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Abstract 
The integration of Artificial Intelligence into Original Brand Manufacturing 
firms presents both opportunities and challenges for fostering employee inno-
vation. This study investigates how AI adoption influences employees’ innova-
tive behavior, with a particular focus on the mediating role of job security and 
the moderating role of employee well-being. Drawing on the Technology Ac-
ceptance Model and Conservation of Resources theory, we developed a con-
ceptual framework that captures the dual-edged nature of AI in innovation-
driven workplaces. This study used a two-wave online survey of 251 OBM pro-
fessionals from innovation-intensive teams. We used Smart PLS 4 to analyze 
our data. The results showed that AI adoption has a significant negative impact 
on employee innovative behavior. Furthermore, job security partially mediates 
this relationship, indicating that perceived job instability serves as a key mech-
anism through which AI adoption reduces innovative behavior. Additionally, 
employee well-being does not moderate the relationship between AI adoption 
and employee innovative behavior, but it moderates the relationship between 
AI adoption and job security. This study contributes to the theoretical and 
practical field of AI in the workplace in OBM firms, and helps to understand 
the impact of AI on employee innovative behavior. 
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1. Introduction 

Over the years, technology has not just evolved, it has completely influenced our 
world and human society. It has driven the economic growth, cultural evolution, 
and organizational practices [1] [2]. Among these technologies, AI has become 
one of the most influential developments. It is reshaping industries through auto-
mation, predictive analytics, and enhanced decision-making [3] [4]. By 2030, AI 
is projected to contribute over $15.7 trillion to the global economy, with manu-
facturing sectors accounting for a significant share of this growth [5] [6]. Alt-
hough AI holds significant macroeconomic promise, its effects on individual em-
ployees, especially regarding innovation, are still not well understood. While or-
ganizations increasingly deploy AI to optimize processes [7], the psychological 
and organizational consequences for employees, such as shifts in job security and 
well-being, require scholarly attention [8] [9]. 

The concept of AI lacks a universal definition, reflecting its multifaceted appli-
cations. Scholars broadly categorize AI as “systems that mimic human cognitive 
functions, such as learning, problem-solving, and adaptation, to perform tasks au-
tonomously” [10]. In OBM firms, AI manifests in smart factories, robotic process 
automation (RPA), and AI-driven supply chain management, enabling organiza-
tions to achieve precision, scalability, and cost-efficiency [11]-[13]. However, the 
impact of these technologies on individuals is often overlooked in favor of their 
technical advantages. While prior research has extensively explored AI’s organi-
zational benefits, such as increased productivity and innovation [14] [15], its ef-
fects on individual employees, particularly their capacity for creativity and prob-
lem-solving, remain underexamined [16] [17]. This oversight is critical, as em-
ployees’ innovative behavior is the cornerstone of sustained competitive ad-
vantage in knowledge-intensive industries like OBM [18] [19]. 

Innovative behavior means that an employee can come up with new ideas, pro-
mote them, and use them to make things better, like products, processes, or ser-
vices [20] [21]. In OBM companies, it is very important to create an innovative 
culture, because being able to quickly adapt to changing market needs and high-
quality design are key to success. Encouraging innovation includes motivating 
teams and also involves setting up systems that support the ongoing innovation 
of new products and services. By building a workplace culture that values adapta-
bility and new ideas, companies are better positioned to meet customer needs and 
stay ahead in the market [22] [23]. However, integrating AI into the workplace 
creates both benefits and challenges. Managing this tension is essential. Innova-
tion drives competitiveness in OBM firms, so understanding how AI affects work-
ers is critical. On one hand, AI supports employees. It reduces cognitive load, au-
tomates repetitive tasks, and provides helpful data insights [24] [25]. On the other 
hand, it increases stress, disrupts workflows, and threatens job security [26]-[28]. 
These factors lower creativity and reduce employee engagement. For example, 
[29] found that AI adoption in manufacturing reduced employees’ intrinsic mo-
tivation to innovate. This happened because AI lowered their sense of control over 
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their work. In similar lines, [30] argued that the use of AI in manufacturing firms 
not only automates tasks, but also restricts employee participation in decision-
making processes. This autonomy restriction can create an inflexible work envi-
ronment, which limits motivation and reduces innovative behavior. These find-
ings show the dual impact of AI: it can both foster and hinder innovation.  

While scholarly interest in AI’s workplace impact has expanded considerably, 
significant research gaps remain. To date, the majority of research has concen-
trated on organizational-level effects, particularly improvements in operational 
efficiency and financial performance [31] [32]. However, far less attention has 
been given to how these technological changes influence employees (individuals) 
directly. Second, researchers widely recognize that job security and well-being are 
known to influence technology adoption [33]-[36]. However, their interaction 
with AI-driven innovation in OBM firms has not been thoroughly explored. 
Third, AI-innovation research has mostly concentrated on service-based indus-
tries like healthcare and finance [15] [37]. While manufacturing firms like OBM, 
which is defined by design-driven, high-value manufacturing, have received less 
attention. In this study, job security, defined as employees’ perceived stability and 
continuity in employment [34]. According to [38], the psychological and emo-
tional resources that enable employees to effectively adapt to changes in the work-
place are referred to as employee well-being. Thus, this study addresses a signifi-
cant research gap: how AI adoption influences employee innovative behavior at 
the individual level within OBM firms. To address this, we pose the following re-
search questions: 

How does AI adoption influence employees’ innovative behavior in the OBM? 
How do job security and employee well-being influence the relationship be-

tween AI adoption and employee innovative behavior, with job security acting as 
a mediator and employee well-being as a moderator? 

This study uses two theoretical frameworks: the Technology Acceptance Model 
(TAM) and the Conservation of Resources (COR) theory. According to [39], em-
ployees are more likely to accept new technology when they believe it is useful and 
easy to use. TAM explains how employees interpret AI in the workplace. Some see 
AI as a tool for automating tasks or improving decisions. Others see it as a threat, 
especially to job security. These views shape their level of engagement in innova-
tive work [40]-[42]. COR theory, developed by [38], focuses on personal resources 
such as emotional well-being and job stability. When employees feel that AI 
threatens these resources, they respond defensively. They conserve their psycho-
logical energy. As a result, they become less willing to take creative risks or invest 
in innovation [43]-[46]. By combining TAM and COR theory gives us a deeper 
understanding of how AI affects innovation. It shows how employees’ views of 
technology and their need to protect personal resources influence their behavior. 

By applying TAM and COR to the context of OBM firms, we uncovered new 
perspectives on how employees psychologically interact with AI at the individual 
level. As a result, our study contributes to both theory and practice in three im-
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portant ways. At first, it expands on the literature on AI-innovation. By moving 
the focus from the organizational level to the individual-level psychological pro-
cesses. In particular, we highlight that how job security and employee well-being 
act as mediators and moderators in shaping how employees respond to AI adop-
tion through innovative behavior. However, previous research has examined how 
AI affects employee performance [47] and job displacement. Limited attention has 
been given to how these factors together influence innovative behavior [24] [48]. 
Second, it extends the TAM and COR frameworks to the OBM context, demon-
strating their applicability in understanding AI’s dual effects. Third, it offers ac-
tionable insights for OBM managers, such as designing AI implementation strat-
egies that balance efficiency gains with employee well-being, thereby fostering a 
culture of innovation. For example, organizations might invest in upskilling pro-
grams to mitigate job insecurity or implement AI tools that augment, rather than 
replace, human creativity [7] [49] [50]. Figure 1 presents our research model. 
 

 

Figure 1. Conceptual model. 

2. Literature Review and Hypothesis Development 
2.1. AI Adoption and Employee Innovative Behavior in Original  

Brand Manufacturing (OBM) 

The OBM industry is experiencing a major transformation due to AI adoption. 
Unlike OEM or ODM models, OBM firms not only produce goods but also build 
their own brands, which requires constant innovation and customer engagement 
[30] [51]-[53]. Many manufacturing firms use AI to enhance product develop-
ment, streamline production, and optimize supply chains [12] [27] [54] [55]. 
Therefore. Employees remain central to product and process innovation, which 
underpin brand value. When AI adoption undermines job security or reduces em-
ployees’ sense of ownership, their motivation to take creative risks and innovate 
declines [56]. Studies show that perceiving AI as a threat lowers engagement and 
stifles innovation. To counter this, recent research emphasizes collaborative intel-
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ligence, using AI to support, rather than replace, human creativity [57]-[60]. Un-
derstanding how AI acts as both an enabler and a barrier to innovation is vital. 
Analyzing this dual impact through established theories can provide deeper in-
sight into AI’s role in shaping innovative behavior at work. 

2.2. AI as a Driver of Innovation in OBM 

Beyond automating routine tasks, AI in OBM firms enables intelligent decision-
making, predictive analytics, complex problem-solving, and generative design 
[12] [24] [61] [62]. Through technologies such as machine learning, computer 
vision, and natural language processing, AI systems give employees practical sup-
port to innovate: they accelerate product design and prototyping, enable real-time 
market insights, and optimize production workflows, freeing employees to focus 
on higher-value creative activities. By reducing cognitive workload, AI enhances 
both efficiency and employee well-being. When AI supports employees with re-
petitive tasks, they report higher job satisfaction and engagement [63]. If employ-
ees see AI as a helpful tool, they become more engaged and adaptable [64].  

The TAM explains why AI adoption can drive employee innovation. According 
to TAM, employees are more likely to use new technologies they see as practical 
and easy to use [65]. In OBM firms, if employees believe AI enhances their effec-
tiveness or creativity, they will integrate it into their workflow, increasing both 
exploratory (trying new ideas) and exploitative (improving existing ideas) inno-
vation [66]. For example, employees can use generative AI for prototyping and AI 
analytics to spot market opportunities, boosting innovation overall [67]. Empiri-
cal research shows that combining generative AI with human creativity improves 
innovative performance [41] [68]-[70]. When employees see AI as a partner, they 
receive better cognitive support and make faster decisions, which enhances inno-
vative behavior [40] [71]. However, AI adoption alone does not guarantee more 
innovation. If employees view AI as a competitor instead of a collaborator, for 
instance, when algorithmic decisions override human input, they are less likely to 
take initiative [33]. This duality underscores the importance of examining AI’s 
concurrent enabling and suppressive effects on employee behavior. 

2.3. AI as a Threat to Employee Innovation Behavior in OBM 

AI technologies enhance idea development, but over-reliance on them reduces 
employees’ sense of ownership and autonomy, which in turn limits innovation 
[46]. Heavy dependence on AI also raises job security concerns [72], and shifts 
how human contributions are valued, directly undermining innovative activity. 
In OBM firms, employees play a central role in product and brand development. 
The excessive automation of creative and decision-making processes can make 
workers feel replaceable and undervalued, a pattern documented across organiza-
tional contexts where AI encroaches on human judgment and expertise [73]. 
When AI determines most product characteristics or heavily influences strategic 
choices, employees perceive that their expertise is disregarded. Empirical studies 
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confirm these concerns. Employees exposed to advanced AI and robotics report 
lower job security, reduced organizational commitment, and heightened anxiety 
about the future. Brougham and Haar [74] found that greater awareness of 
STARA was negatively related to organizational commitment and career satisfac-
tion, while positively linked to turnover intentions, cynicism, and depression. 
Similarly, Bhargava, Bester [33] showed that employees who perceived RAIA im-
plementation in their workplace reported lower job security and reduced confi-
dence in their long-term employability, factors that erode the motivation to take 
initiative and contribute innovatively. 

The COR theory [38] explains why AI-related threats can suppress innovation. 
Employees seek to protect vital resources such as job security, autonomy, and self-
efficacy. When these resources appear at risk, they adopt a defensive posture, pri-
oritizing preservation over exploration. As a result, their willingness to engage in 
innovative activities declines [45]. Integrating TAM and COR clarifies AI’s dou-
ble-edged effect: TAM highlights the enabling side when AI is embraced as useful, 
while COR explains the risks when AI is seen as a threat. Recent research supports 
this duality: Du and Liu [46] found that employees credited AI with improving 
focus but also felt it reduced their autonomy, showing that AI adoption brings 
both opportunities and risks. Several psychological mechanisms can explain why 
AI adoption may dampen innovative behavior in OBM firms. 

Given these contrasting dynamics, a critical question arises: Does AI adoption 
enable or inhibit innovation in OBM firms? If AI supports employees (as TAM 
suggests), innovation should increase. But if AI causes resource-loss fears (as COR 
predicts), innovation will decline. Both effects may happen at once. In OBM, 
where efficiency and creativity must be balanced, understanding this trade-off is 
essential. Therefore, we argue that AI adoption significantly affects how employ-
ees engage in innovation and seek to test this empirically. Accordingly, we pro-
pose: 

H1: AI adoption has a significant negative impact on employee innovative be-
havior in OBM firms. 

2.4. The Mediating Role of Job Security 

Job security generally refers to an employee’s confidence in the continued stability 
of their job and the absence of threats to their position [34]. More specifically, it 
captures employees’ perception of stability and continuity within their roles [75]. 
Across industries, new technologies like robotics and AI have raised employee 
concerns about job stability [76]. AI-driven automation has intensified these con-
cerns, as it can replace tasks and create uncertainty about future employment [26]. 
If organizations do not address these anxieties, employee stress can negatively im-
pact performance [38] [77] [78]. AI adoption may make employees feel insecure 
and think AI may replace their jobs [74]. Recent surveys and studies confirm this: 
a 2024 Pew survey found 52% of U.S. workers are concerned about AI’s impact on 
their jobs, and one-third believe AI will lead to fewer job opportunities for them 
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in the long run [79]. In fast-changing industries, such as OBM, AI adoption has 
introduced concerns regarding job displacement and role obsolescence [41] [70]. 
While AI has the potential to enhance productivity and efficiency, it simultane-
ously raises apprehensions about workforce reductions and shifts in job responsi-
bilities [68] [69]. While most research has examined AI’s impact on organizational 
performance, less attention has been given to its effects on individual employees’ 
job security and innovative behavior. Since job security strongly influences moti-
vation, risk-taking, and creativity, it is essential to understand its mediating role 
in the AI-innovation relationship. 

2.5. AI Adoption and Job Security 

AI impacts job security in two major ways. First, by automating routine tasks like 
design iteration, supply chain forecasting, and optimizing production, AI can 
make some jobs redundant or outdated [80], fueling worker anxiety. Second, AI 
adoption demands new skills: employees need digital literacy and the ability to 
understand algorithmic processes to stay competitive [81]. Without organiza-
tional support for upskilling, employees feel more anxious and may resist AI in-
tegration [82]. While AI makes workflows more efficient [70], it also increases 
fears of job loss [41] [68].  

COR theory helps to explain how AI adoption can affect employees’ sense of 
job security, and also explains that employees aim to protect valued resources such 
as job stability [38]. When AI adoption is perceived as a threat to these resources, 
employees become stressed and defensive [45]. This reduces engagement and 
commitment at work.  

Research in industry fields shows a consistent negative link between AI adop-
tion and job security: in hospitality, for example, AI-induced automation has 
raised job security concerns, which has introduced lowered job engagement [83]. 
Efforts to adopt AI and pursue digital transformation have led to job cuts and 
uncertainty in various industries [82], with manufacturing workers fearing job 
loss and fewer career opportunities [35]. Overall, AI adoption often weakens em-
ployees’ sense of job security, leading to increased stress and reduced motivation. 
Based on this evidence, we propose: 

H2a: AI adoption negatively influences job security. 

2.6. Job Security and Employee Innovative Behavior 

Job security strongly affects employees’ willingness to participate in innovation 
[84] [85]. When employees feel secure in their jobs, they take more risks, explore 
new ideas, and actively support innovation within their organization [86]. Many 
researchers have found a clear positive link between job security and employee 
innovation [87]-[89]. COR theory Hobfoll [38] helps explain this link: employees 
are more willing to invest time, energy, and creativity in innovation when they 
feel their jobs are safe [35] [83]. According to the TAM, employees who feel secure 
see new technologies as opportunities to improve their work, not threats [30] [65] 
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[68]. 
Empirical studies confirm that job security encourages creativity, problem-

solving, and new idea generation [86] [90]. On the other hand, those who faced 
job insecurity were less engaged in innovation [83]. Later, Probst, Chizh [91] con-
firmed that job security helps build a sense of stability and trust in the workplace. 
In contrast, those who feel insecure are less likely to take risks or innovate. There-
fore, these findings suggest that feeling secure in their jobs encourages employees 
to be more innovative. Based on this, we propose: 

H2b: Job security positively influences employee innovative behavior. 

2.7. Mediating Role of JS between AIA and EIB 

Based on these arguments, job security mediates the relationship between AI 
adoption and innovative behavior. When AI adoption threatens job security, em-
ployees feel anxious and avoid risks, which reduces innovation [35] [68] [91]. If 
organizations use AI to support or enhance job security, such as through up-
skilling or clarifying AI’s supportive role, employees are more likely to adopt AI 
and innovate [30] [83]. According to TAM, perceived usefulness increases will-
ingness to use new technology, and support from the organization boosts innova-
tive behavior [68] [69]. COR theory also supports this: protecting job stability en-
courages employees to invest resources in innovation. When job security is lack-
ing, employees focus on managing insecurity instead of being creative. Therefore, 
job security can transmit the effects of AI adoption to employee innovative behav-
ior, buffering against the negative and allowing the positive potential of AI to be 
realized. Therefore, we propose: 

H2: Job security mediates the relationship between AI adoption and employee 
innovative behavior. 

2.8. Moderating Role of Employee Well-Being 

Employee well-being refers to the overall mental and emotional condition of an 
employee, reflecting resilience and the ability to manage workplace stress [20] 
[92]. It plays a crucial role in shaping how employees perceive and react to AI 
adoption [93]. AI can serve as both an enabler and a stressor, depending on em-
ployees’ psychological resources and adaptability [94] [95]. According to the COR 
theory, individuals strive to preserve valued resources such as job security, psy-
chological well-being, and professional stability [38]. When employees perceive 
AI as a tool that enhances productivity and autonomy, they view it as a valuable 
resource. This fosters engagement, creativity, and ultimately greater innovation 
[50] [96]. In contrast, when AI is seen as a threat to job stability or a source of 
workload uncertainty, employees feel their resources are being eroded. This per-
ception generates stress and anxiety, reducing their motivation to innovate [97] 
[98]. In this way, employee well-being moderates the relationship between AI 
adoption and innovative behavior. Employees with high well-being possess 
stronger psychological resources, which help them adapt to technological change 
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and use AI as a tool for innovation [99]. Conversely, employees with lower well-
being are more vulnerable to AI-related uncertainty and tend to avoid risks, which 
limits creativity [74] [100] [101]. COR theory supports this view, explaining that 
individuals with fewer resources conserve energy by avoiding additional efforts 
such as innovation [102]. 

Well-being also shapes how employees connect job security with AI adoption. 
Concerns about automation, job loss, or increased digital-skill demands heighten 
insecurity for employees lacking psychological support [103]. From the COR per-
spective, low well-being amplifies these threats, leading to anxiety and resistance 
to AI-driven change [104]. In contrast, employees with higher well-being are more 
likely to interpret AI as an opportunity for growth, adjust their skills, and embrace 
AI integration without feeling undermined [93]. Thus, employee well-being serves 
as a protective buffer, softening the negative effects of AI adoption on job security. 
From this perspective [65], while COR explains how employees protect personal 
resources [38]. As a result, employees with higher well-being are less threatened 
by AI and better positioned to leverage it as a resource for growth. Based on these 
arguments, we propose: 

H3: Employee well-being moderates the relationship between AI adoption and 
employee innovative behavior, such that the negative relationship is weaker (i.e., 
less harmful to innovation) when employee well-being is high, and stronger (i.e., 
more harmful) when well-being is low.  

H4: Employee well-being moderates the relationship between AI adoption and 
job security, such that higher well-being reduces the negative impact of AI adop-
tion on job security.  

Despite growing interest in AI and innovation, few studies have empirically 
examined these mediated (job security) and moderated (employee well-being) 
mechanisms in manufacturing contexts where both creative agility and opera-
tional precision are essential. This study addresses this gap in the OBM industry, 
where understanding these dynamics is critical to leveraging AI in an innovation-
driven environment.  

3. Methodology 
3.1. Research Design and Data Collection Approach 

This study used a quantitative research design to examine the relationship be-
tween AI adoption (AIA) and employee innovative behavior (EIB), with job secu-
rity (JS) as a mediator and employee well-being (EWB) as a moderator. To reduce 
common method bias [105] [106], data were collected in a two-wave online survey 
from employees within OBM industry in China. Participants were drawn from 
R&D, product management, marketing, and project management teams, key 
functions in AI-driven innovation [107]-[109]. Prior studies show AI in these 
roles enhances forecasting, automation, market insights, and collaboration [110]-
[112], though concerns over job security remain [113]. Data were collected via 
Credamo, which offers high-quality recruitment, data cleaning, and secure ad-
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ministration. The study adhered to strict ethical guidelines, including informed 
consent, anonymity, confidentiality, voluntary participation, and verification that 
respondents were members of product innovation teams to ensure eligibility and 
data accuracy. This approach aligns with best practices by ensuring diversity, re-
ducing geographic limitations, and maintaining cost efficiency [114]. In the first 
wave, we collected responses on AI adoption (IV) and job security (mediator). 
Four weeks later, the same participants completed employee well-being (modera-
tor) and employee innovative behavior (DV) measures. This temporal separation 
helped reduce potential common method bias between the predictor and outcome 
variables [105] [115].  

3.2. Population and Sample 

We targeted employees in OBM firms who worked in innovation-driven roles. To 
verify eligibility, respondents were first required to confirm that their employer 
manufactured products under its own brand and was responsible for marketing 
or commercializing that brand, rather than operating exclusively as an OEM or 
ODM firm. Respondents were also asked whether they were currently part of a 
product innovation team, such as R&D, design, product management, marketing 
management, or project management. Only respondents who satisfied both crite-
ria were allowed to proceed with the survey. A total of 400 survey invitations were 
distributed, resulting in 330 valid responses in the first wave (82.5% response 
rate). After four weeks, we sent the questionnaire to the same 330 participants 
contacted in the first wave, and we received 290 valid responses, resulting in a 
retention rate of 87.88%. After checking for logic and quality, 39 invalid question-
naires were removed. These included responses with unusually short completion 
times, failed screening questions, or repetitive answer patterns. A total of 251 valid 
questionnaires were retained for analysis. The effective response rate was 86.55%. 
Demographic details are shown in Table 1. The final dataset met the recom-
mended sample size thresholds for PLS-SEM [116].  

3.3. Measurement of Variables 

All variables were measured using validated multi-item scales from previous stud-
ies. Responses were recorded on a five-point Likert scale (1 = strongly disagree, 5 
= strongly agree). Compared to a seven-point scale, a five-point format reduces 
confusion over small differences between options. This improves response quality 
[117] [118].  

AI adoption: The AI adoption scale was adapted from [119] measure of com-
puter use. We replaced “computer” with “AI” and revised the items based on ex-
pert input and the specific goals of this study. In this study, AI adoption refers to 
the degree to which employees integrate and depend on AI tools in their day-to-
day work tasks, a usage-centered conceptualization reflecting how deeply AI has 
been embedded into each employee’s working practice, rather than a binary indi-
cator of whether AI exists in the organization. This operationalization captures 
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the employee’s lived experience of AI at the task level, consistent with how job-
level AI exposure has been measured in prior individual-level studies [68] [97]. 
The measurement scales used were originally developed in English, we conducted 
a commonly used translation and back-translation procedure for the items to en-
sure the equivalency of meaning in the Chinese version. The final version includes 
eight items. One example is, “I need AI to help me do my job.” The Cronbach’s 
alpha is 0.927. 

Job security: The JS was measured using a 10-item scale developed by [75]. An 
example item is: “I’ll be able to keep my present job as long as I wish.” The 
Cronbach’s alpha is 0.848. 

Employee well-being was assessed using the well-being scales proposed by 
[92], which measure five key dimensions: meaning, positive relationships, engage-
ment, positive emotions, and accomplishment. These dimensions were operation-
alized in an employee well-being questionnaire, as demonstrated in a study con-
ducted by [120]. Example statements from the scale include: “My job has signifi-
cance. In most cases, I can count on my colleagues. My job makes me happy.” and 
“My job inspires me. I look to the future with optimism. I will achieve what I want 
against all odds.” The Cronbach’s alpha is 0.897. 

Employee innovative behavior: We applied the scales developed by [20] to 
measure EIB. The scale consists of six items, a sample item is “I often use new 
processes, techniques, and methods in my work.” The Cronbach’s alpha is 0.873.  

3.4. Data Analysis 

We used SPSS 26 and SmartPLS 4.1.1.1 for the statistical analysis. PLS-SEM was 
selected because the model includes multiple latent constructs, indirect effects, 
and interaction effects, and because the study aims to estimate both the measure-
ment and structural models simultaneously. PLS-SEM is also appropriate for ex-
amining complex predictive relationships with a moderate sample size [121]. The 
analysis proceeded in two stages. First, the measurement model was assessed for 
reliability and convergent and discriminant validity. Second, the structural model 
was evaluated by examining path coefficients, indirect effects, interaction ef-
fects, explanatory power, and collinearity. Mediation and moderation effects were 
tested using bootstrapping with 5,000 resamples, as illustrated in Figure 2. 

4. Result 
4.1. Descriptive Statistics 

Our sample included 251 OBM professionals occupying diverse roles within prod-
uct innovation teams. Table 1 summarizes demographic and professional charac-
teristics. The Participants were 58.6% male and 41.4% female. Most participants 
were between the ages of 26 and 35, with 23.5% aged 26 - 30 and 25.5% aged 31 - 
35. A majority held advanced degrees, including 41.8% with a Master’s, and par-
ticipants reported a range of work experience, with most falling within the 1 - 4 
years range. 
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Table 1. Sample demographics (n = 251). 

Demographics Items Frequency Percentage 

Gender 
Male 147 58.6 

Female 104 41.4 

Age 

20 - 25 33 13.1 

26 - 30 59 23.5 

31 - 35 64 25.5 

36 - 40 38 15.1 

Above 40 57 22.7 

Experience 

1 - 2 Years 66 26.3 

2 - 3 Years 65 25.9 

3 - 4 Years 59 23.5 

>4 Years 61 24.3 

Education Level 

Diploma 12 4.8 

Bachelor 93 37.1 

Master 105 41.8 

PhD 41 16.3 

Role in the Product 
Innovation Team 

R&D 47 18.7 

Designer 50 19.9 

Product Manager 48 19.1 

Marketing Manager 54 21.5 

Project Manager 52 20.7 

Source(s): Created by authors. 

4.2. Measurement Model 

To validate our research model, we examined reliability, convergent validity, and 
discriminant validity, with results presented in Tables 2-4. Reliability was assessed 
at both the item and construct levels. Item reliability was evaluated using outer 
loadings, all of which exceeded 0.5, with most above 0.7. These values indicate that 
the questionnaire items strongly reflect their intended constructs [122] [123]. 
Construct reliability was further tested using Cronbach’s alpha (α) and composite 
reliability (CR). Both measures surpassed the accepted threshold of 0.70 [122] 
[124], and in this study, both Cronbach’s alpha and CR values for all variables 
were above 0.80. This demonstrates strong internal consistency and supports the 
reliability of the measurement model. Convergent validity was also established. 
All factor loadings exceeded 0.5, and the average variance extracted (AVE) values 
for each construct were greater than 0.5 [125]. These findings confirm that each 
construct accounts for a meaningful proportion of variance in its indicators. We 
assessed discriminant validity using the Fornell-Larcker criterion [126], and the 
heterotrait-monotrait (HTMT) ratio [127]. These methods were tested to verify 
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the correlation among latent variables. The HTMT is widely regarded as the most 
robust method for testing discriminant validity [122]. As shown in Table 3, all 
HTMT values ranged from 0.067 to 0.453, well below the recommended threshold 
of 0.85 [127]. Thereby confirming strong discriminant validity among the con-
structs. Additionally, Table 4 shows that the square root of the AVE for each con-
struct is higher than its correlations with other variables. This confirms that the 
measurement model meets the standard for discriminant validity [127] [128].  
 
Table 2. Constructs reliability and (AVE) for reflective constructs. 

Variables/Items Loadings Cronbach α rho_A CR AVE 

AI Adoption  0.927 0.932 0.940 0.661 
AIA_1 0.792      
AIA_2 0.822      
AIA_3 0.843      
AIA_4 0.814      
AIA_5 0.775      

AIA_6 0.810      
AIA_7  0.843      
AIA_8 0.802      

Job Security  0.914 0.929 0.929 0.572 
JS_17 0.837      
JS_18  0.862      
JS_19 0.591      
JS_20  0.831      
JS_21  0.843      
JS_22 0.856      
JS_23  0.679      
JS_24  0.721      
JS_25  0.628      

JS_26 0.646      
Employee Well-being  0.897 0.904 0.924 0.708 

EWB_27 0.823      
EWB_28 0.827      
EWB_29 0.856      
EWB_30 0.873      
EWB_31 0.828      

Employee Innovative Behavior 0.873 0.879 0.905 0.616 
EIB_11 0.878      
EIB_12 0.744      
EIB_13 0.878      
EIB_14 0.713      

EIB_15 0.765      
EIB_16 0.711      

Source(s): Created by authors. 
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Table 3. HTMT. 

Variables AIA EIB EWB JS 

AIA     

EIB 0.329    

EWB 0.067 0.095   

JS  0.175 0.453 0.313  

Note: Created by authors. 
 
Table 4. Fornell and Larkers criterion. 

Variables AIA EIB EWB JS 

AIA 0.813    

EIB −0.302 0.785   

EWB 0.005 0.065 0.842  

JS −0.167 0.410 0.297 0.756 

Note: Created by authors. 

4.3. Structural Model 

Before examining the structural relationships hypothesized in this study, we ex-
amined the potential collinearity issues among constructs, in order to ensure ac-
curacy and reliability in results interpretation. We used the Variance Inflation 
Factor (VIF) analysis to check for multicollinearity in the structural model. All 
VIF values ranged from 1.005 to 1.175, well below the threshold of 5 [122]. As 
shown in Table 5, the results confirm that multicollinearity is not a concern. This 
supports the model’s stability and reliability for testing the hypotheses. Following 
the collinearity assessment, we evaluated the path coefficients to test the proposed 
hypothesized relationships outlined in Figure 2.  
 
Table 5. Collinearity assessment (inner VIF values). 

Constructs EIB JS 

AIA 1.044 1.005 

EWB 1.120 1.006 

JS 1.175  

EWB x AIA 1.050 1.011 

Note: Created by authors. 
 

We tested the structural model using SmartPLS with a bootstrapping procedure 
of 5000 resamples. This approach evaluated the hypothesized relationships based 
on significance, path strength, and explanatory power [122] [129]. Table 6 shows 
the path coefficients and their significance levels. The results show that five out of 
six proposed hypotheses are statistically supported. One hypothesis did not meet 
the significance criteria and was not supported. The model demonstrated accepta-
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ble explanatory power: the R² value for employee innovative behavior was 0.232 
and for job security was 0.066, indicating that the predictors account for a mean-
ingful share of variance in the outcome variables and are consistent with ranges 
reported in comparable behavioral PLS-SEM studies (Hair et al., 2019). The anal-
ysis began by testing the direct relationships in the conceptual framework. It first 
assessed the effect of AI adoption on employee innovative behavior to establish a 
baseline before exploring mediation and moderation effects. 
 

Table 6. Results of the hypotheses testing. 

Hypothesis Relationships β STDEV T-value p-value Remarks 

Direct effect       

H1 AIA → EIB −0.232 0.057 4.099 0.000*** Supported 

H2a AIA → JS −0.182 0.068 2.678 0.007** Supported 

H2b JS → EIB 0.394 0.059 6.648 0.000*** Supported 

H2 (Mediation) AIA → JS → EIB −0.072 0.026 2.713 0.007** Supported 

H3 (Moderation) EWB x AIA → EIB −0.051 0.056 0.914 0.361 Not Supported 

H4 (Moderation) EWB x AIA → JS 0.195 0.059 3.278 0.001*** Supported 

Notes: ***p < 0.01; **p < 0.05; *p < 0.10. 
 

First, we explored the direct relationships between variables. We found that AI 
adoption has a significant negative impact on employee innovative behavior (β = 
−0.232, t = 4.099, p < 0.01), which supports our H1. In examining further hypoth-
eses, the impact of AI adoption on job security was assessed. AI adoption showed 
a significant negative effect on job security (β = −0.182, t = 2.678, p< 0.01), which 
supports H2a. Conversely, job security significantly and positively impacted em-
ployee innovative behavior (β = 0.394, t = 6.648, p < 0.01), which supports our 
H2b. Secondly, we calculated the indirect relationship between AI adoption and 
employee innovative behavior through job security. The mediation analysis shows 
that job security partially mediated the negative relationship between AI adoption 
and employee innovative behavior (β = −0.072, t = 2.713, p < 0.01). Thus, H2 was 
significantly supported. Thirdly, the moderated effects were explored by analyzing 
whether employee well-being could buffer or amplify the direct relationships ex-
amined earlier. Interestingly, the moderation analysis results revealed a non-sig-
nificant moderation effect of employee well-being on the direct association be-
tween AI adoption and employee innovative behavior (β = −0.051, t = 0.914, p > 
0.05), thus not supporting H3. The interaction between AI adoption and employee 
well-being was significantly associated with job security (β = 0.195, t = 3.278, p = 
0.001). Conditional-effect analysis showed that when employee well-being was 
low (−1 SD), AI adoption was negatively associated with job security (β = −0.377, 
95% CI [−0.509, −0.211]). At the mean level of employee well-being, the negative 
association remained significant (β = −0.182, 95% CI [−0.307, −0.039]). At a high 
level of employee well-being (+1 SD), the association became small and non-sig-

https://doi.org/10.4236/oalib.1115999


W. Sangar et al. 
 

 

DOI: 10.4236/oalib.1115999 16 Open Access Library Journal 
 

nificant (β = 0.013, 95% CI [−0.176, 0.208]). These findings indicate that higher 
employee well-being substantially weakens the negative association between AI 
adoption and job security, consistent with H4. 
 

 

Figure 2. Structural model. 

5. Discussion and Implications 

This study investigated how AI adoption influences employee innovative behavior 
in OBM firms and how job security and employee well-being shape this relation-
ship. Grounded in TAM [39] [130] and COR theory [38] [102], we show that AI 
adoption is not merely a technical transformation but a psychological shift that 
alters how employees approach innovation [20]. Empirically, AI adoption sup-
pressed innovative behavior; job security mediated this effect, such that protecting 
employees’ sense of job security partially attenuated the harm, consistent with 
COR’s resource-loss logic [90] [91]. Employee well-being did not moderate the 
direct AI-innovation path, but it buffered the negative effect of AI on job security, 
positioning well-being as a protective resource within COR. These findings nu-
ance the predominantly efficiency-focused AI discourse and align with emerging 
evidence that role insecurity can undercut technology-enabled innovation [30] 
[68] [69].  

5.1. Theoretical Implications 

We advance organizational behavior and technology-management scholarship by 
identifying the psychological pathway through which AI adoption influences in-
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novative behavior in OBM firms, and by offering a theoretically integrated ac-
count of why that pathway operates. A recurrent critique of AI-and-work research 
is that TAM and COR do not individually address innovation. In this study, TAM 
is used as a contextual theoretical lens rather than as a fully tested explanatory 
model. Specifically, TAM helps explain why employees may respond differently 
to AI depending on whether they perceive it as useful and supportive in their 
work. However, perceived usefulness and perceived ease of use were not directly 
measured in the present study. Therefore, we do not test the core TAM mecha-
nisms empirically. Instead, TAM provides a broader conceptual context for un-
derstanding employees’ responses to AI adoption, while COR theory directly ex-
plains the resource-related mechanisms involving job security, well-being, and in-
novative behavior. 

This synthesis provides a more complete model than either theory offers inde-
pendently. Prior TAM-based research emphasizes perceived usefulness and effi-
ciency gains of AI [39] [130], but our evidence shows that innovation declines 
when employees experience role uncertainty and resource threat [20] [90] [91]. 
Theoretically, we extend TAM by showing that perceived usefulness is not suffi-
cient for positive behavioral outcomes when job-related concerns are salient. In-
tegrating COR, we position job security as a central psychological resource; its 
erosion under AI implementation prompts withdrawal from discretionary, inno-
vation-oriented behaviors. This expands COR’s application into technology-in-
duced workplace transitions and emphasizes the need to address the emotional 
and psychological costs embedded in digital transformation, costs that efficiency-
centered AI literature has largely set aside. It is worth noting, however, that job 
security perceptions are not shaped by AI alone. Macro-level factors, including 
economic volatility, industry restructuring, labor market tightness, and organiza-
tional culture, all influence baseline levels of perceived security. Our model cap-
tures the AI-specific contribution to these perceptions after controlling for indi-
vidual characteristics, but future work should examine how contextual factors 
condition the AI-job security relationship. We also contribute by introducing em-
ployee well-being as a moderating factor. Although it does not buffer the direct 
effect of AI on innovation, it does reduce the negative impact of AI on job security, 
consistent with COR’s resource-buffer logic [102]. The lack of moderation at the 
innovation level suggests that resilience alone cannot offset structural concerns 
about role stability. Even so, well-being functions as a protective factor, enriching 
theorizing on psychological resources in disrupted work contexts [30]. Our re-
search model, connecting AI adoption, job security, well-being, and innovative 
behavior, captures AI’s double-edged nature by shifting focus from system-level 
benefits to employee-level responses in innovation-intensive settings such as 
OBM. Finally, AI’s impact is contingent on how organizations manage employee 
perceptions during technological change. By combining TAM and COR and val-
idating this integrated model in a high-stakes industry, we provide a lens for un-
derstanding the socio-psychological dynamics of AI in the workplace in OBM firms.  
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5.2. Practical Implications 

Our findings translate into four interconnected and directly evidence-based rec-
ommendations for OBM managers implementing AI. First, signal job security 
throughout the change process. Communicate the augmentation intent (not re-
placement), map how tasks will shift, and provide reskilling and internal-mobility 
pathways. These actions protect the psychological resource of job security and 
sustain discretionary innovation, consistent with COR and evidence that insecu-
rity suppresses innovative effort. Second, design AI for augmentation using work-
design principles, preserve autonomy, control, and skill variety in AI-enabled 
workflows and decision rights [50]. Adopt “collaborative intelligence” practices 
that keep people in the loop [100] and pursue human-machine complementarity 
rather than substitution [1]. These practices align with TAM by increasing per-
ceived usefulness and adoption quality [39] [130]. Third, invest in employee well-
being as a buffer against AI-related threats. Provide mental-health resources, 
manageable workload norms, supportive leadership, and flexible work where fea-
sible, interventions that enlarge resource reserves and mitigate insecurity [93] 
[102] [103]. Our results show that well-being attenuates AI’s negative effect on job 
security, creating the conditions for innovation to thrive. Fourth, establish struc-
tured AI onboarding and change management: AI literacy training, safe sand-
boxes for experimentation, transparent decision-logic briefings, and rapid feed-
back channels. These steps enhance perceived usefulness and ease of use (core 
TAM constructs) TAM and reduce threat perceptions [24] [131]. Across all four 
recommendations, firms should additionally commit to transparent, human-cen-
tered AI governance: communicating clearly how AI decisions are made, conduct-
ing fairness checks, and maintaining proportionate oversight that protects both 
performance goals and employee dignity [132]-[134]. Together, these practices 
enable firms to realize AI’s efficiency gains without eroding the climate for em-
ployee innovation. 

5.3. Limitations and Future Research 

We acknowledge that this research has limitations that need to be addressed in 
future studies. The first limitation is that our model considered only two psycho-
logical variables: job security and well-being. Future research should consider ad-
ditional factors, such as leadership style, team support, and trust in AI, that may 
shape these outcomes. Moreover, the indirect effect of well-being suggests more 
complex underlying mechanisms (e.g., stress coping, organizational trust), which 
longitudinal or multi-level designs could further uncover. Second, this study does 
not account for macro-level factors such as broader economic conditions, organ-
izational culture, or national labor-market context, all of which may inde-
pendently shape perceived job security. Future research should examine whether 
the AI-job security relationship is moderated by organizational climate (e.g., psy-
chological safety) or labor-market tightness, which may strengthen or attenuate 
the effects observed here. Third, while the current PLS-SEM model demonstrates 
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strong reliability and validity, future studies would benefit from complementary 
robustness checks such as alternative model specifications, holdout sample vali-
dation, or the inclusion of additional control variables (e.g., firm AI maturity, ten-
ure) to further confirm the stability of the structural estimates. Finally, our study 
focuses on the OBM, where innovation is a core value. The findings may not gen-
eralize to low-innovation sectors or jobs with routine tasks. Replication in other 
contexts, such as healthcare, logistics, or education, could validate and refine the 
model’s boundaries. 

Despite these limitations, the study makes significant contributions by bridging 
psychological insights with the predominantly technical discourse on AI. It pro-
vides both practical and theoretical frameworks that are valuable for academics 
and professionals. To strengthen and generalize these findings, future studies 
should explore new variables, apply the framework across diverse industries, and 
examine how cultural context shapes the AI-employee dynamic. These efforts will 
contribute to a deeper understanding of how AI affects human behavior and or-
ganizational dynamics. This research enhances our understanding of the psycho-
logical processes that link AI adoption to employee innovation, and identifies 
meaningful directions for future inquiry. 

6. Conclusion 

Based on TAM and COR theory, this study explored how AI adoption influences 
employee innovative behavior in OBM firms. The results show that AI adoption 
has a negative impact on employee innovative behavior. A key finding is the me-
diating role of job security: by threatening this critical resource, AI adoption sets 
off a chain that ultimately suppresses employees’ motivation to innovate. The 
study also identifies employee well-being as an important factor. Although well-
being does not directly moderate the link between AI adoption and innovative 
behavior, it significantly attenuates AI’s negative effect on job security, a finding 
that highlights the protective value of organizational investment in employee well-
being. Together, these results offer a comprehensive account of how AI adoption 
influences innovation through both direct and resource-mediated pathways, and 
point to actionable levers for organizations seeking to sustain employee creativity 
in AI-intensive environments. 
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