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Abstract 

As AI technologies rapidly permeate industries, the key challenge for enterprises is no longer whether to adopt AI, but how 

to ensure employees can strategically and efficiently leverage AI tools to improve work performance meaningfully. This 

issue spans multiple dimensions, from employees’ performance expectancy regarding AI’s tangible value to their mastery 

of operations and application contexts, and their perceived behavioral control. It also involves whether organizations 

provide sufficient resources, training, and institutional support, and whether team culture and social influence foster 

learning and knowledge sharing. This study integrates Social Cognitive Theory and Expectation-Confirmation Theory to 

elucidate the critical roles of performance expectancy and perceived behavioral control in the AI adoption process and to 

examine how organizational support and social influence affect AI usage performance through these psychological 

mechanisms. In addition, we assess the moderating effect of creative self-efficacy on AI adoption. Using survey data from 

392 technology-sector employees, we conduct an empirical analysis using structural equation modeling. The results 

indicate that social influence has a greater impact than organizational support. Performance expectancy is the key mediating 

variable through which AI use enhances work performance. Moreover, creative self-efficacy amplifies the positive effects 

of managerial support and social influence on performance expectancy and perceived behavioral control. These findings 

deepen the theoretical foundation of AI adoption and provide practical guidance for enterprises seeking to improve 

organizational performance and employee productivity through AI technology. 

Keywords: Artificial Intelligence; Performance Expectation; Self-Efficacy; Creativity; Structural Equation Modeling. 

 

1. Introduction 

With accelerating digitalization, artificial intelligence (AI) has become a critical driver of competitive advantage for 

firms [1]. Given AI’s substantial potential, adoption is no longer discretionary but a top strategic priority for sustaining 

competitiveness. A growing body of research shows that AI can enhance employee efficiency and performance [2], 

thereby supporting organizational sustainability [3]. These developments underscore the importance of AI usage as a 

core research topic in sustainable business operations. As AI technologies permeate diverse industries, the focal 

challenge for enterprises has shifted from deciding to adopt AI to enabling employees to deploy AI strategically and 

efficiently for measurable performance gains. This challenge is multidimensional, encompassing employees’ 

performance expectancy regarding AI’s tangible value, their operational fluency and context-specific application 

capabilities, and their perceived behavioral control. It also depends on whether organizations provide adequate resources, 

training, and institutional support, and whether team culture and social influence cultivate continuous learning and 

knowledge sharing. 
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This highlights the importance of AI technology usage as a research topic in sustainable business operations. Social 

Cognitive Theory (SCT) emphasizes the reciprocal influence between individuals, environments, and behaviors [4]. 

Within SCT, perceived behavioral control reflects an individual’s evaluation of their capability and the availability of 

resources to use technology [5]. It impacts IT adoption behavior more than self-efficacy [6]. Beyond SCT, Expectation-

Confirmation Theory (ECT) also emphasizes the importance of performance expectations, noting that when the 

experience of technology meets or exceeds expectations, satisfaction and performance increase [7-8]. 

As AI technologies are products of recent technological advances, employees’ creative self-efficacy affects their 

motivation and behavior toward AI applications, further driving innovative use [9-10]. This enables employees to explore 

AI technologies and actively enhance work efficiency [11]. Previous research on information technology has mainly 

focused on frameworks such as TAM and UTAUT, emphasizing users’ intentions to adopt [12], but has overlooked 

changes in job performance following AI adoption. This study combines SCT and ECT to examine the mediating roles 

of performance expectation and perceived behavioral control in the relationship between organizational support, social 

influence, and employees’ AI technology use performance in the technology industry, and to explore the moderating 

effect of creative self-efficacy. This fills a research gap by linking AI technology adoption to actual performance 

outcomes. Beyond advancing research from technology acceptance to usage outcomes, this integration of SCT and ECT 

offers a more theoretical understanding of how AI technology usage translates into improved performance. This research 

provides practical guidance for companies seeking to enhance employee performance and achieve sustainable 

development through AI technologies. 

This study integrates Social Cognitive Theory and Expectation-Confirmation Theory to conduct a questionnaire 

survey of 392 technology industry employees. It employs structural equation modeling to examine the critical roles of 

performance expectations and perceived behavioral control in AI technology adoption. The study examines how 

organizational support and social influence impact AI usage performance through psychological mechanisms and 

investigates the moderating effect of creative self-efficacy. The research findings reveal that social influence is more 

important than organizational support; performance expectation serves as a key mediating factor in the impact of AI 

technology use on performance; and creative self-efficacy can enhance the effects of managerial support and social 

influence on performance expectation and perceived behavioral control. These research results deepen the theoretical 

foundation for AI technology adoption and provide practical recommendations for enterprises to promote AI application 

adoption among employees. 

This study consists of five parts. Section 2 presents a literature review exploring the critical drivers of AI usage 

performance, grounded in the theoretical foundations of performance expectations and perceived behavioral control. 

Section 3 constructs an evaluation framework for AI usage performance in the technology industry. Section 4 employs 

Structural Equation Modeling (SEM) to validate the effectiveness of the AI usage performance evaluation framework 

developed in this study in the technology industry. Finally, Section 5 provides relevant recommendations and practical 

application strategies based on the research findings. 

2. Literature Reviews 

2.1. Performance Expectation 

Expectation-Confirmation Theory (ECT) posits that individuals compare their initial expectations of a technology’s 

outcomes with their experience; when the experience meets or exceeds expectations, positive confirmation occurs, 

increasing satisfaction and the intention to continue using the technology [13]. These expectations thus serve as a crucial 

baseline for the subsequent confirmation process [14], guiding employees in assessing the effectiveness of AI. If AI 

technology performs as expected or better, satisfaction, continued use, and performance are enhanced; conversely, 

negative confirmation lowers the intention to continue if benefits fall short. Therefore, performance expectations bridge 

the “expectation” and “confirmation” stages in ECT, reinforcing its theoretical value for technology adoption and 

performance improvement [15]. 

2.1.1. The Impact of Organizational Support on Performance Expectation 

Organizational support refers to the resources and assistance management provides to help employees achieve their 

work goals [16]. It includes technical support (such as training, expert guidance, and problem-solving mechanisms) and 

infrastructure support (including IT equipment, network systems, and technical resources), which ensures the smooth 

implementation of technologies [17]. Some studies indicate that when employees perceive organizational support, they 

form positive performance expectations and show higher engagement [18]. According to ECT, organizational support 

enhances expectations for AI applications, further promoting technology adoption [15]. This study, therefore, proposes 

the following hypothesis:     

H1: Organizational support has a positive impact on performance expectations. 
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2.1.2. The Impact of Social Influence on Performance Expectation 

Social influence refers to the perceived expectations of significant others regarding the use of technology [19]. It is 

similar to the subjective norm in the Theory of Planned Behavior (TPB) and reflects pressure from supervisors, peers, 

or the organization [20]. According to ECT, social influence shapes individuals’ performance expectations regarding 

technology use, thereby affecting their satisfaction and intention to continue using it [21]. Through mechanisms such as 

observational learning and social comparison, positive evaluations and successful experiences of significant others—

such as managers and peers—can enhance employees’ positive performance expectations regarding AI applications [22-

23]. Therefore, social influence strengthens performance expectations, and this study proposes the following hypothesis:   

H2: Social influence has a positive impact on performance expectations. 

2.2. Perceived Behavioral Control 

Social Cognitive Theory (SCT), proposed by Bandura [4], asserts that an individual’s behavior is influenced not only 

by personal cognition but also by environmental factors (such as organizational expectations and social influence), which 

together determine behavioral outcomes. Perceived behavioral control represents an individual’s assessment of the ease 

or difficulty of performing a behavior, shaped by both internal factors (such as knowledge and skills) and external factors 

(like resources and opportunities), ultimately influencing behavioral intentions and actual performance [5]. The 

researchers also found that when people feel they possess sufficient capability and resources, they are more likely to 

adopt new technologies proactively [24]. By investigating how perceived behavioral control influences technology use, 

this study examines its mediating role in the relationships among organizational support, social influence, and AI 

adoption behavior. It provides theoretical and practical insights for businesses aiming to implement AI technology. 

2.2.1. The Impact of Organizational Support on Perceived Behavioral Control 

Some study notes that perceived behavioral control derives from the availability of technical equipment, human 

resources, and organizational conditions [5]. When em-ployees believe their organization provides sufficient resources 

and technical support, their sense of control over technology increases; conversely, resource scarcity reduces their 

willingness to adopt technology [25]. Well-developed AI infrastructure can reduce resistance, increase familiarity and 

operational skills, and optimize job performance [26]. Furthermore, ongoing training and educational programs help 

employees overcome learning barriers, strengthening their understanding and ability to apply technology [27]. 

Employees facing new technologies gain greater confidence and resources through these organizational support 

initiatives, further enhancing their perceived behavioral control. This leads to the following hypothesis: 

H3: Organizational support has a positive impact on perceived behavioral control. 

2.2.2. The Impact of Social Influence on Perceived Behavioral Control 

Drawing on Social Cognitive Theory (SCT), this study highlights the vital role that peer support and collaboration 

play in shaping employees’ adoption of AI systems. When colleagues share technical expertise and provide assistance, 

employees’ sense of competence with AI is enhanced. This supportive atmosphere helps increase employees’ confidence 

in working with AI and strengthens their belief in their ability to complete job tasks using this technology [25]. In 

essence, when coworkers are willing to offer technical help, employees become more confident in their ability to use AI 

tools effectively to meet work goals, thereby improving their perceived behavioral control. Accordingly, this study puts 

forward the following hypothesis: 

H4: Social influence has a positive impact on perceived behavioral control. 

2.3. AI Usage Performances   

AI usage performance refers to the impact of AI technologies on employees' job performance after their introduction 

and application [28]. This includes fulfilling job responsibilities, complying with organizational standards, and 

enhancing organizational value [29]. Furthermore, performance expectation and perceived behavioral control are also 

critical influencing factors. Performance expectation refers to employees' anticipation that AI will enhance their 

performance [30], which influences their willingness and engagement in using AI [14]. 

2.3.1. The Impact of Performance Expectations on AI Usage Performance   

Some studies suggest that individuals' performance with technological tools is primarily influenced by their 

expectations [31]. Compared with external feedback (such as social recognition or material rewards), employees' self-

assessed performance expectations may significantly impact their behavior [32]. When employees believe that using AI 

will lead to personal growth and satisfaction, their motivation to learn and engage increases, thereby promoting the 

effective implementation of AI. Additionally, some studies suggest that performance expectations reflect beliefs about 

the connection between actions and outcomes [33]. Employees must believe their actions will result in positive outcomes 
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before committing themselves [34]. When employees expect AI to directly enhance work efficiency and results, their 

motivation and behavior in using AI are further strengthened [35]. This study proposes the following hypothesis based 

on the previous current studies:   

H5: Performance expectation has a positive impact on AI usage performance. 

2.3.2. The Impact of Perceived Behavioral Control on AI Usage Performance   

Some studies identify that when individuals perceive the availability of resources and abilities, their behavioral 

intentions are significantly strengthened [6]. The researchers propose that perceived behavioral control can effectively 

enhance employees' self-efficacy, so when employees believe they possess sufficient skills and resources to operate AI 

technologies, they are more likely to proactively explore and learn the functions of AI tools, leading to more effective 

application of AI to solve complex work problems [36]. Furthermore, research by [37] has confirmed that increasing 

perceived behavioral control can effectively reduce employees' anxiety and resistance to new technologies. When 

employees feel a strong sense of power, they focus on the practical use of AI technology rather than worrying about 

potential failures, which further promotes improvements in work efficiency and performance. Therefore, this study 

hypothesizes:   

H6: Perceived behavioral control has a positive impact on AI usage performance. 

2.3.3. The Impact of Organizational Support on AI Usage Performance   

Suppose an organization applies principles of social cognitive theory (SCT) to create a supportive culture and a 

psychologically safe environment. In that case, it can help reduce employees' resistance to new technologies while 

increasing their acceptance and willingness to use artificial intelligence tools. In this context, employees are motivated 

to engage in technological innovation and its application [38]. When the organizational environment encourages 

experimentation and supports innovation, employees become more active in learning and testing AI technologies, which 

in turn can enhance their work performance. In addition, leaders who serve as role models and actively promote the 

benefits of new technologies provide employees with clear examples of behavior, thereby increasing confidence and 

motivation [39]. This type of leadership helps reduce employees' uncertainty about technology and encourages them to 

participate in learning and applying AI, thereby improving the effectiveness of their use. Based on these perspectives, 

the following hypothesis is proposed. 

H7: Organizational support positively impacts AI usage performance. 

2.3.4. The Impact of Social Influence on AI Usage Performance   

In the workplace, when employees observe colleagues actively using AI technologies to improve efficiency and 

reduce errors, these observations, from an SCT perspective, not only provide behavioral references but also stimulate 

the willingness to learn and apply such technologies [31]. Peer interaction and technology-enabled experience sharing 

further strengthen the learning process and improve AI performance. Additionally, when employees witness others 

achieving positive outcomes and organizational recognition through AI applications, it enhances their performance 

expectations and motivation to learn [40]. Through a positive cycle of social influence, employees become more 

proactive in applying AI technology, leading to improved job performance and efficiency. Therefore, this study proposes 

the following hypothesis:        

H8: Social influence has a positive impact on AI usage performance. 

2.4. AI Usage Performances-Performance Expectation as a Mediating Role   

Organizational support can strengthen employees' perceived positive relationship between effort and outcomes, 

increasing their engagement [41]. Moreover, an innovation-friendly organizational climate enhances performance 

expectations and provides necessary resources, making employees more willing to participate in innovative activities 

[18]. Within the Expectation-Confirmation Theory (ECT), the use of technological tools (such as AI) depends on 

employees' performance expectations [14]. Performance expectations reflect employees' beliefs about the outcomes of 

their actions, influencing work behavior and innovation performance [42]. The researchers noted that employees must 

believe their actions are related to actual outcomes to invest proactively in innovation and, through performance 

expectation, promote the adoption of technology and improvement in performance [31]. Combining the perspectives of 

SCT and ECT, this study argues that performance expectation is the key mechanism through which organizational 

support influences AI usage performance, and thus proposes the following hypothesis:    

H9: Organizational support enhances employees' AI usage performance by mediating performance expectations. 

From the perspective of performance expectation, employees reinforce their beliefs in AI's ability to improve job 

performance through observational learning [43]. When organizations widely adopt AI and achieve positive results, 

employees deepen their expectations for AI's performance through imitation learning. In addition, AI symbolizes 
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modernization and innovation; the successful use of AI can enhance an employee's image and standing within the 

organization and reduce anxiety about its usage [23]. According to ECT, the usage performance of technological tools 

is highly influenced by performance expectations [31]. If employees believe that AI can promote personal growth and 

satisfaction, they will be more motivated to apply it, thereby improving their job performance. Therefore, this study 

proposes the following hypothesis:         

H10: Social influence enhances employees' AI usage performance by mediating performance expectations. 

2.5. Perceived Behavioral Control as a Mediating Role 

The strength of organizational resources and support directly impacts employees' perceived behavioral control. 

Santoso (2021) notes that this perception originates from beliefs about the availability of resources and opportunities 

[5]. If employees believe their organization provides sufficient resources and technical support, their sense of control 

over their actions will increase, strengthening their intention to adopt new technologies [25]. This study posits that well-

developed technical equipment and training mechanisms can improve employees' acceptance and application of AI, 

reduce resistance, and enhance operational skills, ultimately optimizing work performance [44]. Continuous education 

and training help employees overcome learning challenges, increasing their understanding and application of AI 

technology [27]. Therefore, when employees believe they possess sufficient skills and resources to operate AI 

technology, they will learn and apply it more actively, reducing anxiety and resistance [45] and improving work 

efficiency and performance. Based on this, the study suggests that perceived behavioral control positively affects AI 

usage performance. In summary, organizational support strengthens employees' perceived behavioral control, thereby 

improving AI usage performance. The following hypothesis is proposed: 

H11: Organizational support enhances employees' AI usage performance by mediating perceived behavioral 

control. 

Social Cognitive Theory (SCT) emphasizes the interaction between the environment and individual behavior. 

Especially in the adoption of technology, peer support and collaboration can significantly influence employees' 

behavioral intentions and actual behaviors [46]. The sharing of technical knowledge and operational experience among 

colleagues not only improves employees' familiarity with AI tools but also boosts their confidence in applying AI to 

work tasks [47], thereby creating a supportive environment in which resources are accessible and perceived behavioral 

control is enhanced. According to ECT, employees will increase their willingness and performance to use AI when they 

believe they have sufficient skills and resources. Perceived behavioral control can reduce anxiety and resistance to new 

technologies [45], promote focus and application, and improve job performance. Therefore, social influence directly 

enhances AI adoption and promotes AI usage performance by strengthening perceived behavioral control. On this basis, 

the study proposes the following hypothesis: 

H12: Social influence enhances employees' AI usage performance by mediating perceived behavioral control. 

2.6. Creative Self-Efficacy as a Moderating Role 

Creative self-efficacy (CSE) is an extension of Self-Efficacy Theory, referring to an individual's belief in their 

innovative abilities [9]. Organizational support can help employees adapt to new technologies and raise performance 

expectations; however, its effectiveness depends partly on CSE [10]. Employees with higher CSE are better able to 

transform organizational resources into innovative outcomes, thereby strengthening performance expectations [39]. 

Therefore, CSE is expected to enhance the positive effect of organizational support on performance expectations. Based 

on SET, this study proposes the following hypothesis: 

H13: Creative self-efficacy strengthens the positive effect of organizational support on performance expectations. 

Employees with high CSE are more effective at transforming social influence into personal innovation motivation, 

whereas those with low CSE may rely more heavily on external opinions [48]. Social influence also affects employees' 

performance expectations regarding new technologies [49]. When colleagues and supervisors advocate AI technology, 

employees are more likely to believe AI can improve work performance. Therefore, CSE is expected to enhance the 

positive relationship between social influence and performance expectations. 

H14: Creative self-efficacy strengthens the positive effect of social influence on performance expectation. 

Perceived behavioral control refers to an individual's perception of their ability to perform a specific behavior, 

affecting their behavioral intention and actual behavior [5]. When organizations provide sufficient resources and training, 

employees can better master AI technologies [50]. However, the enhancement of perceived control is also in-fluenced 

by creative self-efficacy [25]. Employees with high CSE can transform organizational support into improved capabilities, 

enhancing perceived behavioral control. Therefore, CSE is expected to strengthen the positive effect of organizational 

support on perceived behavioral control. 

H15: Creative self-efficacy strengthens the positive effect of organizational support on perceived behavioral control. 
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Social influence affects employees' performance expectations for AI technology, as well as their confidence and 

sense of control [49]. When employees observe the successful application of AI technology and receive positive support 

from peers and leaders, their sense of mastery over AI increases. However, employees with high CSE are more able to 

internalize social influence, thereby enhancing their perceived behavioral control. Therefore, CSE is expected to 

strengthen the positive effect of social influence on perceived behavioral contro,l as shown in Figure 1. 

H16: Creative self-efficacy strengthens the positive effect of social influence on perceived behavioral control.  

 

Figure 1. Research framework 

3. Research Design and Methodology  

3.1. Research Subjects 

This study focused on software engineers, as AI has increasingly assisted them in debugging and programming, 

significantly impacting their work. Data were collected via an online questionnaire distributed through the HR 

departments of relevant companies. A total of 420 questionnaires were returned. After excluding 28 invalid responses 

due to high answer consistency or excessively short completion times, 392 valid responses remained. Among the 

respondents, females comprised the most significant proportion, with 206 individuals (52.6%). The largest age group 

was 30-39, accounting for 166 people (42.3%). For educational background, most had a university or college degree, 

totaling 298 people (76.0%). As for marital status, the number of unmarried and married respondents was equal, each at 

196 (50.0%). Regarding years of experience, the largest group was those with over 10 years, comprising 166 people 

(42.3%). Most held general staff positions, totaling 275 people (70.2%). In terms of company size, the most significant 

number of people worked at companies with fewer than 50 employees, totaling 157 individuals (40.1%). 

3.2. Variables and Measurement   

This study examined the effects of organizational support and social influence on employees' performance in using 

AI. The questionnaire consisted of seven sections: the first collected demographic information, while sections two to 

seven used a seven-point Likert scale (1 = strongly disagree, 7 = strongly agree). The scales were adapted from existing 

literature, initially in English, and translated using the back-translation method to ensure semantic equivalence [51]. Step 

1 covered demographics, including gender, age, and education. Step 2 measured organizational support using the scale 

[52]. Step 3 measured social influence using the [53] scale. Step 4 measured performance expectations; using the scale 

from [54], Step 5 measured perceived behavioral control, using the scale from [6]. Step 6 measured AI usage 

performance using the scale [55]. Step 7 measured creative self-efficacy using the scale [56].   

3.3. Research Methodology 

The collected respondent data were analyzed using structural equation modeling (SEM), with AMOS used to verify 

the relationships among the research variables. The data processing first conducted confirmatory factor analysis (CFA) 

to examine the reliability and validity of each construct’s scales. Subsequently, path analysis based on SEM was 

performed to evaluate the direct effects of the research hypotheses. For the mediation analysis, the bootstrap method 

recommended by Hayes [57] was adopted, with 5,000 re-samples to estimate the indirect effects of the mediating 

relationships among the structural paths. In addition, for the moderation analysis, beyond applying the approach 

suggested by Ping [58] to assess the moderating role of innovation self-efficacy, the model also incorporated 

corresponding interaction terms and significance tests to ensure the statistical interpretability of the moderating effects 

and the robustness of the study’s conclusions. 
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4. Results 

4.1. Convergent Validity   

Confirmatory factor analysis (CFA) was conducted to evaluate the structural reliability and validity of the 
measurement model, followed by an analysis of the structural model's path effects [59]. As shown in Table 1, the 
standardized factor loadings for all items ranged from 0.663 to 0.935, exceeding the recommended threshold of 0.6 [60]. 

The composite reliability values ranged from 0.819 to 0.905, all exceeding the 0.7 benchmark, confirming an acceptable 
level of internal consistency [61]. In addition, Cronbach's α values ranged from 0.873 to 0.908, exceeding the 0.7 
criterion and indicating strong reliability of the questionnaire [62]. The average variance extracted (AVE) for each 
variable ranged from 0.576 to 0.697, all above the minimum requirement of 0.5, providing evidence of satisfactory 
convergent validity for all variables [60, 63] as shown in Table 1. 

Table 1. The Convergent validity of proposed model 

Variables Indicators Mean 
Standard 

deviation 

Standardized 

factor loading 

Component 

reliability (CR) 

Average variance 

extracted (AVE) 

OSUP OSUP01 4.946 1.311 0.820 

0.887 0.664 
OSUP OSUP02 5.082 1.355 0.867 

OSUP OSUP03 5.033 1.395 0.843 

OSUP OSUP04 4.793 1.497 0.722 

SOIN SOIN01 4.906 1.355 0.680 

0.877 0.588 

SOIN SOIN02 4.832 1.380 0.715 

SOIN SOIN03 4.931 1.351 0.798 

SOIN SOIN04 5.005 1.340 0.806 

SOIN SOIN05 5.038 1.307 0.825 

PEXP PEXP01 5.288 1.178 0.700 

0.873 0.579 

PEXP PEXP02 5.446 1.170 0.800 

PEXP PEXP03 5.411 1.204 0.745 

PEXP PEXP04 5.362 1.125 0.819 

PEXP PEXP05 5.378 1.160 0.734 

IPEX IPEX01 5.043 1.191 0.752 

0.871 0.576 

IPEX IPEX02 5.156 1.269 0.698 

IPEX IPEX03 4.890 1.305 0.786 

IPEX IPEX04 4.663 1.394 0.776 

IPEX IPEX05 4.668 1.290 0.779 

PCBC PCBC01 5.138 1.216 0.663 

0.876 0.587 

PCBC PCBC02 5.064 1.224 0.746 

PCBC PCBC03 5.138 1.189 0.818 

PCBC PCBC04 5.151 1.235 0.804 

PCBC PCBC05 5.224 1.216 0.790 

AIEP AIEP01 5.224 1.178 0.765 

0.905 0.655 

AIEP AIEP02 5.194 1.308 0.806 

AIEP AIEP03 5.204 1.230 0.841 

AIEP AIEP04 5.168 1.306 0.823 

AIEP AIEP05 5.194 1.271 0.811 

REXP PEXP 5.377 0.948 0.935 
0.819 0.697 

REXP IPEX 4.884 1.047 0.721 

Note: Organizational support (OSUP), Social influence (SOIN), Performance expectation (REXP), Perceived behavioral control (PCBC), and 

AI usage performance (AIEP). 

4.2. Discriminant Validity   

This study examined discriminant validity using the AVE method. According to Fornell & Larcker [60], the square 
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root of the AVE for each construct should be greater than the correlation coefficients between the construct and any 

other construct, which indicates that the constructs have adequate discriminant validity. In this study, the square roots of 

the AVE for each variable (shown in bold) ranged from 0.767 to 0.835. As shown in Table 2, the bold numbers along 

the diagonal are all greater than the corresponding off-diagonal values, indicating that all variables exhibit good 

discriminant validity [60]. 

Table 2. AVE & discriminant validity analysis 

 AVE OSUP SOIN REXP PCBC AIEP 

OSUP 0.664 0.815     

SOIN 0.588 0.436 0.767    

REXP 0.697 0.559 0.532 0.835   

PCBC 0.587 0.461 0.472 0.724 0.766  

AIEP 0.655 0.615 0.551 0.750 0.694 0.809 

Note: Organizational support (OSUP), Social influence (SOIN), Performance expectation (REXP), Perceived behavioral 

control (PCBC), and AI usage performance (AIEP) 

4.3. Model Fit   

This study used the Bollen-Stine p correction to assess and adjust model fit. All fit indices met the recommended 

standards for SEM analysis: the normed chi-square (χ2/df) was 1.543; GFI, AGFI, TLI, and CFI ranged from 0.917 to 

0.972; RMSEA and SRMR were 0.037 and 0.078, respectively. These results indicate a good model fit, as shown in 

Table 3. 

Table 3. Goodness of fit measurement of the proposed model 

Model fit Criteria 
Model fit of 

research model 

Bollen-Stine 

Model fit 

MLχ2 The small the better 968.253 564.658 

df The large the better 366 366 

Normed Chi-sqr (χ2/df) 1<χ2/df<3 2.645 1.543 

GFI >=0.9 0.852 0.925 

AGFI >=0.9 0.824 0.917 

RMSEA <=0.08 0.065 0.037 

SRMR <=0.08 0.078 0.078 

TLI (NNFI) >=0.9 0.906 0.969 

CFI >=0.9 0.915 0.972 

4.4. Path Analysis   

Organizational support (OSUP) (b=0.297, p<0.001) and social influence (SOIN) (b=0.312, p<0.001) both have 

significant effects on performance expectation (REXP), jointly explaining 44.5% of the variance in performance 

expectation, thus supporting Hypotheses 1 and 2, as shown in Table 4. At the same time, organizational support (OSUP) 

(b = 0.247, p < 0.001) and social influence (SOIN) (b = 0.307, p < 0.001) both significantly affect perceived behavioral 

control (PCBC), accounting for 33.2% of its variance, thereby supporting Hypotheses 3 and 4. Organizational support 

(OSUP) (b=0.188, p<0.001), performance expectation (REXP) (b=0.411, p<0.001), perceived behavioral control 

(PCBC) (b=0.351, p<0.001). Social influence (SOIN) (b=0.117, p<0.05) significantly influences AI usage performance 

(AIEP), with these four variables together explaining 65.5% of the variance in AI usage performance, thus supporting 

Hypotheses 5 through 8 as shown in Figure 2. The path analysis shows that both organizational support and social 

influence have significant effects on performance expectancy and perceived behavioral control, consistent with SCT 

and ECT. When employees receive sufficient organizational resources and managerial encouragement, their confidence 

in and positive expectations toward AI technologies increase, thereby promoting proactive technology adoption. 

Meanwhile, the effect of social influence is slightly more substantial than that of organizational support, suggesting that 

peers’ and supervisors’ attitudes play a more critical role in shaping employees’ attitudes toward AI. This aligns with 

the theoretical foundation of SCT's observational learning. 
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Table 4. The result of path analysis 

Dependent 

Variable 

Independent 

Variable 

Unstandardized regression 

coefficient (B) 
p-value 

Standardized Regression 

Coefficient (β) 

Explained 

Variance 

REXP 
OSUP 0.297 p＜0.001 0.414 

0.445 
SOIN 0.312 p＜0.001 0.373 

PCBC 
OSUP 0.247 p＜0.001 0.329 

0.332 
SOIN 0.307 p＜0.001 0.350 

AIEP 

OSUP 0.188 p＜0.001 0.227 

0.655 
SOIN 0.117 0.026 0.122 

REXP 0.411 p＜0.001 0.357 

PCBC 0.351 p＜0.001 0.318 

Note: Organizational support (OSUP), Social influence (SOIN), Performance expectation (REXP), Perceived behavioral control (PCBC), and AI 

usage performance (AIEP). 

 

Figure 2. The model diagram based on SEM approach 

4.5. Mediating Effects 

The bootstrap procedure is a commonly used method for testing the indirect effects of mediating variables. Compared 

with the causal steps approach and the product-of-coefficients method, the bootstrap method offers greater statistical 

power [61-64]. As shown in Table 5, the confidence intervals for the specific indirect effects do not include zero, 

indicating the presence of mediating effects. The mediating effect results reveal the following pathways: organizational 

support (OSUP) → performance expectation (REXP) → AI usage performance (AIEP) (C.I. [0.006, 0.376]); 

organizational support (OSUP) → perceived behavioral control (PCBC)→AI usage performance (AIEP) (C.I. [0.020, 

0.210]); social influence (SOIN)→performance expectation (REXP)→AI usage performance (AIEP) (C.I. [0.010, 

0.412]); and social influence (SOIN)→perceived behavioral control (PCBC)→AI usage performance (AIEP) (C.I. 

[0.016, 0.270]). These results support hypotheses H9-H12. The mediation analysis reveals that the mediating effect of 

social influence is more potent than that of organizational support, indicating that peer culture and leadership modeling 

have a more substantial motivational impact on employees’ psychological mechanisms. This result further suggests that 

observing others successfully apply AI strengthens employees' performance expectancy and sense of control, thereby 

improving behavioral performance. 
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Table 5. The mediation analysis of proposed model 

Effect 
Point 

Estimate 

Bootstrap 1000 times 

Bias-corrected 95% 

Lower bound Upper bound 

Total effect    

OSUP →AIEP 0.396 0.177 0.589 

Indirect effect    

OSUP→REXP→AIEP 0.122 0.006 0.376 

OSUP →PCBC→AIEP 0.087 0.020 0.210 

Direct effect    

OSUP→AIEP 0.188 -0.035 0.437 

Total effect    

SOIN →AIEP 0.354 0.122 0.643 

Indirect effect    

SOIN →REXP →AIEP 0.129 0.010 0.412 

SOIN→ PCBC→AIEP 0.108 0.016 0.270 

Direct effect    

SOIN→AIEP 0.117 -0.159 0.472 

Note: Organizational support (OSUP), Social influence (SOIN), Performance expectation 

(REXP), Perceived behavioral control (PCBC), and AI usage performance (AIEP) 

4.6. Moderating Effects Analysis 

In the model of this study (see Figure 1), ISES serves as the moderating variable. As shown in Table 6, the moderating 

effect of OSUP*ISES on REXP is 0.072 (z = |2.660| > 1.96, p = 0.008 < 0.01), indicating a significant moderating effect. 

The moderating effect of OSUP*ISES on PCBC is 0.110 (z = |4.000|, p < 0.001), indicating a significant impact. The 

moderating effect of SOIN*ISES on REXP is 0.098 (z = |3.649|, p < 0.001), indicating a significant impact. However, 

the moderating effect of SOIN*ISES on PCBC is -0.024 (z = |-0.881| < 1.96, p = 0.378 > 0.05), indicating that it is 

insignificant. Among the four moderation hypotheses, Hypotheses 13-15 are supported, while Hypothesis 16 is not 

supported. The moderation analysis finds that creative self-efficacy strengthens the positive relationships of 

organizational support and social influence with performance expectancy and perceived behavioral control, indicating 

that employees with higher innovation confidence are better able to internalize external resources into motivation for 

learning and action. This result also suggests that during AI implementation, individual psychological traits play a key 

role in both technology acceptance and translating acceptance into performance. 

Table 6. The analysis of moderating effects analysis  

DV IV Estimate S.E. z -value p-value 

REXP OSUP 0.215 0.048 4.518 p＜0.001 

PCBC OSUP 0.214 0.048 4.439 p＜0.001 

REXP SOIN 0.286 0.045 6.283 p＜0.001 

PCBC SOIN 0.153 0.046 3.307 p＜0.001 

REXP CSE 0.319 0.048 6.585 p＜0.001 

PCBC CSE 0.402 0.049 8.176 p＜0.001 

AIEP REXP 0.380 0.043 8.938 p＜0.001 

AIEP PCBC 0.443 0.043 10.416 p＜0.001 

REXP OSUP* CSE 0.072 0.027 2.660 0.008 

PCBC OSUP* CSE 0.110 0.028 4.000 p＜0.001 

REXP SOIN* CSE 0.098 0.027 3.649 p＜0.001 

PCBC SOIN* CSE -0.024 0.027 -0.881 0.378 

Note: Organizational support (OSUP), Social influence (SOIN), Performance expectation (REXP), Perceived behavioral 

control (PCBC), AI usage performance (AIEP), Creative self-efficacy (CSE). 

In this study, participants with scores within one standard deviation (SD) above the mean were classified as the high 
group. In comparison, those with scores within one standard deviation below the mean were classified as the low group. 
As shown in Figure 3, when creative self-efficacy is high, the effect of organizational support on performance 
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expectations is more pronounced (β = 0.574, p < 0.05), indicating that increased organizational support is associated 
with a significant increase in performance expectations among those with high creative self-efficacy. Conversely, when 
creative self-efficacy is low, the effect of organizational support on performance expectation is more moderate (β = 

0.286, p < 0.05). Similarly, as shown in Figure 4, when creative self-efficacy is high, the effect of social influence on 
performance expectation is more substantial (β = 0.768, p < 0.05), indicating that greater social influence significantly 
increases performance expectations among those with high creative self-efficacy. When creative self-efficacy is low, the 
effect of social influence on performance expectations is weaker (β = 0.376, p < 0.05). As shown in Figure 5, when 
creative self-efficacy is high, the effect of organizational support on perceived behavioral control is also more substantial 
(β = 0.648, p < 0.05), indicating that increased organizational support significantly enhances perceived behavioral control 

for those with high creative self-efficacy. Conversely, when creative self-efficacy is low, the effect of organizational 
support on perceived behavioral control is more moderate (β = 0.208, p < 0.05). 

 

Figure 3. The moderating effect of creative self-efficacy on the relationship between organizational support and 

performance expectation 

 

Figure 4. The moderating effect of creative self-efficacy on the relationship between social influence and performance expectation 

 

Figure 5. The moderating effect of creative self-efficacy on the relationship between organizational support and perceived 

behavioral control 
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As shown in Table 6, the moderating effect of OSUP*ISES on REXP is 0.072, the moderating effect of OSUP*ISES 

on PCBC is 0.110, and the moderating effect of SOIN*ISES on REXP is 0.098. A comparison of the three significant 

interaction effects reveals that all three have a positive impact on the dependent variables, as illustrated in the bar charts. 

This indicates that, under certain conditions, core self-evaluation (CSE) has a significant positive moderating effect on 

the relationships between organizational support (OSUP) and social influence (SOIN) with the respective outcome 

variables, as shown in Figure 6. 

0.072

0.110

0.098

0.00

0.02

0.04

0.06

0.08

0.10

0.12

OSUP* CSE OSUP* CSE SOIN* CSE
 

Figure 6. The moderating effect of creative self-efficacy 

5. Discussion  

This study explored the factors influencing AI usage performance, confirmed the mediating role of performance 

expectations in the relationship between organizational support and social influence, and found that social influence 

improves employees' perceived behavioral control more than organizational support, thereby supporting the applicability 

of Social Cognitive Theory (SCT). In addition, creative self-efficacy (CSE) can enhance the impact of managerial 

support and social influence on technology applications, suggesting that organizations should consider not only technical 

support and social influence but also employees' innovative beliefs when promoting AI adoption. The research deepens 

the understanding of how AI adoption affects work performance and provides theoretical and practical references for 

enterprises aiming to improve employee performance for sustainable development. Future research can further 

investigate the long-term effects, cross-industry applicability, and mechanisms of influence of different AI technologies. 

1) Organizational support, social influence, performance expectation, and perceived behavioral control each 

have a significant positive impact on AI usage performance   

This study found that the factors influencing AI usage performance include performance expectation, perceived 

behavioral control (PBC), organizational support, and social influence. The order of influence on AI usage performance 

is performance expectation, PBC, managerial support, and social influence. Results indicate that performance 

expectation has the most significant effect on AI usage performance. Employees with high-performance expectations 

for AI are more likely to engage with it and achieve better application outcomes, which aligns with the Expectation-

Confirmation Theory (ECT) perspective [41]. Additionally, PBC has a significant positive effect, reflecting employees' 

beliefs in their ability to control AI technology; when resources and skills are sufficient, usage performance improves. 

Organizational support also has a positive effect: ample resources, training, and technical support contribute to better 

technology application outcomes, consistent with previous research on information systems [27, 65]. Although social 

influence has a relatively lower impact, it remains statistically significant, indicating that colleagues, supervisors, and 

organizational culture all affect AI application, which supports the social influence theory viewpoint [47]. 

2) The mediating effect of performance expectation validates the importance of ECT   

The study validates a core ECT hypothesis by showing that performance expectation plays a key mediating role in 

the relationship between organizational support/social influence and AI usage performance. When companies provide 

technical training, resources, and management encouragement, or when colleagues and supervisors influence employees, 

performance expectations are significantly enhanced, promoting AI usage performance [66]. According to ECT, 

technology use behavior is driven by performance expectations and adjusts according to usage experience and the support 

environment. When those expectations are confirmed, usage behavior and performance continue to improve. This study 

also verifies the applicability of SCT in technology adoption, identifying perceived behavioral control as a secondary 

mediator. However, compared to performance expectations, the mediating effect of PBC is weaker, indicating that in the 

early stages of adoption, employee behavior is mainly driven by performance expectations rather than confidence in 
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their technical control. This study addresses the research gaps in Min [67] and Jemini Gashi et al. [68]. While Min’s 

work is limited to the context of educational reform, this study extends the mediating mechanism of outcome expectancy 

to AI application scenarios, confirming its cross-context applicability. Although Jemini Gashi et al. [68] noted that 

outcome expectancy increases with the accumulation of social support, their results were not significant; by contrast, 

under sustained organizational support, this study verifies a significant mediating effect, thereby strengthening the 

explanatory power of Social Cognitive Theory in research on behavioral performance.  

3) Antecedents of PBC validate the importance of SCT   

PBC reflects individuals' beliefs in their ability to perform actions and is influenced by external environmental 

support [9]. This study confirms that organizational support and social influence have a significant impact on PBC. 

When employees receive sufficient resources and social support, their sense of control over AI technology increases, 

thereby improving their performance. However, social influence exerts a more substantial effect on PBC than 

organizational support, suggesting that social environments shape employee behavioral beliefs more than organizational 

resources do. Organizational support improves technical skills through training, resources, and institutional guarantees, 

but has a negligible effect on PBC. This suggests that a sense of control over AI use relies more on daily social 

interactions and the learning environment [69]. In the rapidly developing context of AI, single-session training cannot 

continuously update knowledge; therefore, learning from peers and receiving real-time technical support are necessary 

to fill knowledge gaps, further confirming SCT's core idea that behavioral competency is influenced by social interaction 

and observational learning [43]. This study addresses the gaps in Oh et al. (2022) and Fawehinmi et al. (2024). In contrast 

to Oh et al., who focused on the inhibitory effect of ethical control on performance, this study finds that organizational 

support and social influence positively enhance perceived behavioral control (PBC), thereby promoting AI use 

performance. It also extends the mediation model of Fawehinmi et al. to the domain of green behavior, demonstrating 

that in technology application contexts, PBC can be directly translated into performance, thereby expanding its 

theoretical applicability [70, 71]. 

4) Creative self-efficacy as a moderator in the relationship between performance expectation and perceived 

behavioral control 

This study confirms that creative self-efficacy (CSE) moderates the relationship between organizational 

support/social influence and performance expectation/PBC, with partially significant effects. Grounded in SCT and self-

efficacy theory, CSE reflects an individual's belief in their creative abilities, which affects their initiative and adaptability 

in the application of technology [9]. The study finds that CSE significantly strengthens the effects of organizational 

support on performance expectation (H13) and PBC (H15), as well as social influence on performance expectation (H14). 

This demonstrates that CSE can enhance the impact of external environmental support on beliefs about the application 

of technology. Further analysis reveals that employees with high CSE are more effective at internalizing the technical 

resources and support provided by organizations [49]. Compared to those with lower CSE, they are quicker to convert 

training and resources into higher performance expectations and technical control, demonstrating stronger adaptability. 

Additionally, CSE enhances the effect of social influence on performance expectations, aligning with SCT's 

observational learning and role modeling effects [39]. Employees with high CSE learn more easily from successful 

examples, whereas those with low CSE may not convert observations into action due to a lack of confidence. However, 

CSE did not significantly moderate the effect of social influence on PBC (H16), indicating that a sense of technical 

control depends more on direct learning and operational experience than merely on social influence [47]. This may be 

related to PBC, which reflects confidence in the application of technology. Employees with high CSE rely more on their 

creative problem-solving ability than on peers or supervisors, leading to a non-significant moderating effect. 

5) Management strategies for enhancing performance expectations   

This study demonstrates that performance expectations have a significant impact on AI usage performance, 

suggesting that companies should prioritize strategies to enhance employees' expectations of AI outcomes. Companies 

can improve employees' expectations of AI benefits by using use cases, providing performance data and feedback, and 

sharing successes. For example, the construction of internal data analysis systems helps employees understand how AI 

improves productivity, reduces errors, and optimizes decision-making. Management should communicate the strategic 

value of artificial intelligence, emphasizing its contribution to individual performance and company competitiveness. 

Additionally, pilot projects that allow employees to experience the benefits of artificial intelligence personally can 

effectively reduce resistance and improve performance expectations. 

6) Strengthening the antecedents of PBC in management   

PBC is influenced by organizational support and social influence, and plays a crucial role in the adoption and 

application of technology. The study suggests that companies adopt multi-layered management measures to enhance 

PBC, ensuring resource availability and a supportive learning environment. Continuous training programs, online 
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learning platforms, and technical consultants can help employees overcome technical barriers. In addition, internal 

technical communities and mentorship programs can promote technology learning and exchange, allowing employees 

to strengthen their sense of control through observation and practice [25]. Organizations should also provide timely 

technical support, such as an AI expert team, to help employees promptly resolve technical issues and reduce uncertainty. 

6. Conclusions 

According to SCT, individuals' beliefs in their creativity influence their adaptability to and innovative application of 

new technologies. Companies can strengthen CSE by creating mechanisms to incentivize innovation, such as reward 

programs to encourage AI applications, or by organizing innovation challenges to promote inter-departmental 

collaboration. For example, fostering an innovation culture is essential by providing an open forum where employees 

can exchange ideas and receive feedback on new AI applications. Companies should ensure that their employees have 

sufficient time and resources to perform technical exploration and experimentation, thereby reducing the impact of 

workplace pressures on their innovation capacity. Organizations can improve employee CSE by driving digital 

transformation and innovation through these measures. In addition, this study aims to extend the application of the 

Expectation Confirmation Theory (ECT) from the consumer domain to the context of work behavior. In consumer 

settings, expectations primarily concern satisfaction with usage outcomes, whereas in workplace contexts, expectations 

focus on task efficiency, learning capability, and innovative performance. Although these two contexts differ, both are 

associated with outcome variables, indicating that ECT can be effectively extended to a broader range of application 

domains. 

Although this study identified essential factors influencing the adoption of AI technologies, several limitations should 

be considered. The use of a cross-sectional design limits the ability to track how technology adoption changes over time. 

Future studies may adopt a longitudinal approach to monitor employee attitudes toward AI as the technology develops, 

and to investigate how performance expectations and perceived behavioral control (PBC) roles change at different stages 

of adoption, thereby affecting use performance. Furthermore, since this research is primarily focused on the technology 

industry, future research may extend the analysis to other sectors to investigate whether industrial differences affect AI 

adoption. Additional research could also distinguish between AI technologies, such as machine learning and natural 

language processing, to better understand their specific impacts on performance expectations and PBC. It provides 

organizations with more precise recommendations for implementing AI solutions. Finally, future research may explore 

whether potential cultural factors moderate the relationships identified in this study. Moreover, cross-cultural 

comparisons could be conducted to determine whether these relationships remain consistent across different cultural 

contexts. 

This study further broadens the application scope of the Expectation-Confirmation Theory (ECT), extending it 

beyond the traditional consumer-use context into organizational work and behavioral settings. In consumer contexts, the 

gap between individuals’ initial expectations and subsequent usage experiences primarily influences their continuance 

intentions through “satisfaction.” By contrast, in workplace contexts, employees’ expectations are more directly oriented 

toward achieving task performance and work value, such as efficiency in task completion, the ability to learn new skills 

and tools, and the potential of technology to spur process innovation and improve outcomes. Although the mechanisms 

of expectation and confirmation operate differently across these two contexts, both fundamentally involve the generation 

and assessment of “outcome variables,” indicating that ECT possesses strong transferability and external applicability 

at the level of theoretical structure. Building on this, the present study uses employees’ adoption of artificial intelligence 

(AI) as an example to validate ECT’s explanatory power for adoption and continuance intentions in the workplace, 

thereby suggesting possibilities for cross-context theoretical integration. 

However, situational and cultural factors may moderate how employees perceive performance improvement, learning 

benefits, and innovation value, which in turn shape their evaluations of AI adoption and behavioral responses. The 

sample in this study consists primarily of employees in Taiwan. While this captures features of local organizational 

culture, management styles, and the maturity of technology implementation, it may also limit the external validity and 

cross-cultural generalizability of the findings. For instance, cultures differ in power distance, risk-taking propensity, and 

levels of collectivism, which may influence employees’ expected returns from adopting AI, their acceptance of process 

change, and the degree to which they depend on managerial support and training resources. To address this limitation, 

the study concludes that future research should employ multi-site sampling across different cultures and industries. It 

also suggests incorporating cultural dimensions (such as uncertainty avoidance, long-term orientation, and power 

distance) as moderating variables to examine the robustness of ECT’s mechanisms under varied cultural contexts. 

In addition, future research can further strengthen the methodological inferential validity. First, longitudinal designs 

are recommended to link employees’ initial expectations, actual AI usage experiences, the process of confirmation or 

disconfirmation, and subsequent performance and continuance intentions, thereby avoiding the causal inference 

constraints of cross-sectional data. Second, subjective perceptions can be integrated with objective performance 

indicators (such as task processing time, error rates, and the number of innovation proposals) to more comprehensively 
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assess the impact of AI implementation at both the individual and team levels. Besides, a multilevel analytical framework 

is suggested to simultaneously consider individual-level factors (such as self-efficacy, perceived behavioral control, and 

technology acceptance tendencies) and organizational-level factors (such as technical support resources, training quality, 

managerial support, and data governance norms), to clarify how ECT operates in tandem with key psychological 

mechanisms of employees’ AI adoption under different structural and cultural conditions. In sum, extending ECT from 

consumer contexts to workplace settings not only helps connect satisfaction and work-performance outcome variables 

but also provides a theoretical framework for understanding the mechanisms underlying employees’ AI adoption. 

Nevertheless, cultural and contextual variations may influence the magnitude and direction of theoretical effects. These 

issues call for further validation through cross-cultural, longitudinal, and multilevel research designs to establish an AI 

adoption model with stronger external validity and practical value. 
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