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Despite the widespread recognition of artificial intelligence’s advantages, it cannot replace human independent thinking and creativity, especially in fields such as artistic design that require creativity. Previous studies often examined its development trends from the perspective of technical advantages or application processes. This study explores the attitudes and acceptance of creative industry practitioners towards Artificial Intelligence Generated Content (AIGC) from the perspective of user behavior modification. Utilizing the Stimulus-Organism-Response Model (SOR) as the theoretical background, this research integrates the Technology Acceptance Model, Theory of Planned Behavior, and Self-Efficacy to form the research framework. By employing a mixed-method approach combining quantitative and qualitative analyses, data from 226 designers were explored, and structural equation modeling was used to verify the correlations between endogenous factors. The results indicate that users’ facilitating conditions significantly influence self-efficacy, which in turn determines their intention to adopt AIGC. Additionally, semi-structured interviews revealed that factors hindering the widespread application of AIGC mainly encompass legal security, ethical risks, and fairness. This study extends the application scope of the Stimulus-Organism-Response Model (SOR), enriches the Technology Acceptance Model, and provides a new research framework for the application of AIGC in the creative industry, detailing the responsibilities, processes, and content of designers in the Artificial Intelligence Generated Design (AIGD) process.
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1 Introduction

With the widespread application of artificial intelligence generated content (AIGC) in academic research and commercial practice, governments and international organizations are actively introducing policies and regulations to standardize and promote its development. For instance, the State Council of China released the “New Generation Artificial Intelligence Development Plan” in 2017, which emphasizes AI ethics and safety (Chinese State Council. New Generation Artificial Intelligence Development Plan [EB/OL], 2017); the U.S. government issued the “AI Risk Management Framework” in 2024, aimed at ensuring the reliability and safety of AI systems (National Institute of Standards and Technology, 2024). Additionally, the European Union is expected to release a comprehensive AI regulation draft, the “Artificial Intelligence Act,” in 2024, which seeks to rigorously regulate high-risk AI systems to ensure their safety, transparency, and accountability (European Union, 2021). This demonstrates that various countries recognize the significance of AIGC. It can be seen that AIGC represents the future advanced productivity, and the development of artificial intelligence and communication technology has also promoted the intelligence of human–computer interaction devices, which has research value and application potential (Choudrie et al., 2020). AIGC is extensively applied in technology, education, and healthcare. For example, AIGC provides new pathways for constructing the metaverse through Digital Twin Networks (DTNs) and more natural user experiences (Chen et al., 2024); it enables more equitable smart education through multimodal human–computer interactions (Ren et al., 2023); and it achieves personalized healthcare through Human Digital Twins (HDTs) (Chen et al., 2023). Thus, AIGC leverages its technological advantages to offer personalized services to users through efficient working methods. In the field of social media, it shapes the work processes and social relationships of users in the new era (Wei and Tyson, 2024). In the field of medical care, it improves treatment efficiency and reduces moral hazard (Fraser, 2023; Shao et al., 2024). In the construction of the metaverse, it greatly improves the efficiency of information storage and display (Qin and Hui, 2023). In the field of user experience design, it adds application scenarios and tools for human–computer interaction (Yu et al., 2023). As technology advances, understanding the relationship between humans and artificial intelligence will become increasingly important. Economist Schumpeter believed that the iteration of social technology takes 50 years as a cycle, and new technologies will bring about a revolution in work methods during the process of social transformation (Mallick et al., 2023). Now that we have entered the era of artificial intelligence, AIGC improves the efficiency of social operations by introducing technologies such as big data analysis, graphical language, and rapid prototyping. It can be seen that AIGC represents advanced productivity and future lifestyles.

AIGC, a term originating from the field of computer science, utilizes technologies such as Generative Adversarial Networks (GANs), CLIP, Diffusion, Transformers, multimodal technologies, pre-trained models, and generative algorithms to offer new forms of digital content generation and interaction (Cao et al., 2023). AIGC is widely applied in various fields, including healthcare (Tao et al., 2023), intangible cultural heritage preservation (Cong, 2024), and artistic creation (Li and Liu, 2024). Characterized by efficiency, openness, and personalized training, AIGC integrates text, images, audio, and video through big data to generate solutions tailored to specific tasks, representing a new era of productivity.

In 2022, the OpenAI research laboratory introduced the text generator ChatGPT and the image generator DALL-E2(Harrison, 2023). The objective of AIGC is to streamline and enhance the content creation process, enabling the rapid production of high-quality content (Cao et al., 2023). It can be widely applied to various input formats such as text, images, videos, and 3D content (Liao et al., 2023). However, the limitations of traditional software systems, including poor interactivity and interpretability, have hindered their widespread adoption in practical production scenarios (Tao et al., 2023). In contrast, AIGC technology based on diffusion models meets users’ demands for efficiency, standardization, and intelligence across different output formats (Du et al., 2023). By January 2023, the user base of ChatGPT had exceeded 100 million, making it one of the fastest-growing human–computer interaction applications in history (Du et al., 2023). This underscores the strong demand for artificial intelligence products among users. In summary, AIGC has emerged as a significant research direction in various fields, greatly enhancing work efficiency and user experience. To explore the research progress of AIGC in the academic domain, we analyzed 500 documents selected from the Web of Science database. Figures 1–4 depict the graphs generated based on different keywords.
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FIGURE 1
 Keyword co-occurrence network under the theme of “Artificial Intelligence Generated Content”(Sort by: Relevance).


[image: Figure 2]

FIGURE 2
 Keyword co-occurrence network under the theme of “Artificial Intelligence Generated Content”(Sort by: Date: newest first).
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FIGURE 3
 Keyword co-occurrence network under the theme of “Artificial Intelligence Generated Content”(Sort by: Citations: highest first).
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FIGURE 4
 Keyword co-occurrence network under the theme of “Artificial Intelligence Generated Content”&“Systems of Record” (Sort by: Relevance).


Despite the widespread application of AIGC across various platforms, its integration into the creative design industry still faces a prolonged period of adaptation. This is because traditional quantifiable work scenarios are conducive to AI intervention, whereas innovative design relies heavily on human creativity, which involves greater uncertainty and depends more on the personal experience and inspiration of designers. The realm of creative design encompasses industries such as industrial design, visual communication design, environmental art design, digital media art, and environmental art design (Ingtyas et al., 2019). It is a dynamic and complex field driven by creativity and strategic management to foster the generation of new ideas, characterized by its unquantifiable nature (Lindwall et al., 2022; Yuan, 2020). Hence, this study endeavors to explore the work experiences and driving factors of designers in the creative design industry using AIGC.

Although there are numerous studies on artificial intelligence technologies in the field of creativity, they often focus on two extremes: on one hand, they extol the superiority of the technology, such as Stephanopoulos’s view that artificial intelligence has transformed the computing industry over the past 30 years and will become the primary work partner in the future (Stephanopoulos, 1990). In 1955, the scholar John McCarthy introduced the concept of artificial intelligence at the Dartmouth Conference, marking the beginning of the exploration from algorithm evolution to deep learning technology (McCarthy et al., 2006). For example, in his work 《On Artificial Intelligence》, scholar Schönemann expanded the connotation and denotation of “artificial intelligence (Schönemann, 1985).” Scholar Warburton theoretically introduced the significant roles of computer language, natural language processing technology, and speech recognition technology in the development of artificial intelligence. Additionally (Warburton, 2003), scholar Nie proposed that electroencephalogram (EEG) emotion recognition technology could effectively understand human emotional fluctuations (Habash, 2010). Furthermore, researchers have been dedicated to optimizing technological performance and exploring how AI can be integrated into existing systems to drive innovation and improve efficiency across various fields (Brunette et al., 2009).

On the other hand, they highlight the user’s subjective initiative, as Yongqi Lou argues that human creativity’s unique advantages must be preserved through cultural revival (Lou, 2023). Previous research has typically focused on technological development or application processes. Research indicates that artificial intelligence can effectively enhance the quality of teaching and students’ learning experiences in higher education (Nelson Laird et al., 2008). Additionally, in the field of public health, AI has demonstrated a positive impact on prevention mechanisms and treatment outcomes (Yadav, 2020). Of course, the most widespread applications are in the business sector, where AI is employed through mediums such as robots and user interfaces to expand its application scope, significantly improving customer purchasing behavior and shopping experiences (Lv et al., 2021). It is evident that artificial intelligence technology has become widely integrated into our daily lives.

AIGC is reshaping the work methods and processes of the creative industry in unprecedented ways. Its impact is evident in three key areas: (1) AIGC expands the avenues and methods for acquiring design knowledge, giving rise to new models of design knowledge generation; (2) AIGC breaks through the limitations of designers in terms of knowledge accumulation and creative thinking, reducing repetitive tasks while enhancing workflow efficiency and flexibility; (3) the accessibility of AIGC lowers the employment threshold in the creative industry, attracting more talent into the field, which, in turn, presents more challenges and professional anxiety for designers. In conclusion, possessing systematic AIGC theoretical knowledge and design skills has become an essential competence for designers (Yin et al., 2023). Of course, as AIGC continues to permeate various aspects of the creative industry, many scholars have begun to explore its implications on ethics, morality, law, and fairness. In contrast, this study examines the impact of artificial intelligence on the art and design industry, focusing on the relationship between individual designers’ capabilities and their tools. In this research, creativity represents the designer’s capabilities, and AIGC represents the tools. In summary, the novelty of this study lies in its attempt to explore the relationship between AIGC and creativity, aiming to deconstruct the advantages and disadvantages of AIGC from the designer’s perspective.

To further understand the research history and key focus areas of “artificial intelligence, “this study uses the visualization software VOSviewer to conduct clustering of literature keywords, word frequency statistics, and generate a knowledge graph of co-occurrence networks. First, an exact search for the keyword “artificial intelligence” was conducted on the “Web of Science” platform, with the results sorted by topic relevance to obtain the top 1,000 articles. The bibliometric data indicate that recent research hotspots primarily focus on two trends. One trend involves the exploration of technology, with research keywords such as “generative artificial intelligence,” “use,” “analysis,” “future,” “implementation,” and “perspective” outlining technological exploration paths. The other research hotspot is reflected in the application of technology, with keywords such as “medicine,” “editorial,” “healthcare,” and “role” highlighting related fields. The specific clustering results of “artificial intelligence” keywords are shown in Figure 5.
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FIGURE 5
 Keyword co-occurrence network under the theme of “Artificial Intelligence”.


The aim of this research is to investigate the attitudes and willingness of practitioners in the creative industry towards AIGC. It employs the Stimulus-Organism-Response Model (SOR) theoretical framework to analyze the driving factors influencing the usage behavior of practitioners in the creative industry. Ultimately, it aims to provide an empirical analysis report to enhance work efficiency in the creative industry and the compatibility of AIGC technology. The novelty of this study lies in its attempt to examine the relationship between AIGC and creativity, seeking to deconstruct the advantages and disadvantages of AIGC from the perspective of designers. The research findings offer valuable insights for expanding the scope of AIGC applications and enhancing the technological compatibility of AIGC in the creative industry.



2 Materials and methods

To explore the relationship between artificial intelligence and creativity, we utilize the Stimulus-Organism-Response Model (SOR) theoretical framework (Jacoby, 2002; Russell and Mehrabian, 1974) to analyze the impact of the external environment on designers’ innovation capabilities. The SOR theory posits that external environmental stimuli can influence individuals’ perceptual states and drive positive feedback (Ullah et al., 2021), providing a scientifically ordered mechanism for understanding the complexity of designers’ creative abilities (Mariani et al., 2022). It is evident that the SOR theory adequately explains the influencing factors of individual behavioral changes and has numerous applications in the field of user behavior research (Ding et al., 2020).

Scholar Pavlov introduced the classic stimulus-response theory through the “Pavlov’s Dogs Experiment” to discuss the correlation between stimuli and responses, but this theory overlooks the personal traits and internal states of the subjects (Organism). Therefore, scholar Woodworth proposed the SOR model in 1929. This theory suggests that any factor in the experimental setting (including physical and non-physical factors) can affect the organismic experience and internal states of the subjects, especially external physiological feedback and internal cognitive perception (Woodworth, 1929). Since subjects do not immediately respond behaviorally after receiving stimuli but rather influence behavior change through external physiological and internal psychological intermediary states, scholars Albert Mehrabian and James A. Russel further refined the SOR model in 1974 by expanding the scope and objects of experiments. They proposed that various stimuli in the external environment would affect individuals’ emotional experiences, thereby altering their behavioral intentions. Subjects undergo three processes: external environmental stimuli, internal psychological state changes, and eventual behavioral feedback (Russell and Mehrabian, 1974).

In 1992, scholar Bitner further expanded the scope and implications of the SOR model and proposed the user relationship model theory in the service organization context, which comprises three factors: antecedent variables (stimulus), mediating variables (organism), and outcome variables (response) (BITNER, Mary Jo Servicescapes, 1992). With technological iterations, the application domains of the SOR model have extended to various emerging fields such as e-commerce (Kim and Lennon, 2010), online social behavior (Koo and Seon-Hee, 2010), tourism economics (Qiu et al., 2023), and digital media (Baker and Wakefield, 2012). Additionally, researchers have identified two outcomes of user responses to stimuli: (1) positive feedback characterized by affinity, which entails exploration and engagement behaviors (Beatty and Elizabeth Ferrell, 1998) and (2) negative feedback characterized by avoidance, which involves resistance and escape behaviors (Verhagen and Van Dolen, 2011).

To explore the impact of new technologies on user behavior, the technology acceptance model (TAM) requires expansion to predict users’ acceptance of technology (Kazlauskaite et al., 2015). In 1989, scholar Davis proposed the Technology Acceptance Model (TAM) based on the Theory of Reasoned Action to analyze users’ acceptance of new technologies or innovations. The TAM comprises two primary determinants: (1) perceived usefulness, which refers to the extent to which new technology is perceived to enhance efficiency in work, and (2) perceived ease of use, which reflects users’ self-efficacy in mastering new technology. Initially developed to measure the acceptability of computer technology, the model has gradually expanded to various new technology application scenarios. In the realm of online education, it evaluates students’ acceptance of artificial intelligence (Salloum et al., 2019); in electronic consumption, it explains factors influencing consumers’ online shopping behaviors (Sohn and Kwon, 2020); in the field of artificial intelligence, it enhances public acceptance of online libraries (Rafique et al., 2020); in virtual reality, it proposes effective human–computer interaction principles based on immersive technology features (Sagnier et al., 2020). In conclusion, the technology acceptance model (TAM) has been widely applied, with a substantial research foundation, providing valuable reference data for research in the field of artificial intelligence.

In summary, given the rapidly evolving technological landscape, the creative design industry urgently needs to establish a theoretical model tailored to designers’ acceptance of AIGC technology to explore factors influencing designers’ willingness to use it. Therefore, this study adopts the SOR theory as the research framework, integrating the Technology Acceptance Model, Self-Efficacy Theory, and Theory of Planned Behavior to construct a model of designers’ acceptance of AIGC, predicting designers’ acceptance levels of AIGC. This research employs a mixed-method approach combining qualitative interviews and structural equation modeling to consider various dimensions such as perceived usefulness, perceived ease of use, self-efficacy, technological anxiety, and subjective norms affecting designers’ use of AIGC. It predicts user behavior changes through the stimulation of the external environment, organismic changes, and responses. The model proposed in this study transforms important variables from the Theory of Planned Behavior, Technology Acceptance Model, and Self-Efficacy Theory into relevant stimuli and organic states for designers, ultimately driving their responses to use AIGC. By empirically analyzing, this study extends the applicability of the SOR framework and provides a theoretical framework for designers’ usage behavior. The results of this study enrich research on designers’ behavior changes and provide insights for the sustainable development of AIGC.



3 Theory and model building

The Stimulus-Organism-Response (SOR) theory (Jacoby, 2002; Russell and Mehrabian, 1974) is a psychological model comprising three factors: stimulus, organism, and response. This model posits that external stimuli from the environment affect the internal state of organisms, leading to changes in user behavior, thus providing a theoretical framework for understanding behavioral changes (Huang, 2023; Zhang et al., 2021). In the SOR theory, external environmental stimuli typically serve as independent variables, organismic state changes act as mediating variables, and user responses serve as dependent variables. When external stimuli prompt psychological responses in organisms, it spontaneously leads to changes or guides user behavior (Mehrabian, 1974). The SOR theory has been widely applied across various fields. In the realm of public services, it offers solutions for coordinating social crises (Verma, 2020); in healthcare, it provides guidance strategies for students’ mental health during the COVID-19 pandemic (Zhang et al., 2021). In the social domain, it is utilized to explain individual learning responses to external stimuli (Hsiao and Tang, 2021). Additionally, scholars Sampat and Raj proposed in 2022 that the SOR theory can effectively assess or predict the thought processes of users during behavioral changes (Sampat et al., 2022). Furthermore, the theory is extensively applied in online shopping, instant messaging software, e-commerce, and mobile applications to understand the impact of external stimuli on consumer behavior (Jiatong et al., 2021). In conclusion, the SOR theory offers a comprehensive understanding of how stimuli, organisms, and responses interact to influence behavior in various environments. This study posits that designers’ willingness to use AIGC software is influenced by external factors and corresponding emotions. Therefore, the SOR theory framework provides a rational theoretical framework for this study to delve into designers’ decision-making behavior regarding the use of AIGC tools.

The reasons for adopting the SOR theory framework in this study are as follows:

Firstly, the SOR theory framework has a broad application scope, with successful precedents in consumer behavior, online electronic shopping, and offline retail research (Huang, 2017), particularly in studies on the acceptance of computer software (Wu et al., 2021). Additionally, there are mature application precedents in the fields of Augmented Reality (AR), Internet of Things (IoT), and Brain-Computer Interface (BCI) (Park et al., 2019). In other words, the applicability of the SOR theory in explaining the diversity and complexity of user behavior has been validated in various academic research outcomes. Therefore, its application to the willingness and behavior of innovative industry professionals towards AIGC tools is appropriate.

Secondly, the SOR theory possesses high scalability and flexibility, with a wide research background (Talwar et al., 2023). It describes the unidirectional causal relationships between components (What drives brand love for natural products? The moderating role of household size, n.d.) and can adequately explain users’ positive or negative psychological state changes towards AIGC products.

Lastly, and most importantly, the SOR theory provides a good architectural perspective for understanding the impact of antecedents related to AIGC on designers’ psychological and cognitive states, and subsequently on their intentions to use AIGC. These changes in behavior are the focus of this study, as they are suitable for understanding the decision-making process of designers when facing new technologies.


3.1 Stimulus (S)

A stimulus (S) refers to external environmental factors that can influence internal psychological changes in individuals (Fu et al., 2021). It is ubiquitous in various aspects of life (Talwar et al., 2021). External environmental stimuli (S) serve as the independent variable in the system, triggering internal psychological cognition and emotional organisms (O) in users, and ultimately eliciting user behavioral responses (R) (Russell and Mehrabian, 1974). In addition to this, another theory that studies the relationship between user behavior and psychology and explains changes in user behavior is the theory of planned behavior (Douglass, 1977). This theory has been widely applied in fields such as social behavior research. As an important variable in the theory of planned behavior, subjective norms are defined as the degree to which users accept specific behaviors under pressure from individuals or social groups. Social factors such as subjective norms can influence user behavioral intentions, and designers’ choices of AIGC as a creative tool are also influenced by subjective norms (Kim and Ho, 2021). Therefore, this study considers subjective norms as one of the stimulating factors. Thus, the hypotheses of this study are as follows:


H1: Subjective norms have a positive impact on technological anxiety.

H2: Subjective norms positively influence designers’ perception of the usefulness of AIGC.

H3: Subjective norms have a significant positive impact on the intention to use AIGC.
 



3.2 Facilitating conditions

When users perceive a technology as helpful in improving work efficiency, they are more likely to have a higher intention to use it (Wang et al., 2016). Among the primary factors influencing their adoption of new technology is convenience (Cimperman et al., 2016). Convenience refers to the degree to which users can freely access and use the technology, significantly influencing perceived ease of use (Ma et al., 2016), and indirectly impacting users’ intention to use the new technology (Chen et al., 2018). Therefore, in this study, convenience when using new technology will be considered as the second stimulating factor. Hence, we propose the following hypotheses:


H4: Convenience conditions have a positive impact on designers’ perceived ease of use of AIGC.

H5: Convenience conditions positively influence designers’ intention to use AIGC.

H6: Convenience conditions have a positive impact on designers’ self-efficacy.
 



3.3 Organism (O)

The organism refers to the user’s perception of the external environment (Tandon et al., 2021), which includes the user’s psychological state, emotional state, and cognitive changes (Duong, 2023). When users face complex external environments, they can utilize their cognitive experiences to distinguish different stimuli and make behavior feedback that is advantageous to themselves (Sun et al., 2021). This study posits that external environmental factors stimulate designers’ cognition and psychological feelings toward AIGC. While the organism encompasses factors such as attitudes, motivations, beliefs, and cognitive awareness (Jacoby, 2002) this research focuses on the influence of self-efficacy, technological anxiety, perceived usefulness, and perceived ease of use on user behavior.



3.4 Self-efficacy

Self-efficacy theory refers to the user’s confidence in their ability to accomplish goal tasks (Bandura, 1977), and it is commonly used to measure the perceived difficulty of users in using new technologies (Purnomo and Lee, 2013). In assessing user behavior change, it is one of the primary predictive factors (Bandura, 2006). Studies have found that increasing self-efficacy can significantly reduce technological anxiety, and it has a significant impact on users’ vocational adaptability, self-monitoring, and work effort (Beatty and Elizabeth Ferrell, 1998). Conversely, lower self-efficacy can make users feel lacking in confidence (Awofala et al., 2019). Additionally, self-efficacy is the best predictor of perceived usefulness and perceived ease of use, and users’ self-efficacy has a positive correlation with perceived usefulness and perceived ease of use (DOAN, Thuy Thanh Thi, 2021). Therefore, this study actively considers self-efficacy as an important influencing factor in designing behavioral changes. The specific hypotheses are as follows:


H7: High self-efficacy of designers has a direct and significant impact on technological anxiety.

H8: Self-efficacy of designers has a direct positive effect on their perceived usefulness of AIGC.

H9: Self-efficacy of designers has a direct positive effect on their intention to use AIGC.

H10: Self-efficacy of designers has a direct positive effect on their perceived ease of use of AIGC.
 



3.5 Technology anxiety

Technology anxiety refers to users’ concerns that technological changes will bring uncertainty and crises to them (Freeman and Leaf, 1989). Technology anxiety is suitable for studying users’ ability and psychological state when using new technologies, and it provides theoretical support for the birth of the Technology Acceptance Model (TAM) (Abdullah and Ward, 2016). It is often combined with the Technology Acceptance Model (TAM) to explore users’ psychological changes. For example, it has explored factors influencing consumers’ acceptance of smartphones with built-in NFC functionality (Chen and Chang, 2013), analyzed the skills of students learning mathematics through virtual reality (Sampat et al., 2022), and explained patients’ perceived intention to resist remote healthcare (Baccarella et al., 2021). Particularly when users are faced with the large amount of data presented by AIGC, it is important to understand their unstable factors when dealing with new technologies. Therefore, this study proposes the following hypotheses:


H11: Technology anxiety has a negative significant effect on the usefulness of AIGC.

H12: Technology anxiety has a significant negative impact on designers’ intention to use AIGC.

H13: Technology anxiety has a significant negative impact on the perceived ease of use of AIGC.
 



3.6 Perceived ease of use

Perceived ease of use is a crucial measurement in the technology acceptance model, referring to the learning cost users incur when adopting new technologies (Davis, 1989). Users’ perceptions of ease of use and usefulness of electronic learning systems influence their attitudes and behaviors (Chatterjee and Kar, 2020). It has been utilized in educational research to explore students’ acceptance of e-learning (Salloum et al., 2019), and in virtual reality studies to investigate the negative impact of perceived usefulness on internet addiction (Al-Emran et al., 2020). This study posits that, when designers perceive ease of use in AIGC technologies, their perception of usefulness and willingness to use AIGC will increase. Therefore, this study proposes the following hypothesis:


H14: Perceived ease of use positively influences perceived usefulness.

H15: Perceived ease of use positively influences behavioral intention.

H16: Perceived usefulness positively influences behavioral intention.
 



3.7 Response (R)

Response refers to the behavioral changes made by individual users based on cognitive experience and emotional responses (Sultan et al., 2021). It is the avoidance or approach feedback exhibited by users to maintain their own interests, which can explain users’ real experiences, cognitive and emotional responses, and behavioral intentions (Sherman et al., 1997) In this study, the intention to use refers to the willingness of designers to use AIGC. Therefore, this study proposes the following hypotheses:

In summary, based on AIGC, this study proposes a conceptual model for designers’ usage behavior, as shown in Figure 6. This model consists of 16 research hypotheses and 7 influencing variables. Moreover, the model proposed in this study integrates key variables from the Theory of Planned Behavior, the Technology Acceptance Model, and self-efficacy theory, and translates them into relevant stimuli and organic states when designers use AIGC, ultimately driving designers’ intention to use AIGC.

[image: Figure 6]

FIGURE 6
 The proposed conceptual model. (This model providing a theoretical framework for industrial designers’ AIGC use behavior).





4 Research methods


4.1 Research subjects

Given that I teach a course related to “Artificial Intelligence Assisted Design,” the students enrolled have undergone systematic design theory education, are proficient in traditional design tools, and have some understanding of AIGC. Therefore, they are highly suitable as subjects for this study. Prior to the questionnaire, verbal consent and approval of the experimental design were obtained from them.

To ensure the representativeness of the subjects and the rationality of the experimental process, the first stage involved recruiting respondents from students who had previously taken the course, using a sampling method. Respondents were informed about the purpose of the study and relevant AIGC knowledge. The participants are design students or designers with design experience and innovation capabilities, either currently enrolled or recently graduated. A total of 250 questionnaires were collected. After excluding those with overly brief response times, identical answers to key variables, and missing values, 226 valid online questionnaires were retained, resulting in a validity rate of 90.4%.

The second stage employed semi-structured interviews to further investigate respondents’ subjective attitudes. Paper questionnaires were distributed only after obtaining verbal consent from the respondents. The information of the respondents is shown in Table 1. Among them, 46.9% are male and 53.1% are female; all respondents are under 30 years old, either current students or recent graduates. There are 132 design students (80.7%) and 94 graduated designers (19.3%). 196 respondents (86.8%) have experience with AIGC, while 30 (13.2%) do not. Despite differences in gender, grade, and work experience, all respondents are proficient with traditional design tools and show a high level of interest and learning ability regarding new design tools represented by AIGC. Additionally, 30 respondents who completed the questionnaire participated in semi-structured interviews, including 13 males and 17 females. They all have experience with AIGC and can articulate their views and experiences with it.



TABLE 1 Basic information of interviewee (N = 226).
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4.2 Research procedures and methods

To obtain more comprehensive information, the validation of factors driving designers’ use of AIGC proposed in this study employed a mixed research method of questionnaire and scale surveys. The first stage of data collection involved semi-structured interviews. Before undergoing testing, the interviewees were informed about the background and purpose of this study after learning about the characteristics of AIGC technology from various channels. The measurement items of this study’s scale are shown in Table 2, with items for perceived ease of use and perceived usefulness drawn from (Huang, 2023; Davis, 1989), subjective norm from (Douglass, 1977), technology anxiety from (Hsu and Peng, 2022), behavioral intention and convenience conditions from (Venkatesh et al., 2012), and self-efficacy from (Huang, 2023; Compeau and Higgins, 1995). All items for variables utilized a 5-point Likert scale, with 1 representing strongly disagree and 5 representing strongly agree.



TABLE 2 T question and loading.
[image: Table2]

The second stage of the survey questionnaire delved deeper based on the previous scale items. After obtaining consent from the respondents, they were invited to continue participating in semi-structured interviews. The focus of this interview was to explore designers’ intentions of use based on three questions: (1) What do you perceive as the challenges of AIGC in the creative industries? (2) What motivates your interest in using AI products? (3) What prevents you from increasing the frequency of using AIGC products? A total of 226 valid questionnaires were collected in this interview phase. The specifics are outlined in Table 2.



4.3 Analytical methods


4.3.1 Loading

In statistics, the loading value refers to the strength of the association between observed variables and latent variables in factor analysis or structural equation modeling (Fornell and Larcker, 1981a). Loadings reflect how well an observed variable represents the characteristics of a latent variable, and therefore play a crucial role in assessing model quality. This study uses the following thresholds for loading values: (1) Loading ≥0.7: indicates a very good indicator, demonstrating that the observed variable has strong explanatory power for the latent variable. (2) 0.5 ≤ Loading <0.7: acceptable value, particularly in the early stages of research or exploratory studies. (3) Loading <0.5: typically considered less ideal, suggesting that the observed variable has weak explanatory power for the latent variable and may need to be reconsidered or excluded. The results of this study show that the loadings in Table 2 range from 0.706 to 0.876, all exceeding the conventional threshold of 0.7 (Fornell and Larcker, 1981b), indicating good reliability in the measurement range.



4.3.2 Cronbach’s alpha

Cronbach’s alpha (α) is an indicator of internal consistency among items in a questionnaire, commonly used to assess the reliability of a scale (Anderson and Gerbing, 1988). Its value ranges from 0 to 1, with higher values indicating better internal consistency of the scale. This study uses the following thresholds for Cronbach’s Alpha: (1) α ≥ 0.9: very high internal consistency, with possible item redundancy; (2) 0.8 ≤ α < 0.9: good internal consistency; (3) 0.7 ≤ α < 0.8: acceptable internal consistency; (4) 0.6 ≤ α < 0.7: questionable internal consistency, potentially needing improvement; (5) α < 0.6: poor internal consistency, requiring significant improvement of the scale. The Cronbach’s alpha values for all variables in Table 3 range from 0.722 to 0.924, all exceeding the conventional threshold of 0.7 (Anderson and Gerbing, 1988).



TABLE 3 Construct reliability and validity.
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4.3.3 Composite reliability

Composite reliability (CR) is an indicator used in Structural Equation Modeling (SEM) to measure the internal consistency of latent constructs. It provides a more precise measurement than Cronbach’s alpha, particularly when factor loadings are not entirely equal. CR values range from 0 to 1, with higher values indicating better internal consistency of the scale. This study adopts the following thresholds for CR: (1) CR ≥ 0.7: indicates good internal consistency; (2) 0.6 ≤ CR < 0.7: acceptable, especially in exploratory research; (3) CR < 0.6: indicates poor internal consistency, potentially requiring reassessment or improvement of the measurement tool. The Composite Reliability (CR) values in this study range from 0.75 to 0.86, all exceeding the conventional threshold of 0.7 (Nunnally and Berstein, 1994).



4.3.4 Average variance extracted

Average variance extracted (AVE) is an indicator used in structural equation modeling (SEM) and factor analysis to assess the convergent validity of latent constructs. It represents the average amount of variance that a latent variable explains in its observed variables. Higher AVE values indicate that the latent variable explains the variance in observed variables well, reflecting strong convergent validity. AVE values range from 0 to 1, with higher values indicating greater explanatory power of the latent variable. This study uses the following thresholds for AVE: (1) AVE ≥ 0.5: indicates good convergent validity, where observed variables effectively reflect the characteristics of the latent variable; (2) AVE < 0.5: indicates lower convergent validity, suggesting the need to improve the model or scale. The AVE values extracted in this study range from 0.5 to 0.67, all exceeding the conventional threshold of 0.5 (Nunnally and Berstein, 1994), demonstrating good convergent validity and effective reflection of latent variables by observed variables.

Based on the definitions and measurement data above, the survey used in this study aligns with the research objectives, showing good convergent validity and reliable measurement models. It meets the validity standards recommended by scholars Fornell and Larcker (1981a), making the scale suitable for further exploring designers’ willingness to use AIGC.




4.4 Analytical tools

To enhance the predictive power and explanatory strength of the model, structural equation modeling (SEM) often involves repeated cross-validation processes to ensure the reliability and consistency of endogenous variable measurements. This approach helps to ensure model stability, prevent overfitting, and provide a comprehensive assessment of model performance. In SEM, the structural model refers to the component that describes the relationships between latent variables, while endogenous variables are those predicted or explained by other variables in the model. In the structural model, endogenous variables serve as dependent variables, with their values influenced by other variables in the model (exogenous variables or other endogenous variables).

This study employed IBM SPSS 25.0 for data statistical analysis. We conducted reliability tests, validity tests, descriptive statistics, and internal consistency checks using this software. The specific analysis results are outlined in Table 3.

In this study, the main factors were measured using scales, so it is crucial to inspect the quality of the measurement results to ensure the meaningfulness of subsequent analyses. Firstly, internal consistency was analyzed using Cronbach’s alpha coefficient reliability test method. Cronbach’s alpha coefficient ranges from 0 to 1, and the obtained value is 0.837, exceeding the standard of 0.7. In this analysis, the results of reliability analysis are presented in Table 3, indicating that the reliability coefficients of each secondary dimension fall within the range of 0.7 to 1. Therefore, it can be concluded that the scales used in this study exhibit good internal consistency and reliability. Refer to Table 4 for specific details.



TABLE 4 Presents the fit indices of the structural equation model.
[image: Table4]

To enhance the predictive capability and explanatory power of the model, structural equation modeling (SEM) often employs repeated cross-validation processes to ensure the reliability and consistency of measurements for endogenous variables. This method helps to ensure model stability, prevent overfitting, and provide a comprehensive assessment of model performance. In SEM, the structural model refers to the component that describes the relationships between latent variables, while endogenous variables are those predicted or explained by other variables in the model. In the structural model, endogenous variables act as dependent variables, with their values influenced by other variables in the model (exogenous variables or other endogenous variables).

The structural model’s endogenous variables are measured by cross-validation of redundancy. When the redundancy of the endogenous variables is greater than 0, it indicates that the endogenous variables of the structural model are correlated (Chin, 1998). According to the model fit test results in Table 5, CMIN/DF (chi-square degrees of freedom ratio) = 1.696, falling within the range of 1–3, and RMSEA (root mean square error of approximation) = 0.079, within the excellent range of <0.08. Additionally, the results of ITI, TL, and CF1 tests all exceed the excellent level of 0.9. Therefore, based on the comprehensive analysis results, it can be concluded that the model used in this study exhibits good fit.



TABLE 5 Hypothesis validation results.
[image: Table5]




5 Research result

“In this study, the significance of various coefficients was examined using the bootstrapping method. As shown in Table 5, of the 16 proposed hypotheses, only 5 were validated, while 11 were not. The specific results are as follows: subjective norms significantly affect perceived usefulness (β = 0.277, t = 3.289, p < 0.05), thus H2 is supported, indicating that perceived usefulness remains a key factor in determining users’ willingness to use technology; facilitating conditions significantly impact perceived ease of use (β = 1.049, t = 4.158, p < 0.05), thus H4 is supported, suggesting that convenient usage conditions enhance users’ perceptions of technology; facilitating conditions also significantly affect self-efficacy (β = 0.433, t = 5.353, p < 0.05), thus H6 is supported, indicating that favorable conditions boost users’ confidence; self-efficacy significantly impacts perceived usefulness (β = 0.595, t = 2.901, p < 0.05), thus H8 is supported, showing that users’ confidence influences their judgments of technology quality; self-efficacy significantly affects intention to use (β = 0.963, t = 3.316, p < 0.05), thus H9 is supported, demonstrating that users’ confidence is a crucial factor in adopting new technology. Among the validated hypotheses, the complete behavioral path diagram is illustrated in Figure 7, which shows that, in the context of AIGC, facilitating conditions can positively influence self-efficacy, thereby affecting the intention to use AIGC.”

[image: Figure 7]

FIGURE 7
 Behavioral path diagram for designers adopting AIGC.


The remaining hypotheses were not supported, as follows: subjective norms did not significantly impact technology anxiety (β = 0.034, t = 0.267, p > 0.05), thus H1 was not validated; subjective norms did not significantly affect behavioral intention (β = 0.097, t = 1.353, p > 0.05), thus H3 was not validated. These results indicate that subjective norms do not directly influence behavioral change in designers. Facilitating conditions did not significantly impact behavioral intention (β = 0.045, t = 0.216, p > 0.05), thus H5 was not validated, suggesting that facilitating conditions affect usage behavior only through the mediation of self-efficacy. In other words, facilitating conditions represent the objective conditions of AIGC, while self-efficacy represents the subjective conditions; both must be integrated to influence designers’ usage behavior. Self-efficacy did not significantly impact technology anxiety (β = 0.433, t = 5.353, p < 0.05), thus H7 was not validated; self-efficacy did not significantly affect perceived ease of use (β = −0.335, t = −0.832, p > 0.05), thus H10 was not validated. This suggests that self-efficacy does not directly influence external technological changes. Technology anxiety did not significantly impact perceived usefulness (β = −0.021, t = −0.291, p > 0.05), thus H11 was not validated; technology anxiety did not significantly affect behavioral intention (β = −0.017, t = −0.328, p > 0.05), thus H12 was not validated; technology anxiety did not significantly impact perceived ease of use (β = 0.006, t = 0.071, p > 0.05), thus H13 was not validated. This indicates that technology anxiety does not directly influence external technological changes. Perceived ease of use did not significantly impact perceived usefulness (β = 0.058, t = 0.669, p > 0.05), thus H14 was not validated; perceived ease of use did not significantly affect behavioral intention (β = −0.066, t = −0.634, p > 0.05), thus H15 was not validated. This suggests that perceived ease of use does not directly influence users’ behavioral change. Perceived usefulness did not significantly impact behavioral intention (β = 0.134, t = 1.280, p > 0.05), thus H16 was not validated, indicating that users are unlikely to adopt new technology without clear applications and prospects for AIGC.

Thus, there is still a significant adjustment period from AIGC to artificial intelligence generated design (AIGD). The reasons can be summarized as both subjective and objective factors. Subjectively, many designers’ distrust of new things, reluctance to try, career anxiety, and high learning costs hinder their curiosity about AIGC. Objectively, some paid AI products, such as ChatGPT 4.0 and Midjourney, raise the usage threshold for designers, and the lack of systematic training channels also prevents AIGC from being quickly applied in practical work. Detailed data is shown in Table 5, and the structural equation hypothesis diagram is illustrated in Figure 8.

[image: Figure 8]

FIGURE 8
 Results of model analysis. It explored the effects of subjective norms, facilitating conditions, technology anxiety, self-efficacy, perceived usefulness, and perceived ease of use on industrial designers’ intention to use AIGC.


Following the questionnaire survey, we sought to explore designers’ views on AIGC and understand the attitudes behind their behaviors through in-depth interviews. This study considers three representative questions (Table 6) to examine the impact of AIGC on their learning and work, as well as to understand their coping strategies. For example, respondent 7, when answering “Question 1: What challenges could AIGC bring?” stated, “AIGC systems are often trained based on known data or experiences, so they may be limited by existing frameworks and unable to create materials they have never seen before.” This viewpoint also reflects the concerns of creative industry practitioners about the creativity of AIGC. Additionally, respondent 3 raised concerns about the risks posed by AIGC, stating, “The extensive use of AIGC can create legal and ethical issues.” This is a topic worthy of further exploration. While AIGC’s potential has been recognized in commercial applications and academic research, it still faces ethical risks and technical compatibility issues. On one hand, AIGC challenges existing legal rules in regulations involving human public interests (Zhang et al., 2023). On the other hand, the distribution of individual human interests, produces different results based on users’ varying learning backgrounds and cognitive levels, thereby inadvertently widening the gap in users’ abilities (Huang et al., 2024). Additionally, AIGC poses varying degrees of risks to all users’ privacy and data security (Zhang et al., 2023). These factors all influence users’ acceptance and user experience of AIGC. Representative interview content is shown in Table 6.



TABLE 6 Main responses of semi-structured interviews.
[image: Table6]

AI has promoted social progress and optimized industrial structure on a macro level, while improving individual work efficiency and reducing repetitive labor on a micro level. Particularly for the creative industry, AI is like a double-edged sword. On one hand, creative industry practitioners hope to improve work efficiency with AI. On the other hand, they are concerned that AI may lower industry entry barriers and reduce job opportunities and salaries. Its main impacts on the creative industry are reflected in several aspects.

The advantages that AIGC brings to designers and the creative industry are as follows: (1) it reduces repetitive labor and improves work efficiency. AIGC technology can generate a large number of design proposals in a short time, saving designers time and energy; (2) it has strong learning and induction capabilities, enhancing design creativity expression and implementation. AIGC technology can explore novel points and potential inspirations that designers may overlook through different algorithms and data analysis methods, enhancing design creativity; (3) AI can achieve customized services based on big data background user experiences. AIGC technology can optimize user experience through analysis of user behavior data, enhancing market competitiveness.

The threats posed by AIGC to designers and the creative industry are as follows: (1) it cannot replace human aesthetics. Although AIGC technology can generate design proposals, it cannot replace human aesthetics and personalized demands; (2) lack of design thinking and leadership. AIGC technology can generate a large number of design proposals, but it cannot understand the intent and purpose of design, and cannot fundamentally solve design problems; (3) possibility of repetitive design. Due to the training of AIGC technology algorithms based on existing data, there may be similar or repetitive design proposals.

However, we can balance the advantages and disadvantages of AIGC technology through some methods. Specific measures include: (1) making the generation process and creative thinking of AIGC algorithms transparent and interpretable, allowing humans to better understand the generation process and results of AIGC technology; (2) guiding AI training through enhanced human–computer interaction to achieve consistency in thinking and skills; (3) increasing affinity through humanized interfaces or forms. Designing more friendly and user-friendly interfaces can make AIGC technology more in line with human needs and creativity.



6 Discussion and conclusion


6.1 Implications

AIGC is rapidly transforming the creative design industry by enhancing design quality through increased efficiency, reduced costs, and personalized services, while also driving interdisciplinary integration and transforming design education. This presents unprecedented development opportunities for the creative industry (Huang et al., 2024). After exploring the key factors influencing designers’ adoption of AIGC, from objective conditions to subjective intentions, this study concludes that the main barriers to the rapid adoption of AIGC in the creative industry are concerns regarding intellectual property and ethical challenges.

Undoubtedly, mastering AIGC has become an indispensable skill for future designers. However, transitioning from AIGC to AIGD, the application of AIGC technology in the field of design continues to expand and deepen, providing designers with more tools and possibilities, while also promoting innovation and development in design. Its impact on the creative industry can be seen in several aspects: (1) providing designers with more intelligent design tools. With the continuous development of AIGC technology, more and more intelligent design tools will be developed. These tools can help designers complete design tasks more quickly and accurately, while also being able to intelligently optimize based on user feedback. (2) Facilitating interdisciplinary collaboration. AIGC requires expertise from multiple fields, thus promoting interdisciplinary collaboration to achieve better design outcomes. (3) Designers also need to bear design ethics and legal responsibilities. Designers must ensure the fairness and transparency of AIGC algorithms, avoiding bias and discrimination in AIGC technology. These are issues that future designers need to pay attention to and consider.

In the creative industry, the legal risks associated with AIGC primarily include issues related to copyright and intellectual property ownership and infringement liability, the dissemination of false information and fraud, data privacy and ethical concerns, as well as contract and licensing agreements. First, although there have been widespread calls for the government to establish effective punitive measures against unlawful AI activities, the progress of policy implementation has been relatively slow (Gaifutdinov et al., 2020). The main reason lies in the complexity of AIGC application scenarios and the diversity of evaluation criteria. The specific legal risks can be analyzed from the following three perspectives: (a) Copyright and intellectual property ownership: public policy must clearly protect these rights, particularly patent rights. AIGC-generated content may infringe on others’ copyrights or privacy, leading to legal disputes. Additionally, the generation of false content by AIGC could be used for fraudulent purposes. (b) Data privacy: this must be ensured by the technology platforms. Designers require vast amounts of data for AIGC model training, and the collection and use of this data might violate privacy protection laws. The inherent technical characteristics of AIGC could inadvertently lead to personal data breaches, further complicating the determination of infringement. (c) Data authenticit: ensuring the authenticity of data is a prerequisite for its commercial application. Since AIGC can generate highly realistic false content (e.g., fake news, images, videos), such content could be used for fraud, misleading the public, or infringing on others’ rights. Therefore, the authenticity and validity of AIGC content must be verified before its use. In conclusion, to regulate the risks brought by artificial intelligence technology, designers must operate within the framework of policy regulations, ensure data security, and uphold the principles of authenticity and validity when applying AIGC commercially.

Technological change brings new challenges and opportunities to societal production models. In the face of AIGC’s transformation of the creative industry, designers must first assess its feasibility from the perspectives of external legal risks, internal ethical risks, and the fairness that balances both. Only then can AIGC be broadly integrated into creative work. In summary, the widespread application of AIGC in the creative industry needs to meet the following three conditions:

The moral risks brought by AIGC in the creative industry mainly cover content authenticity, trustworthiness of works, weakening of subjective values of creators, unclear attribution of moral responsibility, and spreading of prejudice and discrimination, which can weaken the output of cultural diversity and individualized viewpoints. This can be analyzed from the following three perspectives: (a) designers need to ensure the content’s authenticity and the work’s trustworthiness before using AIGC, and the destruction of social trust by false content must be avoided; (b) designers must ensure that AIGC complies with social moral codes and ethical standards to avoid negative social impacts. Due to the autonomy-generating nature of AIGC, generating content may lead to unethical or harmful outcomes, such as spreading hate speech, violent content, and so on. How to pursue responsibility and attribution is a complex ethical issue; (c) designers need to actively maintain cultural diversity and individualized creative perspectives. As AIGC is based on integrating big data and innovation, its design proposals tend to generate content that conforms to mainstream culture and aesthetics, which will lead to homogenization of cultural expression and weaken the space for the expression of cultural diversity and minority cultures. In conclusion, to ensure that AIGC is applied ethically, its reasonableness should be assessed from the perspective of individual moral constraints and social expectations.

The inequality that AIGC may bring in the creative industry is mainly reflected in the imbalance in access to resources, the application of technology, and the distribution of opportunities. In addition, AIGC may weaken the subjective status of human creators and amplify the bias in the data, leading to the restriction of cultural expression of minority groups. AIGC will enhance the level of creativity of social groups on the one hand, and exacerbate the differences in the level of individual creativity on the other hand. These phenomena and pitfalls can be discussed from the following three perspectives: (a) inequitable access to knowledge and resources. Individuals’ acceptance of and proficiency in new technologies will magnify the differences between them, thus reinforcing the inequality of access to knowledge. (b) Inequity in access to cultural expression and creativity will be exacerbated. As AIGC models are often trained based on large-scale models, these data are more biased towards the mainstream culture, which will weaken the uniqueness of human creativity and intensify the bias of cultural expression. (c) Inequity in income and opportunity distribution. As AIGC undermines the market demand for human creators and lowers the employment threshold for different industries, this will lead to a reduction in income and employment opportunities for junior people, which in turn exacerbates economic inequality. The above analyses the challenges brought by AIGC to the creative industry from the path of access, application, and distribution of resources, and these hidden dangers of technological development need to be taken seriously by designers and actively guided by policies in order to achieve healthy and sustainable social innovation. In conclusion, the opportunities brought by AIGC to the creative industry are more efficient, high-quality, and high-experience work models, while the resulting legal, ethical, and unfair pitfalls will accompany the technological changes and the development of the industry (Bertoncini, 2023).

The research results show that in the creative industry, designers’ perceptions of the usefulness of AIGC, perceived ease of use, technology anxiety, self-efficacy, and convenience conditions all influence their willingness to use and behavior. Among the 16 hypotheses in the structural equation, only five hypotheses were validated: subjective norms significantly influence perceived usefulness, technology anxiety significantly influences perceived ease of use, technology anxiety significantly influences self-efficacy, self-efficacy significantly influences perceived ease of use, and self-efficacy significantly influences intention to use. The reasons behind these findings lie in the subjective barriers to usage, technological development and compatibility, as well as objective factors such as self-learning channels, learning costs, and rapid technological advancements.



6.2 Limitations and future directions

This study has several limitations. Firstly, the experiment was conducted in August 2023, when the participants had limited experience with AIGC and were in the early stages of learning. Secondly, many designers self-learned AIGC through online resources, leading to a lack of systematic understanding of its usage methods, which in turn may have affected their willingness to use the technology. Lastly, the rapid iteration of AI technology poses challenges to future research hypotheses and expected results. Despite these uncertainties, updating designers’ design tools through technology remains an effective means of improving productivity and creativity. Future designers can combine intuitive creativity with rational induction from AIGC to create a collaborative working mode between humans and machines.

The application of artificial intelligence in the creative industry emphasizes the subjective initiative of designers. Artificial Intelligence Generated Design (AIGD) is an innovative process guided by designers, based on the extensive data provided by AIGC. Studies have shown that human-machine collaborative work models can effectively enhance work quality, especially in the creative industry (Bogucka et al., 2024). AIGC offers more channels for knowledge acquisition, shortens the design research process, and expands the scope of design proposals, bringing transformative changes to the traditional roles, content, imitation, procedures, and methods of designers (Meron, 2022). Thus, the ability to utilize AIGC will become a fundamental competency for future designers. It redefines the processes and methods of innovation and has already achieved numerous successful precedents (Wang and Chen, 2024).

For example, in the field of graphic design, the division and collaboration between AIGC and designers have improved the quality of creative thinking (Lin and Liu, 2024). In industrial design, AIGC optimizes the process of product innovation and the details of product coloring in later stages, enhancing product competitiveness (Wu et al., 2024). In fashion design, AIGC meets market demands for cultural diversity and personalization (Wu et al., 2024). In digital media art, AIGC can provide higher quality and more diverse characters in game scene design, further improving the entertainment experience and commercialization of games (Li and Liu, 2024). In conclusion, the collaboration between designers and AIGC will stimulate the innovative capabilities of AIGD, thereby increasing the efficiency and quality of work in the creative industry.

Artificial Intelligence Generated Design (AIGD) refers to a collaborative innovation work model where designers leverage the advantages of AIGC. In this process, the responsibilities and roles of designers will undergo significant changes:

(1) Designers will transition from being “creators” to “supervisors.” As AIGC utilizes the advantages of big data to quickly, automatically, and extensively complete specific tasks, the designer’s role will shift from executing creative tasks to making creative decisions. Designers will need to develop AIGC work methods and processes and review and adjust the output results.

(2) Designers will need stronger innovative capabilities to scientifically guide AIGC creation. Given AIGC’s advantage in data integration, designers must possess a stronger sense of innovation to create forward-thinking design solutions that differ from traditional big data approaches.

(3) Designers must have interdisciplinary and team collaboration skills. Since AIGC involves expertise from multiple fields, designers will need to focus more on team collaboration and communication to better integrate knowledge and resources from various areas, achieving superior design outcomes.

In conclusion, this study constructed a model of designers’ acceptance of AIGC, integrating the theory of planned behavior (TPB), technology acceptance model (TAM), and self-efficacy, with a good fit of the model. Empirical analysis using structural equation modeling demonstrated that perceived usefulness, perceived ease of use, technology anxiety, self-efficacy, subjective norms, and convenience conditions are effective measurement factors for designers’ use of AIGC. This study further expands the application scope of AIGC and the measurement range of the technology acceptance model, providing references for both practical application and academic research in the field of AIGC.
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Questions and answers

QI: What do you see as the challenge of AIGC for the creative industries?

“The use of AIGC may involve intellectual property, patent and ethical issues” (Interviewee 3, male);

“AIGC systems are typicall trained based on known patterns and data, and therefore may be limited by previous designs” (Interviewee 7, male).

“The AIGC training data may reflect the biases of particular groups or cultures, which may introduce unfair or discriminatory elements in the generation of design concepts”
(Interviewee 9, female);

“AIGCS decision-making process can be a black box and difficult to explain. This makes it dificultfor designers to understand why a particular design was selected or
generated, which in some cases may raise issues of trust and acceptability” (Interviewee 10, male).

Q2: What are your reasons for being interested in using Al products?

“Al products can automate tedious and repetitive tasks, thus saving us time and energy!” (Interviewee 11, male);
“Using image recognition technology, we can quickly analyze and make sense of large amounts of image data to draw inspiration, spot trends, or do market rescarch for design

projects” (Interviewee 12, femal

“Some Al-driven CAD (computer-aided design) tools can automate several design tasks, such as basic structural analyses, material selection, and building CAD models. This

helps to increase the efficiency of the detailed design phase.” (Interviewee 16, male).

Q3: Why not increase the frequency of using AIGC products?

“AIGC products have creative limitations that make it diffcult o replace the unique ideas and aesthe

perspectives of human designers” (Interviewee 20, female);
“Designers have unique design philosophies and values, and we prefer to guide the design process through our own intuition and professional judgment, rather than relying
on algorithmically generated concepts” (Interviewee 23, male);

“Using AIGC products may require designers to learn new tools and techniques, which may require additional training and time to adapt” (Interviewee 25, female);

“During the design process, it i critical that designers understand and trust the d

n decisions. If we cannot understand or trust the design decisions generated by AIGC

products, they may choose a more traditional design approach. In addition, we are concerned about the legal risks associated with AIGC? (Interviewee 29, female).
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3. Using AIGC enriches my life and work: PU3 0.782
1. My family thinks I should use AIGC Subjective norm (Douglass, 1977) SNI 0635
2. My friends think I should use AIGC SN2 0.769
3. My neighbors think I should use AIGC SN3 0.763
1. Using AIGC makes me nervous “Technology anxiety (Hsu and Peng, 2022) TAL 072
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26-29 94 4L6%
Education Freshman 2 0.9%
Sophomore 50 219%
Junior 44 193%
Senior 36 15.8%
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Altools usage  No experience at all 30 13.2%

experience Have experience 196 86.8%
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