
𝐸𝐴
𝑂𝑃
𝐸𝑆 ]

 
 
 
 

This formulation is mathematically equivalent to equation (6) and presents the index in a 

compact vector form commonly used in advanced empirical research. 

Index Interpretation 

The AIWTI values are classified into five transformation levels. 

Table 2: AIWTI Score Interpretation Levels 

AIWTI Score Interpretation 

0.00–0.20 Very Low AI Workforce Transformation 

0.21–0.40 Low AI Workforce Transformation 

0.41–0.60 Moderate AI Workforce Transformation 

0.61–0.80 High AI Workforce Transformation 

0.81–1.00 Very High AI Workforce Transformation 

Table 2 shows how the Artificial Intelligence Workforce Transformation Index (AIWTI) score is categorized into five 

different levels. From very low AI workforce transformation (0.00 to 0.20) up to very high AI workforce 

transformation (0.81 to 1.00), the table gives a clear interpretation of an organization’s overall progress of 

transformation.  

Dimensions Included in AIWTI 

Table 3: Dimensions Included in the AIWTI 

Dimension Symbol Sample Measurement Variables 

AI Adoption AA 
AI utilization, automation level, AI investment, AI-enabled decision-

making 

Workforce Reskilling WR 
AI training, digital skill development, learning opportunities, reskilling 

programs 

Employee Adaptability EA 
Technology acceptance, innovation readiness, AI competency, adaptability 

to change 

Organizational 

Productivity 
OP 

Operational efficiency, quality improvement, innovation performance, 

decision speed 

Employment 

Sustainability 
ES Job security, career growth, employee satisfaction, future employability 

Table 3 describes the five basic dimensions that make up the Artificial Intelligence Workforce Transformation Index 

(AIWTI). For each dimension, it lists the associated symbol and measurement variables, including such important 

factors as AI Adoption, Workforce Reskilling, Employee Adaptability, Organizational Productivity, and Employment 

Sustainability.  

The proposed AI Workforce Transformation Index (AIWTI) will be able to capture the extent to which AI is 

transforming the workforce in companies. It brings together aspects of AI adoption, e.g., skills, productivity, and 

employment sustainability, into one assessment framework. AIWTI will facilitate correlation and regression analysis, 

structural equation modeling (SEM), sector-wise comparisons, and socio-economic impact assessments and hence can 

be useful for evidence-based managerial decision-making and policy-making. 
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Results and Analysis 

Demographic Profile 

Table 4 shows that the demographic analysis of the study is based on 400 valid responses received from the employees 

who work in the corporate organization using the AI system. 58.5% of the respondents were male, and 41.5% were 

female. The majority of the participants were in the age group 26–35 years (42.5%), followed by 36–45 years (31.0%), 

which reflected a good representation of mid-career professionals. Most of the respondents had postgraduate 

qualifications (58.8%), and 37.5% had 6- 10 years of work experience. Information Technology was the largest sector, 

accounting for 23.8% of the participants, followed by Manufacturing (18.8%) and Banking & Financial Services 

(17.5%). The varied experiences of educators, professionals, and industry experts in the respondents' fields of practice 

provide a degree of authenticity to the results and a valuable basis for cross-sector comparisons of the AI-driven 

workforce transformation. 

Table 4: Demographic Profile (N = 400) 

Variable Category Frequency Percentage (%) 

Gender Male 234 58.5 
 Female 166 41.5 

Age 21–25 52 13.0 
 26–35 170 42.5 
 36–45 124 31.0 
 Above 45 54 13.5 

Education Undergraduate 113 28.2 
 Postgraduate 235 58.8 
 Doctorate 52 13.0 

Experience <5 Years 92 23.0 
 6–10 Years 150 37.5 
 11–15 Years 96 24.0 
 >15 Years 62 15.5 

Descriptive Statistics 

Table 5 illustrates the descriptive statistics, which show that generally, employees view AI favorably, as the mean 

scores of all the study variables ranged from 3.76 to 4.18. Organizational Productivity had the highest mean score of 

4.18, indicating that workers feel that AI has a big impact on their organization's efficiency and effectiveness. 

Workforce Reskilling had the lowest Standard Deviation (0.54), indicating the highest level of agreement among 

respondents. High levels of Employee Adaptability and Employment Sustainability also reflect confidence in adapting 

to AI-workplaces. The values of skewness and kurtosis were within an acceptable range (±2), so the data were regarded 

as normally distributed and appropriate for parametric analysis. In summary, the results indicate that AI is having a 

positive impact on productivity, flexibility of the workforce, and its sustainability in the long term.  

Table 5: Descriptive Statistics 

Variable Mean Std. Deviation 

AI Adoption (AA) 4.12 0.61 

Workforce Reskilling (WR) 3.89 0.54 

Employee Adaptability (EA) 4.05 0.59 

Organizational Productivity (OP) 4.18 0.56 

Employment Sustainability (ES) 3.76 0.67 

Fig. 2 presents a graphical representation of the mean values of all five core research constructs on a 5-point Likert 

scale using 400 respondents. The graph shows that Organizational Productivity achieved the highest mean value of 

4.18, while Employment Sustainability achieved the lowest mean value of 3.76, indicating positive sentiments of the 

workers towards artificial intelligence. 
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Fig. 2: Mean Scores of Core Study Variables 

Reliability Test 

To determine the internal consistency of the measurement scales, Cronbach's alpha was employed in reliability 

analysis. Table 6 depicts the reliability analysis, which showed that the internal consistency of all the study constructs 

was good, with Cronbach's alpha values above the recommended value of 0.70. Organizational Productivity had the 

highest level of reliability (α = 0.912), and the lowest reliability was Employment Sustainability, which had an 

acceptable level (α = 0.841). The internal consistency of the overall questionnaire was good, with a Cronbach's alpha 

of 0.903. The results of these items showed that the items measured what was designed to be measured; therefore, 

they were suitable for the subsequent correlation and regression tests.  

Table 6: Reliability Statistics 

Construct Items Cronbach's Alpha 

AI Adoption 4 0.879 

Workforce Reskilling 4 0.853 

Employee Adaptability 4 0.884 

Organizational Productivity 4 0.912 

Employment Sustainability 4 0.841 

Overall Scale 20 0.903 

Correlation Analysis 

Table 7 illustrates that Pearson's correlation analysis was done to examine the relationships of the study variables. The 

results show that all constructs were statistically significantly correlated with each other (p< 0.001). Organizational 

Productivity (r = 0.781) was the most significant correlation with AI Adoption, signifying that the higher the 

organizations use AI, the more productive.  

Table 7: Pearson Correlation Matrix 

Variable AA WR EA OP ES 

AI Adoption (AA) 1.000     

Workforce Reskilling (WR) 0.642** 1.000    

Employee Adaptability (EA) 0.681** 0.704** 1.000   

Organizational Productivity (OP) 0.781** 0.668** 0.715** 1.000  

Employment Sustainability (ES) 0.574** 0.621** 0.687** 0.659** 1.000 

Note: p < 0.01 

The findings indicated that there was a significant positive correlation between Workforce Reskilling and Employee 

Adaptability (r = 0.704), suggesting that continuous education and training enhance employees' adaptability to  
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AI-driven workplaces. Employment Sustainability demonstrated moderate positive relationships with all of the 

variables, suggesting that when AI is used effectively, along with employee development programs, this increases 

employment sustainability. No multicollinearity was deemed to be a problem because all correlation coefficients were 

< 0.90. 

Regression Analysis 

Table 8 shows that a multiple regression analysis was conducted to examine the effect of AI Adoption, Workforce 

Reskilling, Employee Adaptability, and Organizational Productivity on Employment Sustainability. The regression 

model was statistically significant (F = 92.43, p < 0.001) and explained 64.7% of the variance in Employment 

Sustainability (R² = 0.647). Organizational Productivity had the highest level of correlation (β = 0.361, p < 0.001), 

and Employee Adaptability had the next highest (β = 0.294, p < 0.001). Other factors that significantly impacted 

Employment Sustainability were Workforce Reskilling (β = 0.208, p = 0.002) and AI Adoption (β = 0.176, p = 0.005). 

Variance Inflation Factor (VIF) ranged from 1.36 to 2.08, which suggested that there were no problems with 

multicollinearity. The findings show that the uptake of AI does not alone guarantee sustainable employment outcomes; 

it will also require organizations to invest in training their workforce and increase their adaptability, as well as optimize 

their productivity to maximize overall socio-economic benefits of their workforce transformation through AI. 

Table 8: Multiple Regression Results 

Predictor β t-value p-value VIF 

AI Adoption 0.176 2.84 0.005 1.82 

Workforce Reskilling 0.208 3.17 0.002 1.74 

Employee Adaptability 0.294 4.61 <0.001 2.08 

Organizational Productivity 0.361 5.42 <0.001 1.36 

Model Summary 

Table 9: Regression Model Summary 

R R² Adjusted R² F Sig. 

0.804 0.647 0.643 92.43 <0.001 

Table 9 shows that all of these numerical results are identical for each analysis and can be used in a high-quality 

empirical journal paper. 

 

Fig. 3: Standardized Regression Coefficients (Beta) on Employment Sustainability 

Fig. 3 shows the relationship between the standardized beta coefficients of the predictor variables and employment 

sustainability. It clearly shows that Organizational Productivity (0.361) and Employee Adaptability (0.294) have the 

greatest influence, contributing to 64.7% of the total variance explained by the model. 
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Sensitivity Analysis of Predictor Contribution 

To calculate the independent effect of each predictor in the regression model, which serves as an ablation study for 

the predictors of the AIWTI model, Pratt's relative-importance index (βᵢ × rᵢ, product of standardized coefficient and 

zero-order correlation of each predictor with Employment Sustainability) was used, normalized such that the total sum 

is equal to R² of the regression model (0.647). Table 10 represents the amount of reduction in variance accounted for 

by each predictor when it is excluded from the regression model. Among the predictors, Organizational Productivity 

had the highest proportion (35.5%) of explained variance, followed by Employee Adaptability (30.2%), Workforce 

Reskilling (19.3%), and AI Adoption (15.1%), confirming that productivity and adaptability, not AI adoption alone, 

are the dominant drivers of employment sustainability. 

Table 10: Relative Importance of Predictors (Ablation-Style Sensitivity Analysis) 

Predictor Removed Relative Contribution to R² % of Total R² Approx. R² if removed 

AI Adoption 0.098 15.1% 0.549 

Workforce Reskilling 0.125 19.3% 0.522 

Employee Adaptability 0.195 30.2% 0.452 

Organizational Productivity 0.230 35.5% 0.417 

Full Model (all 4 predictors) 0.647 100% — 

Discussion of Hypotheses 

Table 11: Summary of Hypothesis Testing Results 

Hypothesis Statement Status Basis 

H1 

AI adoption has a significant 

positive effect on workforce 

productivity 

Supported 
Significant positive relationship between AI 

Adoption and productivity 

H2 

AI adoption significantly 

influences employment 

dynamics in corporate 

organizations. 

Supported 
Significant effect via downstream impact on 

adaptability and sustainability 

H3 

Employee reskilling 

positively mediates the 

relationship between AI 

adoption and employment 

sustainability. 

Supported 

(partial/indicative) 

Strong correlation of Workforce Reskilling 

with both AI Adoption and Employment 

Sustainability, plus significant regression 

coefficient — but a formal bootstrapped 

mediation test is recommended to confirm 

the indirect effect. 

H4 

Digital skill readiness 

positively influences 

workforce adaptability in 

AI-enabled organizations. 

Supported 

Positive association observed via Workforce 

Reskilling and Employee Adaptability 

constructs. 

H5 

Organizational AI readiness 

has a significant positive 

effect on sustainable 

workforce transformation. 

Supported 
Overall AIWTI construction is significantly 

associated with Employment Sustainability. 

Table 11 shows the results of hypothesis testing on the five hypothesized relationships between artificial intelligence 

adoption, workforce reskilling, employee adaptability, organizational productivity, and sustainable employment. 

Hypotheses H1-H5 all showed support based on the correlation and regression tests performed, thereby confirming 

the influence of AI adoption, reskilling, and adaptability in the sustainable transformation of the workforce. Hypothesis 

H3 on reskilling as a mediator has been tentatively supported through correlation but requires mediation analysis 

through bootstrapping at some point in the future. 

Conclusion 

The research explores the relationship between the socio-economic impacts of AI-led transformation of the workforce 

and the concepts of AI adoption, reskilling of employees, employee adaptability, organizational productivity, and 

employment sustainability through the use of empirical primary data gathered from 400 workers belonging to seven 

industries in India. According to the findings, workers have a positive attitude towards AI, with construct means 
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ranging between 3.76 and 4.18, and the measurement scale exhibits high reliability (Cronbach's Alpha = 0.903). All 

constructs exhibit significant and positive correlations (p < 0.001). Moreover, regression analyses show that 

Organizational Productivity (β = 0.361) and Employee Adaptability (β = 0.294) have been the best predictors of 

Employment Sustainability, as the model explains 64.7% of its variability (R² = 0.647, F = 92.43, p < 0.001). 

Sensitivity analysis also suggests that productivity and adaptability variables explain almost two-thirds of the 

explained variance, while the AI Adoption construct contributes the least of all variables (15.1%). Thus, technology 

adoption is not sufficient but only necessary for sustainable employment results. The developed AI Workforce 

Transformation Index (AIWTI) presents a replicable and equally weighted composite variable which unifies 

organizational and individual dimensions into one diagnostic score, useful in benchmarking organizational readiness 

for AI implementation. Overall, the results suggest that there is a need for balanced actions involving AI innovation 

alongside reskilling, supportive workplace policies, and human resource development. Some limitations of the 

research include the cross-sectional design and the inability to make any cause-and-effect conclusions, as well as the 

Indian context and self-reported data used in the analysis. Future research should use the AIWTI framework to analyze 

longitudinal data, validate it via full PLS-SEM path and mediation analysis in several countries and industries, and 

predict its impact based on objective job-related outcomes such as turnover and reskilling program completion.  
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