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Accepted Abstract
The rapid advancement of Artificial Intelligence (AI) is transforming
workforce dynamics and reshaping Human Resource (HR) strategies,
particularly in Quanzhou’s manufacturing industry. This study examines the
impact of AI on workforce transformation, focusing on job automation, skill
shifts, and HR management adaptation. Using a mixed-methods approach,
data was collected through surveys and interviews with HR professionals and
industry experts in Quanzhou’s manufacturing sector. The findings reveal that
AI integration leads to increased efficiency and productivity but also
necessitates workforce reskilling and redefined HR policies. While AI-driven
automation streamlines repetitive tasks, it simultaneously creates demand for
advanced technical skills and human-AI collaboration. HR departments are
increasingly adopting AI-powered recruitment, performance evaluation, and
employee engagement tools to optimize talent management. However,
challenges such as job displacement, ethical concerns, and resistance to AI
adoption persist. This study highlights the need for strategic workforce
planning, continuous upskilling initiatives, and AI governance frameworks to
ensure a balanced transition. The findings contribute to the growing discourse
on AI-driven workforce transformation, providing practical insights for HR
professionals and policymakers in the manufacturing sector.
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1. Introduction

Innovation is widely recognized as a fundamental driver of economic transformation (Atwood
et al., 2016; Castaño, Méndez, & Galindo, 2016; Xie & Wang, 2020). With the advent of Industry
4.0, which is characterized by the integration of cyber-physical systems, artificial intelligence
(AI), and automation, the manufacturing industry is undergoing significant digital transformation
(Haenlein & Kaplan, 2019; Srivarajah et al., 2017). In Quanzhou, Fujian, China—a key
manufacturing hub renowned for its footwear, textile, and electronics industries—the rise of
AI-driven automation is reshaping workforce structures, human resource (HR) management, and
employee skill requirements.
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While AI and robotics have the potential to enhance efficiency, improve workplace safety, and

optimize supply chains, they also pose substantial challenges in workforce transformation. The

fear of job displacement due to automation is prevalent, as AI-driven machines increasingly take

over routine and repetitive tasks (Berger, von Briel, Davidsson, & Kuckertz, 2019). However,

rather than entirely replacing human labor, AI necessitates a shift toward upskilling and reskilling

strategies, as workers need to develop new competencies to adapt to evolving job roles (Sousa &

Rocha, 2019). Thus, the role of HR in managing talent, facilitating continuous learning, and

fostering employee adaptability becomes critical in an AI-driven manufacturing landscape.

Creative problem-solving and innovation remain vital for industries to sustain growth and

competitiveness. Governments and businesses worldwide have acknowledged the importance of

workforce adaptability, with initiatives aimed at fostering innovation and entrepreneurship in

response to automation trends (Office of the Chief Scientist, 2015; National Innovation and

Science Agenda, 2016). In China, policies such as "Made in China 2025" emphasize the adoption

of smart manufacturing technologies, reinforcing the urgency for companies in Quanzhou to

prepare their workforce for AI-driven changes (Xie & Wang, 2020).

Academic discourse on AI and workforce transformation highlights the need for developing

professional and employability skills that align with the demands of intelligent automation.

Scholars emphasize the importance of problem-solving, critical thinking, communication, and

digital literacy in equipping workers for future job markets (Taks et al., 2014). As manufacturing

industries in Quanzhou integrate AI-powered technologies such as collaborative robots (cobots),

HR strategies must evolve to support continuous learning and career adaptability (Spellings, 2006;

National Committee of Inquiry, 1997; Bradley et al., 2008).

Experiential learning models, such as work-integrated learning (WIL), cooperative education,

and industry-partnered training programs, have been identified as effective approaches to

preparing employees for AI-related transformations (Rampersad, 2015; Jiusto & Dibiasio, 2006).

HR departments play a pivotal role in implementing these strategies, ensuring that employees

receive practical exposure to emerging AI applications and develop competencies that foster

innovation within firms (Groenewald, 2004; Lamansusa et al., 2008). While traditional training

methods remain valuable, there is an increasing need for adaptive and immersive learning

experiences that align with the dynamic nature of AI-driven industries.

This study contributes to the growing body of literature by examining the impact of AI on
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workforce transformation and HR strategies in Quanzhou’s manufacturing sector. Specifically, it

aims to answer the research question: "How does artificial intelligence influence workforce

transformation and HR management strategies in Quanzhou’s manufacturing industry?" By

analyzing AI-driven changes in job roles, skill requirements, and HR policies, this research

provides insights into talent development, employee engagement, and workforce sustainability in

the age of intelligent automation.

Findings from this study will be valuable in (1) informing HR professionals on best practices

for managing workforce transformation in AI-driven environments; (2) guiding policymakers and

industry leaders in designing training and education programs to address skill gaps; and (3)

contributing to the broader discussion on AI's socio-economic implications within China’s

manufacturing sector. Through empirical analysis and real-world case studies, this research offers

a comprehensive understanding of how AI is shaping the future of work in Quanzhou's industrial

landscape.

2. Drivers of Innovation in AI-Driven Workforce Transformation

Innovation is broadly defined as "the process of bringing into being something novel and

useful" (Sternberg & O’Hara, 1999, p. 251). Traditionally, innovation was perceived as a fluid,

spontaneous process associated with the innate creativity of individuals. However, modern

perspectives regard it as a structured, team-based, and learnable process (McWilliam & Dawson,

2008; Rampersad, 2014). Innovation encompasses a spectrum of activities, from creative ideation

to the commercialization of novel solutions that offer tangible benefits to end users. In the context

of artificial intelligence (AI) and workforce transformation, innovation is key to ensuring sustainable business

competitiveness in rapidly evolving industrial landscapes.

The rise of Industry 4.0 has significantly altered manufacturing industries worldwide, including those in Quanzhou,

Fujian. AI-driven automation, machine learning applications, and collaborative robotics (cobots) are reshaping

traditional workflows, reducing human intervention in routine tasks, and enabling higher efficiency (Haenein &

Kaplan, 2019). However, the ability of companies to harness these technological advancements depends on their

workforce's adaptability and innovation capacity. Innovation in this scenario extends beyond technological

advancements to include new HR strategies, employee training programs, and organizational restructuring to

facilitate smooth transitions into AI-integrated work environments (Sousa & Rocha, 2019).

Given the need for a workforce capable of leveraging AI in manufacturing, it is crucial to understand the key drivers
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of innovation. This study builds upon previous research on employability skills (Jackson, 2013; Male et al., 2009;

Passow, 2012; Scott & Yates, 2002) to investigate how these skills foster innovation within AI-driven workforce

transformation. It extends qualitative research on innovation development (Rampersad, 2015; Rampersad & Patel,

2014; Rampersad & Jarvis, 2012) by introducing quantitative measures to validate a framework for fostering

innovation in AI-integrated workplaces.

2.1 Problem Solving

Problem-solving is a fundamental skill required to navigate AI-driven transformations (McNeil et al., 2016; Woods et

al., 1997). It is defined as "an ability to analyze and transform information as a basis for making decisions and

progress towards the solution of practical problems" (Hambur et al., 2002, p. 2). In AI-integrated environments,

employees must tackle complex challenges such as optimizing AI algorithms, troubleshooting automation errors, and

enhancing human-machine collaboration.

Quanzhou’s manufacturing sector, a major contributor to China’s industrial output, is witnessing increasing adoption

of AI technologies. However, effective problem-solving is necessary to integrate these technologies seamlessly into

production lines without disrupting workflow efficiency. Employees equipped with AI literacy and problem-solving

capabilities will be better positioned to identify operational bottlenecks and implement innovative solutions.

Hypothesis 1: Problem-solving positively influences innovation in AI-driven workforce transformation.

2.2 Critical Thinking

Critical thinking, which encompasses logical reasoning and analytical decision-making, is crucial for mitigating risks

associated with AI deployment (Hager & Holland, 2006). Many AI implementations fail due to poorly evaluated risks,

ineffective strategic planning, and lack of alignment with business objectives (Huq & Gilbert, 2017). Effective

critical thinking enables HR professionals and decision-makers to assess AI’s impact on employment structures,

reskilling initiatives, and workforce productivity.

The transition to AI-driven processes in Quanzhou’s manufacturing firms requires critical evaluation of automation’s

implications on labor markets, employee morale, and long-term business sustainability. By fostering a culture of

critical thinking, organizations can devise strategies that balance AI adoption with human workforce retention and

growth.

Hypothesis 2: Critical thinking positively influences innovation in AI-driven workforce transformation.

2.3 Communication

Communication plays a pivotal role in innovation, particularly in environments undergoing technological

transformation (Moenaert et al., 2000). Successful AI integration requires effective communication between

engineers, HR personnel, and employees to ensure smooth implementation and workforce alignment with new
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technologies. Transparent and inclusive communication fosters knowledge-sharing, reduces resistance to change, and

enhances overall innovation outcomes.

In Quanzhou, where manufacturing firms vary in technological maturity, HR managers must facilitate discussions on

AI adaptation, skill development, and workforce restructuring. Open communication channels help mitigate

uncertainties and encourage collaborative innovation, ensuring employees feel included in the transformation

process.

Hypothesis 3: Communication positively influences innovation in AI-driven workforce transformation.

2.4 Teamwork

The role of teamwork in fostering innovation is well-documented (Moller & Halinen, 2017; Lazzaretti & Capone,

2016). In AI-integrated manufacturing, cross-functional collaboration between human workers, engineers, and AI

systems is crucial for optimizing production processes. AI itself functions as a collaborative tool rather than a

replacement for human labor, reinforcing the need for interpersonal teamwork.

In Quanzhou’s manufacturing sector, businesses that encourage interdisciplinary teamwork—where AI specialists

work alongside factory operators and HR professionals—are more likely to achieve successful AI adoption.

Establishing teamwork-oriented cultures that integrate AI capabilities with human expertise can drive continuous

innovation and long-term industrial competitiveness.

Hypothesis 4: Teamwork positively influences innovation in AI-driven workforce transformation.

As AI continues to reshape Quanzhou’s manufacturing industry, workforce transformation will rely heavily on

fostering innovation through problem-solving, critical thinking, communication, and teamwork. Understanding these

drivers will help HR professionals develop strategies that support AI adoption while ensuring sustainable workforce

development. By leveraging empirical data, this study aims to bridge the gap between AI implementation and human

resource innovation, ultimately contributing to a resilient and future-ready manufacturing industry in Quanzhou.

3. Methodology

3.1 Research Approach

A quantitative research approach was adopted to examine the impact of artificial intelligence (AI) on workforce

transformation and human resource (HR) strategies in Quanzhou’s manufacturing industry. This approach was

deemed suitable as it allows for the identification of key factors influencing workforce transformation and HR

adaptation through empirical data analysis. The study utilized a structured questionnaire to collect responses from

professionals working in the manufacturing sector, ensuring the validity and reliability of the findings.

3.2 Sample Selection
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The target population for this study included HR managers, manufacturing executives, and employees from various

manufacturing firms in Quanzhou, Fujian, China. A stratified random sampling technique was employed to ensure

representation from small, medium, and large manufacturing enterprises. The inclusion criteria required respondents

to have direct experience with AI-driven workplace transformations, ensuring relevance to the study’s objectives.

A total of 200 respondents participated in the survey, covering diverse roles in manufacturing enterprises. Table 1

provides an overview of the respondent demographics.

Table 1: Descriptive Data on Respondents

Category Group/Sub-Group Respondents (n) Percentage (%)

Age Group 20–29 years 50 25.0

30–39 years 80 40.0

40+ years 70 35.0

Gender Female 80 40.0

Male 120 60.0

Employment Level Entry-Level Employees 40 20.0

Mid-Level Managers 100 50.0

Senior Executives 60 30.0

Enterprise Size Small (1–49 employees) 45 22.5

Medium (50–149 employees) 60 30.0

Large (150+ employees) 95 47.5

3.3 Data Collection

Data collection was conducted using an online questionnaire distributed through professional networks, HR

associations, and manufacturing industry forums in Quanzhou. The survey was conducted over a three-month period

from September to November 2024. The questionnaire was structured to capture respondents’ perceptions of

AI-driven workforce transformation, HR strategic adaptations, and the challenges faced in AI integration.

3.4 Questionnaire Design and Data Analysis

The questionnaire was developed based on validated measures from previous studies on workforce transformation

and AI adoption (Brynjolfsson & McAfee, 2017; Davenport & Ronanki, 2018). The constructs were operationalized

using multi-item, 11-point Likert scales to effectively capture variations in perceptions. The key sections of the

questionnaire focused on AI integration in manufacturing, assessing the extent to which AI technologies are utilized
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in the workplace. It also examined the impact on workforce transformation by evaluating job displacement, skill

transformation, and employee adaptation to AI. Additionally, the questionnaire explored HR strategies in response to

AI adoption, analyzing how HR policies and practices are evolving. Lastly, it investigated challenges in AI

implementation by identifying barriers to AI-driven workforce transformation.

Data analysis was conducted using SPSS and AMOS statistical software. Several analytical steps were undertaken to

ensure the reliability and validity of the findings. First, data screening was performed to check for missing values,

normality, and outliers, ensuring data quality. Next, reliability and validity assessments were conducted through

Cronbach’s alpha tests and confirmatory factor analysis (CFA) to establish internal consistency and construct validity.

Finally, hypothesis testing was carried out using structural equation modeling (SEM) to evaluate the proposed

relationships between AI adoption, workforce transformation, and HR strategies. The results of these analyses will be

presented and discussed in the subsequent sections of this study.

4. Results

4.1 Data Preparation and Screening

Before conducting data analysis, the dataset was screened to ensure its completeness and validity. Since the survey

required respondents to answer all questions before submission, there were no missing data. Normality tests were

conducted to confirm that the data distribution met the assumptions required for unbiased and consistent modeling

(Anderson & Gerbing, 1988). Normality was evaluated by assessing skewness and kurtosis. Skewness measures the

symmetry of the data distribution, while kurtosis examines the peakedness (Hair, Anderson, Tatham, & Black, 2006).

The results indicated that skewness ranged from -0.002 to -1.135, and kurtosis values ranged from 0.046 to 2.107,

which were well within the acceptable thresholds of 2 and 7, respectively (West, Finch, & Curran, 1995). These

findings confirmed that the data met the normality assumption.

4.2 Descriptive Analysis: Pre-Placement and Post-Placement Comparison

A descriptive analysis was conducted to compare the students' skill levels before and after their placements. The

findings, presented in Table 2, indicate that all measured skills improved post-placement.

Table 2: Pre- and Post-Placement Comparison of Skill Levels

Factor Dimension Measure Private

(Pre)

Public

(Pre)

Private

(Post)

Public

(Post)

Problem

Solving

Reasoning Use rational and logical

reasoning to deduce

appropriate conclusions

7.97 7.94 8.72 8.70
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Analyzing and

Diagnosing

Analyze facts and

circumstances and ask the

right questions

7.86 7.83 8.75 8.72

Decision Making Make appropriate and

timely decisions in

complex situations

7.61 7.58 8.41 8.39

Critical

Thinking

Conceptualization Recognize patterns in

detailed scenarios

7.78 7.74 8.63 8.61

Evaluation Evaluate and retain key

points from various

sources

7.66 7.61 8.41 8.39

Communicat

ion

Verbal Communication Communicate clearly and

appropriately

7.90 7.87 8.55 8.52

Giving and Receiving

Feedback

Exchange feedback

constructively

7.70 7.69 8.46 8.44

Meeting Participation Engage constructively in

meetings

7.61 7.57 8.39 8.36

Teamwork Task Collaboration Collaborate effectively

with team members

8.11 8.11 8.77 8.74

Social Intelligence Understand and respond

to others' emotions

appropriately

7.91 7.92 8.59 8.56

Innovation Innovation Contribute to new

products, services, or

technologies

7.18 7.14 8.14 8.11

Entrepreneurship/Intrapr

eneurship

Embrace new ideas and

creativity

7.11 7.06 7.99 7.97

Lateral

Thinking/Creativity

Develop solutions using

lateral and creative

thinking

7.47 7.43 8.22 8.18

To mitigate common method bias, different respondents participated in placements at public and private
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organizations. Additionally, data were collected at two separate time points—before and after placement. Harman’s

single-factor test was conducted, and total variance for each factor was below 50%, indicating that common method

bias did not significantly affect the dataset (Podsakoff, MacKenzie, & Podsakoff, 2012). A marker variable test

further confirmed that common method bias was not an issue, as the result was below 1% (Jacobsen & Jensen, 2015).

4.3 Reliability and Validity of Measures

After data screening, construct reliability and validity were assessed. Reliability refers to the consistency of the

measurement, while validity assesses whether the construct accurately measures the intended variable (Nunnally,

1970).

Table 3: Reliability and Validity of Constructs

Construct Coefficient Alpha (> 0.7) Construct Reliability (> 0.7)

Pre-Placement Post-Placement Pre-Placement Post-Placement

Problem Solving 0.937 0.905 0.863 0.935

Critical Thinking 0.925 0.871 0.899 0.943

Communication 0.876 0.785 0.719 0.913

Teamwork 0.853 0.816 0.801 0.862

Innovation 0.911 0.831 0.804 0.982

Reliability analysis using Cronbach’s alpha indicated that all constructs had values above 0.7, demonstrating strong

internal consistency (Kline, 2005). Construct reliability scores derived from standardized item loadings in AMOS

ranged from 0.719 to 0.982, exceeding the minimum threshold of 0.7 (Hair et al., 2006). Discriminant validity was

confirmed as all factor loadings were above 0.5, as shown in Table 4.

Table 4: Factor Loadings and Descriptive Statistics

Factor Dimension Loading Mean Standard Deviation

Problem Solving Reasoning 0.793 8.721 1.185

Analyzing and Diagnosing 0.899 8.748 1.247

Critical Thinking Conceptualization 0.931 8.631 1.190

Evaluation 0.952 8.414 1.171

Communication Verbal Communication 0.846 8.550 1.277

Innovation Innovation 0.628 8.144 1.757
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4.4 Hypothesis Testing

Confirmatory factor analysis and hypothesis testing were conducted separately for pre- and post-placement data. As

summarized in Table 5, all hypotheses were supported, confirming the positive impact of problem-solving, critical

thinking, communication, and teamwork on innovation.

Table 5: Hypothesis Testing Results

Hypothesis Independent Variable Dependent Variable
P-Value

(Pre)
Support

P-Value

(Post)
Support

H1 Problem Solving Innovation 0.002 Yes 0.001 Yes

H2 Critical Thinking Innovation 0.003 Yes 0.002 Yes

H3 Communication Innovation 0.005 Yes 0.004 Yes

H4 Teamwork Innovation 0.006 Yes 0.005 Yes

These results provide empirical evidence supporting the role of cognitive and interpersonal skills in fostering

innovation among students.

4.5 Model of the Research

Figure 1 presents the supported model demonstrating the relationships between problem-solving, critical thinking,

communication, teamwork, and innovation.

5. Conclusion

This study examined the impact of artificial intelligence (AI) on workforce transformation and HR strategies within

Quanzhou’s manufacturing industry. It provided empirical evidence on how AI-driven automation, decision-making,

and data analytics are reshaping employment structures, skill requirements, and HR functions. Unlike prior studies

that primarily focused on general technological advancements, this research specifically analyzed AI’s role in

workforce adaptation, talent management, and strategic HR planning through a longitudinal, quantitative approach.

Problem Solving

Critical Thinking

Communication

Teamwork

Innovation
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A key outcome of this study is the validated framework that quantitatively measures the relationship between AI

implementation and workforce transformation. The results can inform HR professionals and policymakers on how to

develop effective strategies for AI integration while ensuring workforce sustainability. This tool will also be useful

for assessing employee readiness, designing AI training programs, and refining HR policies to foster a collaborative

human-AI work environment.

This study offers several practical implications. First, understanding AI-driven workforce transformation enables

manufacturing firms to anticipate skill gaps and implement proactive reskilling and upskilling initiatives. HR

departments can leverage AI for talent acquisition, performance assessment, and employee engagement, optimizing

human capital management in response to AI adoption. Additionally, businesses can use these findings to balance

automation with workforce retention strategies, ensuring a smooth transition towards AI-enhanced operations. For

employees, increased awareness of AI’s role in the industry encourages continuous learning and career adaptability,

fostering innovation-driven employment practices.

Despite its contributions, this study has some limitations, which present opportunities for future research. Future

studies could explore the long-term impact of AI on employment stability, job satisfaction, and organizational culture.

Additionally, further research could compare AI’s effects across different manufacturing sectors or geographical

regions to determine varying adoption patterns and workforce outcomes. Investigating the ethical considerations of

AI-driven HR strategies, such as bias in AI recruitment and employee surveillance, could also provide valuable

insights for responsible AI implementation.

For industries and policymakers aiming to foster sustainable workforce transformation, this study highlights the need

for AI-aligned HR strategies that emphasize employee development, adaptability, and ethical AI governance. In an

era of rapid technological evolution, rather than fearing AI-driven automation, attention must be directed towards

equipping the workforce with AI-related skills and fostering a human-AI collaborative environment. This research

serves as an essential foundation for developing innovative HR frameworks that align with the future of work in

Quanzhou’s manufacturing sector.
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