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Abstract: The integration of generative AI into the design process enhances creativity and optimizes 
workflows, yet research on user engagement and experiential factors is limited. This study addresses 
the gap by developing a conceptual model that analyzes designers’ perceptions of AI-assisted workflows, 
adoption attitudes, and sustained usage intentions. Using an extended Technology Acceptance Model 
(TAM), a survey was conducted with professionals actively employing generative AI tools. The findings 
indicate that innovativeness, self-efficacy, perceived enjoyment, and service quality significantly impact 
perceived usefulness and ease of use, influencing intentions to sustain AI adoption. This research offers 
insights into the long-term integration of generative AI in design, contributing to both academic 
discourse and practical applications while informing future research on AI-enhanced design 
methodologies. 
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1. Introduction  

Recent advancements in artificial intelligence have enabled AI-driven systems to analyze large 
datasets, recognize patterns, and generate optimal design solutions [1, 2]. Generative AI technologies 
assist in complex design tasks that traditionally depend on human expertise, providing efficient and 
intelligent problem-solving capabilities [3]. Designers increasingly use tools like Midjourney, Stable 
Diffusion, and DALL-E for creating posters, brand identities, and typography, while ChatGPT aids in 
drafting design descriptions and refining creative expression [4, 5]. As generative AI adoption in 
design workflows expands, studying its impact becomes crucial. 

Despite growing use, research on the adoption and sustained utilization of generative AI tools in 
design is still limited [6]. This study addresses this gap by developing a research model and hypotheses 
to examine user perceptions, attitudes, and continued usage intentions. Utilizing an extended 
Technology Acceptance Model (TAM), a structured survey was conducted with professionals actively 
using AI-assisted design tools. The findings provide theoretical and practical insights into designers' 
perceptions of AI integration, adoption behaviors, and long-term engagement with these technologies. 
This study contributes to both academic research and professional practice, guiding future 
advancements in AI-integrated design environments. 

 

2. Literature Review 
2.1. Theoretical Background 

 This study is based on the Technology Acceptance Model (TAM), developed by as a framework for 
predicting technology adoption behaviors [7]. TAM has been widely applied for over three decades to 
understand acceptance, rejection, and continued use of emerging technologies [8, 9]. Its relevance 
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demonstrates its effectiveness in explaining user perceptions and intentions regarding information 
technologies, making it suitable for studying generative AI adoption in design. 

 
2.2. Extended Technology Acceptance Model (TAM) 

TAM identifies perceived usefulness (PU), perceived ease of use (PEU), and attitude toward use 
(ATT) as key factors influencing behavioral intention (BI) to adopt technology. ATT captures cognitive 
and affective evaluations, PEU reflects perceived user-friendliness, and PU indicates the perceived 
ability to enhance efficiency and productivity. The model proposes that PU and PEU shape ATT, which 
subsequently influences BI and actual usage behavior. 

Despite its broad application, TAM has faced criticism for two main reasons. First, it has been 
deemed limited in considering macro-level influences, such as sociocultural and organizational factors 
[10]. Second, it is criticized for overemphasizing extrinsic motivators while neglecting intrinsic factors 
like engagement and enjoyment [11]. To address these concerns, Fagan, Neill and Wooldridge 
introduced an integrated model incorporating external variables for a more comprehensive 
understanding of technology adoption [12]. 

This study extends TAM by integrating personal innovativeness, self-efficacy, perceived enjoyment, 
and service quality to enhance its predictive power regarding technology adoption and behavioral 
variations [13]. This extension offers a deeper understanding of user experiences in adopting 
generative AI tools in design processes, contributing to the discourse on AI-driven creative 
methodologies. 

 
2.3. Personal Innovativeness in user’s Perception 

Personal innovativeness in information technology (IT) denotes an individual's willingness to 
experiment with and adopt new technologies [14]. This trait indicates a tendency for novelty-seeking 
and significantly affects perceived usefulness (PU) and perceived ease of use (PEU) in technology 
adoption [13, 15]. Evidence shows that personal innovativeness directly enhances perceived utility and 
convenience in various contexts, including mobile Internet services and metaverse learning [16, 17]. It 
is broadly defined as the inclination to adopt new products ahead of the majority Foxall, et al. [18] with 
studies confirming its positive impact on attitudes and intentions toward technology [19]. Individuals 
with higher innovativeness are more likely to recognize technological benefits and integrate tools into 
their work [20]. 

Hypothesis 1: Personal innovativeness positively affects perceived ease of use of generative AI tools in the 
design process. 

Hypothesis 2: Personal innovativeness positively affects perceived usefulness of generative AI tools in the design 
process. 

 
2.4. Self-Efficacy in user’s Perception 

According to Bandura [21] self-efficacy reflects an individual’s confidence in completing tasks. In 
technology use, it pertains to the belief in effectively operating technical systems and utilizing AI tools 
Bandura [21] and Rahman, et al. [22]. Bandura [21] Social Cognitive Theory posits that self-efficacy 
strengthens with success through experience. Individuals interested in AI exhibit higher self-efficacy 
Latikka, et al. [23] enhancing their engagement with technology [24]. AI technologies promote self-
efficacy by providing personalized learning experiences and feedback Chen, et al. [25] while AI-driven 
assessments facilitate progress tracking and skill improvement [26]. 

Hypothesis 3: Self-efficacy positively affects perceived ease of use of generative AI tools in the design process. 
Hypothesis 4: Self-efficacy positively affects perceived usefulness of generative AI tools in the design process. 
 

2.5. Enjoyment in user’s Perception 
Enjoyment is a multifaceted emotion that motivates individuals toward success in complex tasks 

[27]. In the context of AI usage, it encompasses the satisfaction derived from interactions with AI 
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technologies and serves as a key determinant of behavioral intention [27, 28]. Positive experiences with 
technology foster favorable attitudes, enhancing user engagement [29]. This often leads to a state of 
flow, where users feel immersed and intrinsically motivated [30]. Over time, interaction with AI 
cultivates excitement and a sense of mastery, encouraging exploration of new opportunities [31]. 

Hypothesis 5: Enjoyment positively affects perceived ease of use of generative AI tools in the design process. 
Hypothesis 6: Enjoyment positively affects perceived usefulness of generative AI tools in the design process. 
 

2.6. Perceived Service Quality 
AI-driven tools ensure consistent service quality by minimizing fatigue, frustration, and errors, 

resulting in reliable and standardized performance [32]. This reliability fosters user trust and 
commitment to AI-assisted services [33]. Users experience self-expansion, extension, restriction, and 
reduction when interacting with AI tools [34]. Research emphasizes that satisfaction, acceptance, trust, 
and continued engagement are critical for AI adoption [35]. Factors such as information accuracy, 
service reliability, perceived enjoyment, usefulness, and ease of use significantly enhance user 
satisfaction and ongoing utilization [36]. Additionally, emotional attachment to AI tools influences 
trust, commitment, and satisfaction [36]. While AI also enhances brand perception and user satisfaction 
[37]. 

Hypothesis 7: Service quality positively affects perceived ease of use of generative AI tools in the design process. 
Hypothesis 8: Service quality positively affects perceived usefulness of generative AI tools in the design process. 
 

2.7. Perceived Usefulness, Ease of use, and Intention to use 
The Technology Acceptance Model (TAM) is a widely accepted framework for understanding the 

adoption of emerging technologies [38]. It posits that behavioral intention and actual usage are 
primarily driven by perceived usefulness (PU) and perceived ease of use (PEU) [42]. PU reflects the 
belief that technology enhances productivity, while PEU indicates that it is user-friendly and effortless 
[7]. These factors significantly shape user acceptance; individuals are more likely to adopt technologies 
deemed beneficial and intuitive [39]. When users view a technology as efficient and easy to integrate, 
their propensity to adopt and engage with it rises. Prior studies confirm that PU and PEU are critical 
predictors of technology adoption across multiple digital applications [40]. 

Hypothesis 9: Perceived usefulness positively affects intention to use generative AI tools in the design process 
again. 

Hypothesis 10: Perceived ease of use positively affects intention to use generative AI tools in the design process 
again. 

 

 
Figure 1. 
Research model. 
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3. Methodology 
3.1. Participants 

This study conducted an online survey with 327 designers in Korea to explore the continued 
usability of generative AI tools, specifically within the context of Asian cultures. Targeting designers 
who are current employees and graduates from the design university affiliated with the researcher, the 
study aims to provide insights into user experiences with generative AI. 
 
3.2. Measurement Instrument 

The questionnaire, grounded in the extended Technology Acceptance Model (TAM), encompassed 
seven constructs: personal innovativeness, self-efficacy, enjoyment, service quality, perceived usefulness, 
perceived ease of use, and intention to continue use. Each item was rated on a 5-point Likert scale (1 = 
strongly disagree, 5 = strongly agree). Items were meticulously crafted based on established literature 
to ensure validity. 

 
Table 1. 
Demographic variables of respondents. 

Gender Age Work Experience 

Group Frequency 
Percentage 
(%) 

Group Frequency 
Percentage 
(%) 

Group Frequency 
Percentage 
(%) 

male 101 30.90% 20s 140 41.30% 1~2 yrs 103 31.50% 
female 226 69.10% 30s 152 43.10% 3~4 yrs 21 6.40% 

      40s 50 15. 0% 3~5 yrs 78 23.90% 
      50s and 

above 
2 0.60% 5~7 yrs 58 17.70% 

            
More 
than  
7 yrs 

67 20.50% 

 
3.3. Procedures 

A reliability analysis was performed on the questionnaire items, showing that the Cronbach’s alpha 
coefficients for all scales exceeded 0.7. Consequently, these items were retained for constructing the final 
scale and subsequent analysis. Multiple regression and hierarchical regression analyses were employed 
to verify the hypotheses. 

 

4. Results 
As presented in Table 2, the multiple regression analysis revealed significant effects on perceived 

usefulness from self-efficacy, perceived enjoyment, and service quality, while personal innovativeness 
did not show a significant effect. Conversely, personal innovativeness, self-efficacy, and service quality 
significantly influenced perceived ease of use, with perceived enjoyment showing no significant impact. 

These findings indicate support for hypotheses 1, 3, 4, 6, 7, and 8, while hypotheses 2 and 5 were not 
supported. Additionally, as detailed in Table 3, both perceived usefulness and perceived ease of use 
significantly affected users' intention to continue using generative AI tools, along with a direct 
significant effect from perceived enjoyment, thus supporting hypotheses 9 and 10. 
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Table 2. 
Results of multiple regression analysis on usefulness and ease of use. 

Independent 
Variables 

Dependent Variables  

Ease of use Usefulness 

β t p β t p 

Personal 
Innovativeness 

0.201 4.349 0.000 0.037 0.757 0.449 

Self-efficacy 0.373 7.203 0.000 0.151 2.753 0.006 
Enjoyment 0.022 0.435 0.664 0.240 4.568 0.000 

Service Quality 0.364 8.010 0.000 0.495 10.280 0.000 
Model R2 = 0.728 (F=215.40, p<0.001) R2 = 0.695 (F=183.03, p<0.001) R2 = 0.695 (F=183.03, p<.001) 

 
Table 3. 
Stepwise regression analysis results for continued use intention. 

Model β t p ΔR2 F p 

1 Perceived Usefulness 0.418 7.085 0.000 0.459 137.562 0.000 
Perceived Ease of Use 0.312 5.289 0.000    

2 Personal Innovativeness 0.051 0.863 0.389 0.121 23.067 0.000 
Self-Efficacy 0.117 1.676 0.095    

Enjoyment 0.474 7.420 0.000    

Perceived Service Quality -0.054 -0.790 0.430    

 

5. Discussion 
5.1. Theoretical and Practical Implications 

The proposed model offers a structured analysis of factors influencing users' intentions to continue 
using AI-driven technologies. Findings indicate that innovativeness, self-efficacy, enjoyment, and 
service quality significantly impact perceptions of usefulness and ease of use, which in turn influence 
continued engagement. This aligns with the extended Technology Acceptance Model (TAM) 
framework, highlighting the role of both cognitive and affective factors in technology adoption. 

 
5.2. Impact of Innovativeness and Self-Efficacy on Technology Perception 

The results underscore that innovativeness and self-efficacy are key to shaping user perceptions of 
usefulness and ease of use. Users exhibiting higher technological openness perceive AI tools as more 
beneficial, while increased self-efficacy enhances perceptions of ease of use. This supports prior research 
suggesting that technological self-efficacy is a predictor of adoption behavior in digital environments. 

 
5.3. Role of Enjoyment and Service Quality 

Affective and service-related elements also significantly contribute to user experience and retention. 
Enjoyment enhances perceived usefulness and ease of use, indicating that users who find intrinsic 
pleasure in using the system are more likely to incorporate it into their workflows. Similarly, high 
service quality fosters user trust and continuous use intention, emphasizing the need for hedonic 
features and reliable system performance to ensure long-term adoption. 

 
5.4. Mediating Role of Usefulness and Ease of use 

Our findings confirm that perceived usefulness and ease of use mediate the relationship between 
user attributes (innovativeness, self-efficacy, enjoyment, and service quality) and continued usage 
intention. Notably, ease of use directly influences perceived usefulness, reinforcing the TAM hypothesis 
that more user-friendly systems are viewed as more valuable. This suggests that enhancing user 
interface design and reducing operational complexity is essential for optimizing perceived system value. 

 
5.5. Implications for Technology Adoption and Design 

The study offers practical implications for AI system developers and digital service providers. First, 
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fostering user innovativeness and self-efficacy through educational initiatives can improve adoption 
rates. Second, integrating features that enhance enjoyment and maintaining high service quality can 
promote long-term user engagement. Finally, ensuring that AI tools remain intuitive and functionally 
relevant is critical for maximizing adoption and ongoing use. 

 
5.6. Limitations and Suggestions for Future Research 

This study focused on designers aged 20 to 50 in South Korea, examining factors affecting the 
continuous use of generative AI tools within this cultural context. The impact of cultural differences on 
usage intentions emerged as a key area for further investigation. Future research should explore the 
moderating effects of cultural factors through cross-cultural studies, examining how generative AI 
adoption varies across different cultural and economic environments to provide broader insights into 
global usage trends. 

 

6. Conclusion 
The findings of this study empirically validate the extended Technology Acceptance Model (TAM), 

demonstrating that a combination of cognitive, affective, and service quality factors significantly 
influences users' intentions to continue using AI-driven technologies. By addressing usability challenges 
and enhancing user experiences, developers can maximize engagement and foster sustainable 
technology adoption. However, as AI technologies evolve, understanding external influences and 
behavioral shifts over time will be crucial for their long-term integration. Future research should 
investigate the dynamics of user behavior and external factors influencing technology adoption, 
alongside the examination of cultural differences to refine AI-driven strategies. A comprehensive 
understanding of these elements will enhance the adaptability and inclusivity of AI innovations, 
providing valuable insights for policymakers and industry leaders in building user-centric and ethically 
responsible AI ecosystems. 
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