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Abstract

:

AI-generated content (AIGC) is uniquely positioned to drive the digital transformation of professional education in the animation, comic, and game (ACG) industries. However, its collaborative application also faces initial novelty effects and user discontinuance. Existing studies often employ single-variable analytical methods, which struggle to capture the complex mechanisms influencing technology adoption. This study innovatively combines necessary condition analysis (NCA) and fuzzy-set qualitative comparative analysis (fsQCA) and applies them to the field of ACG education. Using this mixed-method approach, it systematically explores the necessary conditions and configurational effects influencing educational users’ continuance intention to adopt AIGC tools for collaborative design learning, aiming to address existing research gaps. A survey of 312 Chinese ACG educational users revealed that no single factor constitutes a necessary condition for their continuance intention to adopt AIGC tools. Additionally, five pathways leading to high adoption intention and three pathways leading to low adoption intention were identified. Notably, the absence or insufficiency of task–technology fit, and perceived quality do not hinder ACG educational users’ willingness to actively adopt AIGC tools. This reflects the creativity-driven learning characteristics, and the flexible and diverse tool demands of the ACG discipline. The findings provide theoretical and empirical insights to enhance the effective synergy and sustainable development between ACG education and AIGC tools.
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1. Introduction


Artificial intelligence-generated content (AIGC) is a significant branch of artificial intelligence technology (AI), focusing on the automated generation of creative content [1]. It is regarded as a new content production model following professionally generated content (PGC) and user-generated content (UGC) [2,3]. AIGC has rapidly and profoundly transformed traditional methods of content creation, with its applications in the fields of animation, comics, and games (ACG) becoming a focal point of industry discussion and practice [4,5]. At the same time, AI offers unprecedented opportunities for technological innovation and sustainable development in the field of education [6]. The design and learning of ACG involve a complex multi-stage process. The efficiency improvement and innovation potential brought about by AIGC technology have played an important role in alleviating the resource, time, and skill bottlenecks faced by creators and learners [7].



ACG workflows are rapidly iterating as mainstream film and entertainment companies incorporate AIGC into various production stages such as script design, character and scene design, special effects generation, and post-production and distribution. AI technology not only changes the traditional design and production modes, but also puts forward new requirements on the technical capabilities of future professionals [8]. For example, positions such as AI animator and AI modeller have emerged, and the new technical positions will require students and practitioners to have the ability to collaborate and co-create with AI tools. This shift further challenges the adaptability of the professional education system. However, the adoption and practice of AIGC technologies in the higher education system, which is an important institution for training these professionals, has failed to adapt to the technological advances in the industry in a timely manner, often lagging behind the pace of the development of the technology and the industry [9]. As a result, students face barriers to the use of technological tools, insufficient creative thinking, and lagging skills updates [10,11]. This gap highlights the urgent need for educational reform to cultivate interdisciplinary talents capable of adapting to digital and AI-augmented environments.



Although AIGC is considered to be a powerful tool for promoting educational change, there are still many challenges to the continued intention and deep collaboration of the AIGC tool in the field of education [12]. Previous studies have pointed out that the adoption of AIGC tools in higher education may be influenced by many factors. For example, AIGC technology can show significant potential in enhancing learning experience and effectiveness with rich data resource support, ease of use and flexibility, and efficient feedback mechanisms [13]. However, the user’s adoption attitude and usage effect vary in different disciplines and task contexts, which reflects the diversity and complexity of AIGC’s willingness to adopt [14]. At the same time, concerns persist among educational users regarding the quality, originality, and novelty effects of AIGC-generated content [15,16,17]. These issues may cause educated users to reduce or even stop using AIGC tools, thereby affecting the continued intention to adopt the technology and the continued intention to educate.



Despite existing studies having explored various factors influencing AIGC in education, most of these studies focus on technology-intensive disciplines such as computer science, engineering, and medicine [18]. Research on the unique demands and adoption dynamics within ACG education remains relatively scarce. Furthermore, most studies rely on single-variable analysis methods, such as the use of regression analysis or structural equation modelling (SEM) to assess the net effect of a single factor [19,20], which limits the understanding of complex interactions between multiple factors. To address these limitations, this study employs a mixed-method approach combining fuzzy-set qualitative comparative analysis (fsQCA) and necessary condition analysis (NCA) to explore the determinants influencing AIGC tool adoption in ACG education contexts. fsQCA is effective in uncovering complex interrelationships among multiple factors and identifying configurational combinations that explain adoption outcomes, aligning well with the multifaceted nature of technology adoption in educational environments. Meanwhile, NCA helps determine whether specific factors serve as prerequisites for the continued adoption of AIGC tools, providing critical insight into necessary conditions. Guided by this methodological approach, the study proceeds through four key steps. First, it identifies key variables influencing the continuance intention to adopt AIGC tools in ACG education, based on complexity theory. Second, NCA is conducted to determine essential conditions for educational users’ continued adoption of AIGC tools. Third, fsQCA is applied to explore configurational effects, uncovering how combinations of conditions lead to high or low continuance intention. Finally, the complex interrelationships among influencing factors are interpreted, enabling predictions of adoption behaviours in ACG education contexts. Together, these steps create a comprehensive analytical framework for investigating the multifaceted dynamics of technology adoption in educational environments.



As a result, this study makes several key contributions to the existing literature. First, it constructs an analytical framework for understanding continuance intention toward AIGC adoption in ACG education settings, systematically explaining various factors influencing technological co-creation experiences. Second, it extends the theoretical perspective of technology adoption by integrating NCA and fsQCA methodologies within the complexity theory framework. Third, by comparing the configurational relationships among key factors and their effects, the study identifies various pathways that either promote or hinder continuance intention for learning. These findings provide practical recommendations for optimizing AI tool adoption, curriculum design, and instructional strategies.



This article is structured as follows: Section 2 provides a theoretical background and literature review on AIGC and educational technology adoption. Section 3 explains the NCA and fsQCA research methodologies, and the data collection process. Section 4 presents the results of the data analyses of NCA and fsQCA, including the assessment of reliability and validity and the testing of hypotheses. In Section 5, we discuss the empirical findings and research implications. Section 6 explores the study limitations and future research directions.




2. Research Background and Related Work


This chapter reviews the applications of AIGC and related literature, establishing the theoretical and practical foundation for this study. First, it explores the transformative impact of AIGC technology in the ACG field, focusing on its integration into creative workflows and the dynamic changes in design learning and collaboration demands it has triggered. Building on this, the study examines research on the adoption of emerging technologies in educational environments, highlighting the multi-dimensional and dynamic nature of AIGC adoption, particularly in the technology-driven ACG professional education context. To systematically analyse this complex phenomenon, this chapter introduces complexity theory and the configurational perspective as guiding theoretical frameworks. Complexity theory emphasizes the interdependence and non-linear relationships among factors influencing technology adoption, while the configurational perspective focuses on the roles of sufficient and necessary conditions in shaping adoption outcomes. Guided by this theoretical framework, a comprehensive review and analysis of existing literature are conducted. Key structural factors such as relative advantage (RA), task–technology fit (TTF), social influence (SI), and facilitating conditions (FC) are integrated with personal factors including technology expectations (TE), perceived quality (PQ), and perceived trust (PT) to construct a multi-dimensional explanatory framework for technology adoption behaviour in educational settings. Finally, the causal structure and dynamic relationships among these factors are systematically elaborated, providing a solid theoretical basis for subsequent empirical research.



2.1. Applications of AIGC in the ACG Domain


Artificial intelligence-generated content (AIGC) technology has achieved ground-breaking advancements in key areas such as machine learning, deep learning, and natural language processing in recent years. This technology can rapidly generate various forms of content—including text, images, audio, video, and 3D models—by analysing and processing input data or instructions to meet specific requirements [21]. Driven by the optimisation of large-scale pre-trained models, AIGC has gradually evolved from simple content generation to the stage of cognitive functions such as exploration and decision-making. With the emergence of various intelligent and automated tools, this “human-machine co-creation” model demonstrates significant application potential in the fields of animation, comics, and games (ACG), attracting widespread attention from both academia and industry [21].



Artificial intelligence has been supporting creative design since the 1980s through systems such as computer-aided design (CAD) [8]. Since 2021, the emergence of AIGC models such as Stable Diffusion, DALL-E 2, MidJourney, and Chat GPT has significantly advanced the field. In 2024, Open AI released the Sora text-to-video model, which enables seamless conversion from textual descriptions to video content. With the advantages of natural language interaction and graphic generation, these AIGC tools are rapidly integrating with ACG-related fields. The traditional ACG production process involves a lot of repetitive work, such as sketching, background refinement, and motion generation (Figure 1). The introduction of AIGC tools at key stages of the workflow has dramatically increased the automation of heavy tasks such as split-screen drawing, colour filling, scene modelling, motion capture, and special effects editing, significantly improving the creative efficiency [21,22]. AIGC tools can automatically generate plot lines, character dialogue, and full action based on a small amount of information based on background and character settings. In addition, through AI-driven deep learning capabilities, the AIGC tool can automatically optimise elements such as brightness, contrast, and texture in game graphics, effectively breaking through the bottleneck of traditional rendering in terms of detail performance [23]. This demonstrates that AIGC technology not only helps creators break free from the limitations of traditional design, but also plays a significant role in the innovation of content creation, visual effects, and narrative techniques [22,24].



AIGC tools are transforming from tools to improve efficiency to the core of driving content innovation. With the development of the human–computer collaboration model, AIGC gradually improves the industry’s production standards and employment demand development [25]. In the future, mastering AIGC technology and design innovation will become the core competence of ACG practitioners [26].




2.2. Adoption of AIGC Tools in Education


The United Nations Educational, Scientific and Cultural Organization (UNESCO) has identified the digitalisation of education as a key strategy for achieving sustainable development in education, with the aim of leveraging the power of digital technology to achieve equitable, quality education for all throughout life [27]. Higher education institutions, as key stakeholders in the development of creative industry talent, are responsible for providing cutting-edge technologies and responding to industry developments [28].



Existing research shows that AIGC can simplify the learning process for complex tasks, reduce the learning curve, and increase the availability of educational resources and the inclusiveness of education [29]. In ACG education, the technological advantages of AIGC not only improve the efficiency of learning and idea realisation, but also stimulate innovative thinking and enhance students’ higher-order competencies and learning performance [13,19]. Thurzo et al. [30] state that educational institutions need to continuously update their curricula and teaching methods to help students acquire the basics of AI and promote the use of AIGC. However, many higher education institutions face the “time lag dilemma”, whereby new knowledge and technologies are embedded in the curriculum at a rate that lags behind the pace of technological and industry developments [9,31].



Prior to the advent of AIGC technology, extensive research has been conducted on the successful implementation of new digital technologies such as augmented reality (AR), virtual reality (VR), and chatbots in education. Previous studies have used a variety of theoretical and practical approaches to predict and explain the determinants of effective user adoption of educational technologies. The results show that the factors influencing technology adoption are complex and multidimensional [32,33]. From an environmental and organizational perspective, technical training and resource support provided by the organization can increase the confidence and willingness of educational users [8]. At the individual level, prior experience with the technology, usage habits, and perceived efficacy can influence users’ attitudes [34]. In addition, educational users’ concerns about the quality of AIGC-generated content, trust, and ethical issues can lead to cautious adoption of AIGC tools in the educational domain [35]. And Buabeng-Andoh [36] emphasised that AIGC technology acceptance is also closely related to exclusivity and its relevance and applicability to specific professional learning tasks, which shows the need for research on the adaptation of AIGC tools in specific domains.



AIGC technology is currently undergoing rapid development, with its generative capabilities and the adoption willingness of educational users exhibiting dynamic changes. Existing theoretical frameworks and research findings may not be able to fully reveal how AIGC is actively adopted and effectively collaborated with in professional education scenarios. In the ACG education environment, which is characterised by VUCA (volatility, uncertainty, complexity, and ambiguity) [37], it is particularly important to gain a deeper understanding of the adoption behaviours of educational users of new technologies, and to understand the impacts of AIGC on the learning experience and the quality of education.




2.3. Research Propositions


2.3.1. Complexity Theory and Configurational Perspective


Complexity theory emphasizes the intricate interactions between antecedent variables and outcome variables, where causal relationships may vary depending on different configurations [38]. This suggests that influencing factors rarely act in isolation, and the same factor may produce opposite outcomes due to differing configurational relationships [39]. Complexity theory is underpinned by three core principles: equifinality, conjunctural causation, and causal asymmetry [40]. Equifinality refers to the idea that multiple, distinct antecedent conditions can lead to the same outcome. Conjunctural causation highlights the combined effects of variables in generating outcomes. Causal asymmetry implies that under different contexts, a specific condition may either appear or not appear when a particular outcome occurs [41].



This theoretical foundation aligns well with the diverse and dynamic nature of AIGC tools in the ACG educational environment, characterized by context-specific user behaviours. To explore the continued adoption of AIGC tools in ACG education, this study selects three key dimensions: technological attributes, user perceptions, and environmental factors. The selection of these dimensions is based on multiple academic and practical considerations: First, technological attributes determine how users evaluate and adopt new technologies. Drawing on the Diffusion of Innovations Theory (DIT), technological characteristics such as relative advantage (RA) and task–technology fit (TTF) play a crucial role in understanding adoption decisions. Second, environmental factors encompass the social and organizational contexts influencing technology adoption. This dimension is supported by the Unified Theory of Acceptance and Use of Technology (UTAUT), which highlights the critical role of external social influence and resource availability in driving technology implementation. Finally, user perceptions capture subjective evaluations related to psychological expectations and trust. This dimension is guided by the Information Systems Success Model (ISSM) and related theories, emphasizing the importance of users’ perceptions of system performance, content quality, and security for long-term adoption intentions. By integrating these three dimensions, this study constructs a robust explanatory framework that systematically reveals the interdependencies among multiple factors, non-linear dynamics, and diverse outcome possibilities emphasized in complexity theory, providing comprehensive theoretical support and a basis for empirical analysis.




2.3.2. AIGC Continued Intention


Continued intention to adopt AIGC technologies refers to the user’s intention and behaviour to continuously integrate AI tools into the design process or learning process in an ACG educational environment [42]. This continued intention not only reflects the user’s commitment to the long-term use of these tools in creative and educational activities, but also their choice based on a comprehensive consideration of multiple factors such as technical features, organisational environment, and personal cognition [42,43].



The continued intention to use technology is seen as an important manifestation of post-adoption behaviour, which goes beyond the initial acceptance stage and focuses on how users interact with technology over the long term and on an ongoing basis [43]. Previous studies have established theoretical foundations for analysing users’ continued adoption behaviour through frameworks such as the Technology Acceptance Model (TAM) [44], the Unified Theory of Acceptance and Use of Technology (UTAUT) [45], and the Diffusion of Innovation Theory (DOI) [46]. In the adoption of AIGC technology, users are usually motivated to repeatedly use and continuously integrate it based on positive feedback such as experience with innovative technologies, efficiency gains, and improved educational outcomes [47]. In addition, users’ perceptions of the technology’s reliability, demand fit, and long-term collaboration potential are also key factors driving continued intention [48]. However, during the diffusion of innovation stage, users may refuse or stop using an innovative technology after adopting it [49,50]. Therefore, it is particularly important to study ACG education users’ continued intention to use AIGC tools for educational collaboration in a dynamic technological context. This will not only help reveal user behaviour patterns in the professional field, but also support the long-term integration of AIGC technology in education.




2.3.3. Technological Attributes: Relative Advantage (RA) and Task–Technology Fit (TTF)


Relative advantage (RA) refers to the extent to which people perceive that a new technology is superior to existing technologies in some respects [51]. According to Diffusion of Innovations Theory (DIT), the relative advantage of a new technology is an important influencing factor for user adoption and innovation [46]. When new technologies are more effective, convenient, or economical than traditional methods, they can drive the adoption and long-term use of the technology by educational users and designers [52,53,54,55]. However, in Ertemel’s [56] study on e-technology, relative advantage had no significant effect on attitudes and behavioural intentions. In this study, the relative advantage of AIGC tools is defined as a significant advantage in terms of production efficiency, ease of use, and creativity. For example, tools such as Midjourney are characterised by their ability to quickly generate character prototypes and iteratively optimise them, the ease and high degree of the personalisation of cross-modal interactions, and the advantages of observability and experimentation [57,58,59].



Task–Technology Fit (TTF) refers to the alignment between the characteristics of a technology and the specific requirements of a task [48]. According to TTF theory, the adoption of a technology depends not only on users’ perceptions of the technology’s inherent features (e.g., relative advantage and the ease of use) but also on whether the new technology effectively supports the specific task requirements of the users [60,61]. In an ACG educational setting, TTF refers to the degree of fit between AIGC tools and tasks at various stages of the design process, such as animation production and game effects, from idea generation to technical execution. Strong et al. [62] found that higher TTF increased user satisfaction and increased the adoption of intelligent software, while reducing perceived risk and ultimately improving learning motivation and performance [63,64,65]. Given the high complexity of professional learning and design tasks in the ACG field, students are likely to prioritize adopting technological tools that better align with their design tasks, thereby maximizing the benefits derived from new technologies [66].




2.3.4. Environmental Factors: Social Influence (SI) and Facilitating Conditions (FC)


Social influence (SI) and facilitating conditions (FC) are the core influencing factors in the Unified Theory of Acceptance and Use of Technology (UTAUT) [20]. Social influence refers to a widespread social-psychological phenomenon in which an individual’s behaviour, attitudes, or beliefs are influenced by others or the surrounding social environment [20,45]. The prevailing environmental trends created by AGC industry standards, school teaching settings, and media opinion will serve as norms and guides for users’ technology adoption behaviours. In emerging technology environments, social influencing significantly drives the mixed implementation of the new technologies in teaching and learning and is a major predictor of technology adoption behaviour [45,65].



Facilitating conditions refer to the perceived availability of organizational and technical infrastructure required to support the use of specific technologies [45]. In AGC educational scenarios, this factor mainly includes computer equipment, design software, stable Internet connections, and well-structured educational resources (e.g., lesson plans and technical training). It has been shown that the availability and timeliness of conditional resources are important factors limiting the use of AI technologies [8,67]. Positive organisational support can help boost user confidence in use, while adequate hardware and software resources reduce cognitive load and alleviate the technical challenges posed by new tools [68]. All of these facilitating conditions affect users’ judgement of their ability to use the new technology [69], so we include facilitating conditions in the discussion of antecedent variables.




2.3.5. User Perception: Perceived Quality (PQ), Technology Expectations (TE), and Perceived Trust (PT)


Perceived quality (PQ) typically encompasses multiple dimensions of system performance and content generation outcomes [70]. It reflects users’ subjective evaluation of the technical and creative outputs of AIGC tools, with a particular focus on the accuracy, usability, and innovativeness of the generated content [71]. Perceived quality is often used as an important indicator when evaluating the effectiveness of educational technology tools [72,73]. High quality AIGC-generated content, characterized by creativity, visual appeal, and consistent performance, can significantly enhance user satisfaction and acceptance of the new technologies [74,75].



In this study, technology expectations (TE) are defined as ACG education users’ psychological expectations regarding the functionality, ease of use, and innovativeness of AIGC tools. In the context of ACG education, users’ expectations of technology encompass not only its ability to enhance design efficiency but also its potential innovative value, including performance expectations, effort expectations, and innovativeness expectations [45,76]. Liu [68] found in his study that university students’ expectations of AI tools like ChatGPT for solving complex problems and improving creative efficiency significantly impact adoption rates. These expectations influence not only users’ initial attitudes but also determine their long-term usage behaviours and levels of reliance [77,78].



Perceived trust (PT) refers to users’ subjective expectations and assessments of the long-term reliability and security of AIGC tools when using them. In this study, perceived trust covers not only the stability and accuracy of content generated by AI technology, but also users’ concerns about design data privacy protection, industry code compliance, and safeguarding intellectual property rights. Data licensing ambiguity and misuse can lead to originality disputes and infringement [16,79], especially in ACG projects involving confidential content, and data security affects designers’ trust in AIGC. In addition, many teachers are concerned that AIGC may weaken students’ ability to think critically, creatively, and independently, and the educational field is more cautious as a result [80,81]. As a result, educational scenarios show a more cautious attitude towards the trust factor when introducing AIGC tools.




2.3.6. Research Framework


Based on the above discussion, we propose a conceptual framework (see Figure 2), which illustrates the structural relationships between the factors influencing technology adoption and their impact on the continuance intention of ACG education users. The antecedent variables include three dimensions: technological factors, environmental factors, and user perceptions. Specifically, these are seven causal conditions: relative advantage, task–technology fit, social influence, facilitating conditions, perceived quality, technology expectations, and perceived trust. The outcome variable is the continuance intention of ACG education users towards AIGC technology tools. This study proposes the following questions:




	
Question 1. Is there a single factor that serves as a necessary condition for ACG education users’ continuance intention to adopt AIGC tools?



	
Question 2. What sufficient configurations of antecedent factors promote or inhibit the continuance intention to adopt AIGC tools, and what are the dominant factors in these configurations?



	
Question 3. How do these configurations interact and drive user adoption?











3. Materials and Methods


3.1. Methods


This study employs a combination of fsQCA and NCA to examine the configurational effects of factors influencing the willingness to adopt AIGC tools. Qualitative comparative analysis (QCA) is an analytical method that integrates the strengths of both quantitative and qualitative research, making it suitable for exploring the interactive effects among multiple factors within specific social phenomena [82]. Two commonly used forms of QCA are crisp-set QCA (csQCA) and fuzzy-set QCA (fsQCA) [82,83]. Among them, fsQCA is a fuzzy-set qualitative comparative analysis based on the truth table and path analysis can explain the causal relationship and subordination between variables in a finer way, which has strong applicability in both theoretical research and practice [84]. In this study, users’ continued adoption intention is not necessarily caused by a single reason and may have complex causal relationships. Therefore, applying fsQCA to process and analyse quantitative data helps identify the combinatorial effects of various configurations [39]. As a complement to fsQCA, NCA is used to identify and validate the unique impact of individual factors on the outcome [85]. NCA is particularly effective when combined with fsQCA in fuzzy-set contexts, as it not only identifies necessary conditions for the outcome variable but also quantifies the strength and bottleneck effects of these conditions [86]. Researchers have used NCA in a wide range of applications [87].



As shown in Figure 3, the analytical process in this study begins with specifying the condition sets and the outcome set, followed by reliability and validity tests to ensure the robustness of the data. On this basis, calibration is performed to convert the raw data into fuzzy-set membership scores, using percentile thresholds (e.g., fully in, fully out, and the crossover point) for classification. This process lays the foundation for the subsequent fsQCA sufficiency analysis, which identifies the configurational pathways leading to high and non-high continuance intention, revealing the underlying logic of sufficient condition combinations. In addition, NCA is incorporated prior to pathway analysis to identify necessary conditions and quantify their strength and bottleneck effects. By combining NCA and fsQCA, the analytical process examines both the necessity of individual factors and the sufficiency of multiple-factor combinations in shaping user intention, providing a more comprehensive and valuable analytical perspective.




3.2. Data Collection


3.2.1. Instrument


This study designed a survey questionnaire based on previously validated scales. The questionnaire consists of two main sections. The first section consists of six items, designed to collect basic demographic information, including gender, age, and educational background. The second section contains thirty items, measuring seven antecedent variables and one outcome variable within the research model, aimed at gaining deeper insights into participants’ learning and collaboration experiences. To ensure the reliability of the questionnaire, all measurement items were adapted from existing scales and were appropriately modified based on previous studies to align with the use of AIGC tools in professional educational settings. The questionnaire employs a seven-point Likert scale, with responses ranging from 1 (“significantly disagree”) to 7 (“strongly agree”). After the initial draft of the questionnaire was developed, the researchers conducted a pilot test with 10 participants who had used AIGC tools in 2024. Feedback was also solicited from two experts in ACG education. Based on the feedback and considering the context of Chinese universities, minor adjustments were made to the wording of the questionnaire. Finally, multiple rounds of translation and comparison were performed by professional translators to ensure the accuracy of the questionnaire. The finalized questionnaire is presented in Table 1.




3.2.2. Participants and Data Collection


Data for this study were collected online through the professional third-party platform “Questionnaire Star” (https://www.wjx.cn/), accessed on 5 July 2024. The questionnaire survey specifically targets educational users from Chinese universities who major in animation, comics, and games. A snowball sampling technique was employed to distribute the questionnaire to ACG education users in different regions through social media [94]. Initial participants were encouraged to recruit additional respondents from their own social networks. This approach facilitated data collection from a specific yet geographically dispersed population, enhancing the diversity, comprehensiveness, and representativeness of the sample.



In order to ensure that the survey respondents were in line with the research theme, the questionnaire set screening questions related to the basic user profile, asking participants whether they had used AIGC for professional learning or design collaboration in the past, and the length of time they had used it. Participants responded according to their own experiences and attitudes towards the use of AIGC design tools. A total of 336 questionnaires were collected, of which 312 were valid, with a valid response rate of 92.8%, after excluding questionnaires that took less time and those with obvious irregularities. All respondents were fully informed of the purpose of the study, the voluntary nature of participation, the potential risks involved, and the principle of confidentiality before completing the questionnaires. The demographic information of the respondents is shown in Table 2.






4. Results


4.1. Reliability and Validity Test


To ensure the reliability and validity of the questionnaire instrument before conducting the fsQCA analysis, this study examined both reliability and validity measures. Table 3 represents the validity and reliability of each variable. All variables’ Cronbach’s α are greater than 0.7, with the majority exceeding 0.8, indicating strong internal consistency [95]. Each variable’s factor loading is greater than 0.7, suggesting robust correlations with their respective latent factors and high explanatory power. Additionally, the composite reliability (CR), all exceeding 0.7, further confirms the variables’ internal consistency [96]. All average variance extracted (AVE) values are greater than 0.5, suggesting satisfactory convergent validity for the questionnaire. Moreover, as illustrated in Table 4, the square roots of the AVE values for each variable were greater than the correlation coefficients with other variables, thus providing evidence of strong discriminant validity [97].




4.2. Calibration


According to the methodological requirements of fsQCA, variable data must be calibrated prior to conducting necessity and configurational pathway analyses. Calibration involves converting raw data into fuzzy sets using Boolean algebra, with values ranging from zero to one. This process is crucial for understanding complex causal relationships and capturing data granularity. Calibration methods can be divided into direct and indirect approaches [40]. As this study uses data from Likert-scale questionnaires, the direct method is more suitable for set calibration [98]. Following the guidelines of Ragin [99], the thresholds for full membership, crossover, and full non-membership were set at the 0.95, 0.5, and 0.05 percentiles for each variable, respectively. To ensure that no cases are excluded when calculating fuzzy sets, membership scores of exactly 0.5 were uniformly increased by 0.001 [83]. The specific anchor points for the variables are shown in Table 5.




4.3. Necessary Condition Analysis by NCA


After the calibration phase, the researchers performed the necessary condition analysis to identify any conditions that must be present to achieve the expected outcome. NCA not only identifies whether a specific condition is a necessary condition for a particular outcome but also analyses the effect size of the necessary condition. Necessary condition analysis (NCA) distinguishes between observed and unobserved areas within an x–y scatter plot by constructing a ceiling line. According to Dul [100], for a variable to be classified as a necessary condition, it must meet two criteria: the effect size (d) should be ≥0.1, and the result must be statistically significant (p ≤ 0.1). Typically, the effect size for necessary conditions falls between zero and one, representing the strength of necessity [86,100].



In NCA, ceiling regression (CR) and ceiling envelopment (CE) methods were used to analyse the effects of the seven antecedent variables. As shown in Table 6, none of the variables met the dual thresholds of d ≥ 0.1 and p ≤ 0.05. This indicates that none of the examined factors are necessary conditions for predicting users’ willingness to adopt the system.



The bottleneck level refers to the minimum percentage of an independent variable’s observed range that must be met for the outcome to occur [86]. In this study, we used CE to calculate the bottleneck level [101]. As shown in Table 7, at 0% to 10% levels of user adoption intention, none of the independent variables have an impact on the outcome. At 100% user adoption intention, certain antecedent variables create bottlenecks for adoption. Specifically, this requires 77.3% relative advantage, 33.5% social influence, 56% facilitating conditions, 4.3% perceived quality, 51.1% technology expectations, and 5% perceived trust. These findings suggest that the level of user adoption intention is jointly determined by multiple conditional variables.



Building on this, the fsQCA method was applied to conduct a necessary condition analysis to validate the accuracy of the results obtained through NCA. As shown in Table 8, the consistency scores of the antecedent variables influencing user adoption willingness are all below 0.9, indicating that none of the individual antecedent variables are necessary conditions for influencing user adoption willingness [102]. This finding is consistent with the results obtained through the NCA method. Therefore, it becomes critical to further explore how multiple independent variables interact in combination to influence user adoption intentions. This highlights the importance of examining the synergistic effects of various factors rather than relying solely on individual conditions.




4.4. Sufficiency Analysis


Building on the necessary condition analysis (NCA), the researchers conducted a sufficiency analysis of seven antecedent variables. Following the thresholds commonly used by previous scholars, the original consistency threshold was set at 0.8, and cases with a PRI consistency below 0.7 were manually assigned a value of zero. The case frequency threshold was set to one [83]. The analysis was performed using fsQCA 3.0, generating complex, parsimonious, and intermediate solutions [103]. Most studies primarily focus on intermediate solutions to understand the configurational effects of antecedents on the outcome variable [104,105].



Consistent with Fiss’s study [83], this research identifies conditions that appear in both the parsimonious solution and the intermediate solution as core conditions, while those present only in the intermediate solution are considered peripheral conditions. If an antecedent variable is identified as a core condition, it signifies a strong causal relationship with the outcome variable. Conversely, if a condition variable is classified as a peripheral condition, it indicates a weaker causal relationship with the outcome variable.



4.4.1. Sufficiency Analysis of High Continuance Intention


Through the sufficiency analysis, five configuration pathways were identified to explain the high continuance intention of ACG education users toward adopting AIGC tools. The overall solution coverage of these five configurations is 0.68084, and the overall solution consistency is 0.810903, indicating that the five configurations explain approximately 68.1% of the case [103], as shown in Table 9 and Table 10.



Configuration H1 (RA*~TTF*SI*FC*PQ*TE*PT) is a driving pathway characterized by dual core conditions: relative advantage and facilitating conditions. Relative advantage and facilitating conditions collectively establish an efficient and convenient creative environment. Facilitating conditions provide users with organizational support, which further promotes the use and exploitation of technological advantages, which is important in educational contexts. In this configuration environment, the lack of TTF does not affect users’ willingness to adopt, because the dual drive of technological advantages and facilitating conditions already provides users with a strong driving force to adopt.



In the configuration paths of H2 and H3, relative advantage serves as the sole core driver of users’ continued adoption. In configuration H2 (RA*~TTF*~SI*~FC*PQ*TE*PT), task–technology fit is a core absent condition, while social influence and facilitating conditions are absent as peripheral conditions. However, perceived quality, technology expectation, and perceived trust act as supplementary conditions that promote continued adoption intentions. This indicates that even in the absence of peer feedback or sufficient organizational support, the AIGC tool can still attract continued adoption due to its performance advantages. In the H3 (RA*~TTF*~SI*FC*~PQ*TE*~PT) path, both task–technology fit, and perceived quality are simultaneously core missing conditions, indicating that ACG education users are not demanding about the quality of the final output content. Although facilitating conditions and technology expectations are only peripheral conditions in the path, they still play a supporting role. This shows that when educational users experience convenience and high performance, their reliance on social influence and their requirements for task–technology fit may be reduced accordingly. A higher technology advantage and technology expectations can enhance users’ confidence in the future of the tool, thereby making up for the lack of perceived trust [54]. These configurational effects enable users to maintain a high level of continued adoption intention for AIGC tools, even in the absence of external support or strong task congruence.



In Configuration H4 (RA*TTF*SI*FC*~PQ*PT), facilitating conditions serve as the core condition, playing a dominant role in shaping users’ adoption intentions. This indicates that in an environment where the perceived relative advantage of the technological tool is low and perceived quality is absent as a core condition, the visibility and availability of organizational and technical support become critical. The presence of peripheral conditions, such as relative advantage and task–technology fit, suggests that users still expect functionality diversity and task adaptability when using the tool. Additionally, the presence of social influence and perceived trust further supports users’ continued adoption intention. Notably, when organizational resource support is highly visible, the impact of these peripheral conditions becomes even more pronounced.



In Path H5 (~RA*TTF*SI*FC*~PQ*~TE), we observed that no core conditions were present, indicating that no single factor acts as the primary driver of users’ continuance intention to adopt AIGC tools. Task–technology fit, social influence, and facilitating conditions serve as peripheral presence conditions, demonstrating that while these factors are not decisive, they provide some degree of support for users’ willingness to use AIGC tools. Meanwhile, the absence of relative advantage, perceived quality, and technology expectations as peripheral conditions reflects users’ relatively low demand for improvements in tool performance, content quality, and future potential applications.




4.4.2. Sufficiency Analysis of Non-High Continuance Intention


As shown in Table 9 and Table 11, the fsQCA results reveal three configurations associated with non-high continuance intention of AIGC tools in the context of ACG education. These configurations exhibit a consistency score of 0.810903, exceeding the threshold of 0.8, indicating that they effectively explain the non-high continuance intention of participants toward AIGC tools [103]. Additionally, the coverage value is 0.645929, suggesting that these three configurations account for 64.5% of the cases with non-high behaviour intention.



Specifically, configuration N1 (RA*~TTF*~SI*~FC*~PQ*TE*~PT) identifies technology expectation as the sole core condition. However, the absence of social influence, facilitating conditions, and perceived trust as core conditions results in weaker continuance intention. This highlights that a lack of external environmental support hampers users’ ability to adopt AIGC tools. Particularly in educational contexts, the absence of peer recognition and facilitating conditions may lead to operational or learning challenges when using AIGC tools, thereby making it difficult for users to establish trust in the new technology. While technology expectation may initially attract users, it remains insufficient on its own to sustain a high level of continuance intention over time.



In path N2 (~RA*~TTF*SI*~FC*PQ*TE*~PT), technology expectations again emerge as a core present condition, with perceived trust remaining absent. The lack of relative advantage, task–technology fit, and adequate facilitating conditions is observed as peripheral absent conditions. This indicates that, despite users’ positive expectations for the future development of the tool, the effect of technology expectations is weakened due to a lack of trust. The reduced technological advantages may further make users doubt the future potential of AIGC and reduce their motivation to use it.



In addition, in Pathway N3 (~RA*~SI*FC*~PQ*~TE), relative advantage is identified as the core absent condition, indicating that when the perceived relative advantage of the tool is not significant, users’ adoption intentions are significantly hindered. Particularly in the absence of technology expectations, social influence and quality performance, the only facilitating conditions cannot be used as core conditions to increase the user’s continued intention to use.





4.5. Robustness Tests


To assess the robustness of the research findings, we conducted additional tests by adjusting the consistency threshold, the minimum case frequency, and the PRI threshold [106,107]. In this study, the original consistency threshold was increased from 0.80 to 0.85. After reapplying the truth table minimization, the resulting solutions remained unchanged. Therefore, the solution pathways generated in this study are robust and reliable.





5. Discussion


Based on previous research and complexity theory, this study explores the key configuration paths of users’ continued adoption of AIGC tools in the ACG education scenario. The research results verify and respond to the research propositions proposed previously.



5.1. The Synergistic Effects of Multiple Factors


First, the results of the necessary condition analysis (NCA) indicate that no single factor meets the threshold for necessity, meaning that no individual factor can solely determine users’ continuance intention. This finding is consistent with the assumptions of Complexity Theory, which states that the adoption of educational technology is the result of the interaction of multidimensional factors such as technological characteristics, user perceptions and the external environment [108]. The research results also show that although technological advantages and facilitating conditions appear in multiple paths, their effectiveness still needs to be supported by peripheral conditions. This observation is consistent with the study by Tiwari et al. [109], further highlighting the intricate impact of multi-condition combinations on educational technology adoption behaviours.




5.2. Configuration Path Characteristics and Mechanisms of Action


Through sufficiency analysis, we identified five high continuance intention paths (H1–H5) and three low continuance intention paths (N1–N3). Based on the core elements and configurational relationships within these paths, they can be categorized into three types: “Technology-Driven”, “Resource-Dependent”, and “Peripheral-Support”.



Firstly, Paths H1, H2, and H3 represent “Technology-Driven” configurations, where the functional advantages of AIGC tools serve as the key drivers of user adoption. These findings suggest that developers and educational institutions should optimize the core technological capabilities of these tools and effectively communicate their practical advantages in design tasks to generate greater appeal among educational users. In these paths, despite the lack of task–technology fit and social influence and other conditioning factors, the prominence of technological advantages can still effectively attract users. This echoes previous research, which has shown that the AIGC tool’s superior personalised functionality and production efficiency significantly affect users’ willingness to adopt it [110,111] and can enhance technology expectations and trust [79,88]. However, Awe and Ertemel present a contrasting perspective, arguing that relative advantage has no significant effect on attitudes and behavioural intentions [56]. This discrepancy may arise from the context-specific nature of technology adoption. In the ACG educational context, users focus more on leveraging the functional advantages of tools to enhance self-expression and future development potential, where technological superiority directly impacts learning outcomes and user engagement. Therefore, for developers and educational institutions, optimizing the core technological capabilities of AIGC tools and effectively communicating their practical advantages in real-world design tasks will generate greater appeal among educational users.



Secondly, Paths H1 and H4 exhibit the characteristics of “Resource-Dependent” configurations. In this type, facilitating conditions serve as core conditions that play a critical role, especially when the relative advantage of technology is less pronounced. Organizational support and adequate resources significantly enhance users’ adoption intentions. The findings indicate that providing additional educational resources, such as hardware facilities and technical assistance, can partially compensate for the functional limitations of AIGC tools, lower adoption barriers, and boost users’ confidence in using these tools [76,112]. This aligns with prior research emphasizing the positive effects of resource availability and technical support on the adoption of the new technologies [8,67], further underscoring the importance of facilitating conditions in educational settings.



Thirdly, Path H5 represents a “Peripheral-Support” configuration. The characteristics of this path show that not all educational contexts require the high performance of AIGC technology to support them, and that the configuration of peripheral conditions can also maintain users’ willingness to actively adopt. The interaction of facilitating conditions, task–technology fit, and social influence aligns with the fundamental support elements typical of traditional educational environments. Under this configuration, AIGC tools, even if they do not fully meet the specific requirements of each task, can still be widely accepted and actively used by users. This is particularly applicable to foundational education or simple design tasks, offering practical guidance for resource-constrained teaching environments. Additionally, the effective configuration of peripheral conditions further underscores the significance and complexity of multi-factor configurations in specific educational contexts [113,114,115].




5.3. Non-Core Roles of Task–Technology Fit and Perceived Quality


An intriguing finding emerged in the configurations: task–technology fit, and perceived quality were not identified as key factors promoting positive adoption intentions in most paths. This result is different from the traditional task–technology fit theory and Information Systems Success Model perspectives. These theories usually emphasise the importance of task–technology fit and system content quality in user adoption intention [65,66,116]. This difference may stem from the technology-intensive and idea-driven nature of ACG education [117,118]. Students and teachers in the ACG field are more concerned with the flexibility of tools and their ability to support diverse creative needs than with the strict fit of tools to specific tasks. In creative education contexts, where projects often involve non-linear, exploratory design processes, users may value adaptive tool features more than pre-defined task compatibility. Furthermore, the fact that perceived quality was not a core factor further suggests that educational users adopt AIGC tools primarily for ideation, experimentation, and inspiration generation, rather than expecting polished, final outputs. This behaviour aligns with constructivist learning theories and cognitive science research, which highlight the importance of exploratory and experiential learning [119,120].




5.4. Significance


This study employed NCA and fsQCA to investigate the determinants of ACG users’ continuance intention to adopt AIGC tools, elucidating their distinct configurational paths and synergistic effects. These findings contribute theoretical advancements to the existing literature. While previous studies have explored various determinants of digital technology adoption in educational innovation, they primarily focused on linear and symmetric relationships, failing to capture the complex interplay among multiple factors. By introducing Complexity Theory into the study of AIGC tool adoption, this research enriches the theoretical perspectives in the technology adoption domain and provides a novel approach to understanding the holistic adoption experiences of educational users. Through the identification of five distinct configurational paths, this study demonstrates how various causal conditions interact to drive the positive application of AIGC tools in ACG education. Notably, the findings reveal that task–technology fit and perceived quality are not key factors in specific contexts, challenging their traditionally assumed universality in technology adoption models. This insight provides a new understanding of the applicability of traditional technology adoption theories to the unique professional context of ACG education, extending their relevance and explanatory power. Additionally, the study’s results offer a comprehensive perspective for future research to explore the complex causal relationships underlying the integration of technology and education.



As the AIGC tool continues to improve and develop, and as the needs and experiences of ACG education users continue to change, the different configuration paths identified by this study will help create a sustainable education framework and provide a good reference for educational institutions and teaching administrators to formulate personalised and intelligent teaching policies for the future.



First, educational institutions should prioritise improving facilitating conditions, optimising resource configuration, and promoting the fair distribution of educational resources. By providing resource support and technical infrastructure guarantees, students can be ensured convenient access to AIGC tools. Building a supportive technical environment not only enhances students’ self-confidence, but also promotes independence and creativity, helping students complete learning and design tasks more efficiently. Second, by taking full advantage of the efficiency and flexibility of AIGC tools, the strict fit between tools and learning tasks in the teaching process can be reduced, allowing them to adapt to diverse design and learning needs and enhance student engagement. Educational institutions should focus on the innovative functions of the tools to stimulate students’ creativity and inspiration, and further enhance the learning motivation and self-efficacy of educational users. Finally, although perceived trust is not a core factor in all paths, it has a potential influence on the long-term adoption of technology. Educational institutions should establish a sound support and feedback mechanism to help users understand the functional advantages and controllability of AIGC tools, thereby enhancing their sense of trust in the tools and promoting their willingness to use them in the long term.





6. Conclusions


This study employed the fsQCA method to explore different configurational pathways influencing Chinese users’ continuance intention to adopt AIGC tools in ACG educational contexts. While previous research suggests that relative advantage, task–technology fit, social influence, facilitating conditions, perceived quality, technology expectations, and perceived trust may positively affect the adoption and diffusion of the new technologies, the results of NCA and fsQCA indicate that no single factor is sufficient to serve as a necessary condition for the continued adoption of AIGC tools in ACG education. However, relative advantage and facilitating conditions demonstrated stronger influence. Notably, task–technology fit and perceived quality did not exhibit significant effects in the high adoption intention pathways. The study identified five configurational pathways leading to high user adoption intention, categorized into “Technology-Driven”, “Resource-Dependent”, and “ Peripheral-Support“ models. The findings reveal the diversity and nonlinearity of the factors influencing the adoption of AIGC tools within the field of ACG professional education. The analysis highlights the positive impact of various configurational pathways on enhancing user experience and offers a deeper understanding of the complex interactions among multiple factors. These results further deepen our understanding of how AIGC tools can be applied in specific educational contexts, providing key insights and empirical support for their long-term integration into the education system. It also proposes a more inclusive, personalised, and sustainable strategy for the use of educational technology for the development of creative education.



While this study has yielded valuable insights, it also has the following limitations. First, it identified seven key factors as the configurational conditions influencing the continued adoption of AIGC tools by ACG education users. However, the number of factors considered may limit the comprehensiveness of the analysis. Future research could expand the configurational perspective to incorporate additional potential influencing factors, such as innovation support, learning motivation, and personal digital literacy, to enhance both the breadth and depth of the configurational analysis. In addition, the data collection in this study focused on the ACG education scenario in China, and the results may be influenced by specific cultures and education systems. Therefore, future research should be validated in more countries and regions to explore the applicability and validity of configuration pathways in different educational contexts.
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Figure 1. AIGC in ACG production. 
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Figure 2. Conceptual framework. 
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Figure 3. The process of NCA and fsQCA analysis. 






Figure 3. The process of NCA and fsQCA analysis.



[image: Sustainability 17 00144 g003]







 





Table 1. Questionnaire scales and references.
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Variable

	
Items/Issues

	
Refs.






	
Relative Advantage

(RA)

(4 items)

	
RA1 AIGC tools can quickly generate the required content and provide creative support based on my input and feedback.

	
[41,43,80,88]




	
RA2 Compared to traditional professional design software, AIGC tools are easier to use.




	
RA3 AIGC tools simplify the creative process and reduce design and production costs.




	
RA4 The richness and diversity of generated content improve my learning and creative efficiency.




	
Task–Technology Fit

(TTF)

(3 items)

	
TTF1 I believe the information processing capabilities of AIGC tools meet my learning and design needs.

	
[89,90,91]




	
TTF2 AIGC tools can adapt well to my existing learning styles and task workflows.




	
TTF3 The functional modules provided by AIGC tools can align with different stages of professional learning and design tasks.




	
Social Influence

(SI)

(4 items)

	
SI1 Recommendations from people important to me influence my decision to use AIGC technology.

	
[19,69,84]




	
SI2 If many people in my learning and creative team use AIGC tools, it influences my choices and decisions.




	
SI3 Trends in the ACG industry affect my choices and decisions




	
SI4 Promotions and advertisements for AIGC technology influence my decision to use it.




	
Facilitating

Conditions (FC)

(4 items)

	
FC1 My organization provides sufficient technical and learning resources.

	
[43,67,69,84]




	
FC2 My organization provides the necessary hardware and network conditions.




	
FC3 My organization offers good technical training and support.




	
FC4 If I encounter issues using AIGC tools, I can receive assistance and guidance from my organization or instructors.




	
Perceived Quality

(PQ)

(4 items)

	
PQ1 The content generated by AIGC is creative and provides inspiration and new ideas for my designs.

	
[56,63,65]




	
PQ2 The visual aesthetics of AIGC-generated content are excellent and meet design standards.




	
PQ3 AIGC tools can generate high-quality pre-production animation content, including 2D and 3D character design, scenes, and storyboards.




	
PQ4 AIGC tools can quickly process dynamic videos and deliver high-quality visual effects.




	
Technology

Expectations (TE)

(4 items)

	
TE1 AIGC tools make learning and designing easier.

	
[19,84,92]




	
TE2 AIGC tools help create better works.




	
TE3 AIGC tools increase the chances of success in learning and design tasks.




	
TE4 The performance of AIGC tools meets my overall expectations.




	
Perceived Trust

(PT)

(3 items)

	
PT1 AIGC tools provide reliable and accurate content outputs for my creative design tasks.

	
[19,70]




	
PT2 AIGC tools ensure data security and privacy.




	
PT3 I am not concerned about intellectual property-related issues.




	
Continuance Intention (CI)

(4 items)

	
CI1 I will prioritize AIGC tools when I have relevant learning or design needs.

	
[19,88,93]




	
CI2 I intend to continue using AIGC tools in the future.




	
CI3 I will maintain or even increase my current frequency of using AIGC tools in the future.




	
CI4 I am willing to recommend AIGC tools to people around me.











 





Table 2. The demographic information of the participants (N = 312).
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Measure

	
Items

	
Frequency

	
Percentage (%)






	
Gender

	
Male

	
112

	
35.9




	
Female

	
200

	
64.1




	
Major

	
Animation

	
162

	
51.9




	
Comics

	
67

	
21.5




	
Games

	
83

	
26.6




	
Occupation

	
Student

	
270

	
86.5




	
Teacher

	
42

	
13.5




	
Educational

	
Undergraduate

	
233

	
74.7




	
Postgraduate

	
65

	
20.8




	
PhD

	
14

	
4.5




	
History of AIGC Usage

	
≤3 months

	
137

	
43.9




	
3~6 months

	
49

	
15.8




	
7~12 months

	
55

	
17.5




	
1~2 years

	
71

	
22.8




	
Frequency of AIGC Usage

	
≥4 times per week

	
65

	
20.8




	
1~3 times per week

	
88

	
28.1




	
≥1 times per month

	
127

	
40.6




	
<1 times per month

	
33

	
10.5











 





Table 3. Results of reliability and validity tests.
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	Factor Loading
	Cronbach’s α
	CR
	AVE





	RA
	0.782
	0.899
	0.697
	0.653



	TTF
	0.735
	0.686
	0.603
	0.715



	SI
	0.854
	0.675
	0.869
	0.869



	FC
	0.795
	0.855
	0.850
	0.626



	PQ
	0.840
	0.788
	0.667
	0.814



	TE
	0.713
	0.706
	0.778
	0.759



	PT
	0.768
	0.644
	0.630
	0.647



	CI
	0.756
	0.819
	0.844
	0.796










 





Table 4. Differential validity test.
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	RA
	TTF
	SI
	FC
	PQ
	TE
	PT
	CI





	RA
	0.817
	
	
	
	
	
	
	



	TTF
	0.798
	0.548
	
	
	
	
	
	



	SI
	0.667
	0.825
	0.722
	
	
	
	
	



	FC
	0.523
	0.707
	0.804
	0.777
	
	
	
	



	PQ
	0.722
	0.622
	0.646
	0.655
	0.813
	
	
	



	TE
	0.781
	0.819
	0.695
	0.814
	0.651
	0.763
	
	



	PT
	0.609
	0.769
	0.584
	0.799
	0.549
	0.658
	0.601
	



	CI
	0.812
	0.823
	0.766
	0.716
	0.714
	0.613
	0.611
	0.787










 





Table 5. Variable calibration anchors.
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	RA
	TTF
	SI
	FC
	PQ
	TE
	PT
	CI





	Full Membership
	5.75
	6.00
	6.00
	5.75
	5.50
	5.75
	6.00
	5.75



	Crossover Point
	4.25
	4.00
	4.25
	4.00
	4.00
	4.00
	4.00
	4.25



	Full Non-Membership
	2.75
	2.00
	2.25
	2.25
	2.50
	2.25
	2.00
	2.50










 





Table 6. Results of NCA.
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	Conditions
	Methods
	Accuracy
	Celling Zone
	Scope
	Effect
	p-Value





	RA
	CR
	96.50%
	0.036
	0.969
	0.037
	0.005



	
	CE
	100%
	0.022
	0.969
	0.023
	0.002



	TTF
	CR
	99.70%
	0.007
	0.947
	0.008
	0.415



	
	CE
	100%
	0.010
	0.947
	0.010
	0.266



	SI
	CR
	90.70%
	0.080
	0.929
	0.086
	0.000



	
	CE
	100%
	0.028
	0.929
	0.030
	0.000



	FC
	CR
	100%
	0.000
	0.957
	0.000
	0.538



	
	CE
	100%
	0.001
	0.957
	0.001
	0.515



	PQ
	CR
	95.80%
	0.049
	0.968
	0.051
	0.003



	
	CE
	100%
	0.011
	0.968
	0.011
	0.078



	TE
	CR
	92.00%
	0.051
	0.959
	0.053
	0.002



	
	CE
	100%
	0.015
	0.959
	0.016
	0.053



	PT
	CR
	90.10%
	0.051
	0.940
	0.054
	0.000



	
	CE
	100%
	0.017
	0.940
	0.018
	0.004










 





Table 7. Bottleneck table.
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	Frugal Innovation
	RA
	TTF
	SI
	FC
	PQ
	TE
	PT





	0
	NN
	NN
	NN
	NN
	NN
	NN
	NN



	10
	NN
	NN
	10.4
	8.8
	NN
	NN
	NN



	20
	NN
	NN
	10.4
	8.8
	NN
	NN
	NN



	30
	NN
	NN
	10.4
	8.8
	NN
	NN
	NN



	40
	5.4
	NN
	33.5
	8.8
	4.3
	NN
	NN



	50
	5.4
	NN
	33.5
	8.8
	4.3
	NN
	NN



	60
	43.1
	NN
	33.5
	39.8
	4.3
	NN
	5



	70
	43.1
	NN
	33.5
	39.8
	4.3
	NN
	5



	80
	43.1
	NN
	33.5
	39.8
	4.3
	NN
	5



	90
	43.1
	NN
	33.5
	39.8
	4.3
	NN
	5



	100
	77.3
	NN
	33.5
	56
	4.3
	51.1
	5







Note: NN indicates not necessary.













 





Table 8. Analysis of necessary conditions based on fsQCA.
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Continuance Intention

	
~Continuance Intention




	

	
Consistency

	
Coverage

	
Consistency

	
Coverage






	
RA

	
0.701163

	
0.729343

	
0.594615

	
0.522890




	
~RA

	
0.541325

	
0.612333

	
0.692216

	
0.661962




	
TTF

	
0.715153

	
0.699937

	
0.638698

	
0.528466




	
~TTF

	
0.518216

	
0.629162

	
0.637347

	
0.654169




	
SI

	
0.708022

	
0.710360

	
0.637153

	
0.540427




	
~SI

	
0.541941

	
0.638561

	
0.658520

	
0.655966




	
FC

	
0.634966

	
0.675098

	
0.648182

	
0.582607




	
~FC

	
0.607420

	
0.671296

	
0.638528

	
0.596578




	
PQ

	
0.699894

	
0.692381

	
0.637118

	
0.532837




	
~PQ

	
0.527768

	
0.632400

	
0.632176

	
0.640396




	
TE

	
0.733536

	
0.703315

	
0.656187

	
0.531885




	
~TE

	
0.511771

	
0.637776

	
0.633979

	
0.667928




	
PT

	
0.644431

	
0.691651

	
0.638989

	
0.579783




	
~PT

	
0.608472

	
0.665964

	
0.660163

	
0.610834











 





Table 9. Configurations of high and non-high continuance intention for users.
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Condition

Variables

	
High Continuance Intention

	
Non-High Continuance Intention




	
H1

	
H2

	
H3

	
H4

	
H5

	
N1

	
N2

	
N3






	
RA

	
⬤

	
⬤

	
⬤

	
●

	
⊗

	
●

	
⊗

	
[image: Sustainability 17 00144 i001]




	
TTF
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●

	
●

	
⊗

	
⊗

	




	
SI

	
●

	
⊗

	
⊗

	
●

	
●
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●

	
⊗




	
FC

	
⬤

	
⊗

	
●

	
⬤

	
●
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⊗

	
⬤




	
PQ

	
●

	
●
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⊗

	
⊗

	
●

	
⊗




	
TE

	
●

	
●

	
●

	

	
⊗

	
⬤

	
⬤

	
⊗




	
PT

	
●

	
●

	
⊗

	
●
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Raw coverage

	
0.201916

	
0.195153

	
0.157895

	
0.343588

	
0.238413

	
0.191071

	
0.204045

	
0.242716




	
Unique coverage

	
0.0298808

	
0.0842441

	
0.0260859

	
0.148498

	
0.0834039

	
0.0667034

	
0.0509344

	
0.0898730




	
Consistency

	
0.945969

	
0.944201

	
0.868117

	
0.880593

	
0.826492

	
0.929281

	
0.984106

	
0.838324




	
Solution coverage

	
0.680840

	
0.645929




	
Solution consistency

	
0.810903

	
0.862748








Note: A filled circle (●) indicates the presence of a condition, while a crossed circle (⊗) indicates the absence of a condition. Core conditions are marked with large circles (representing conditions present in both the parsimonious solution and the intermediate solution), auxiliary conditions are marked with small circles, and blank indicates the “do not care” condition.













 





Table 10. Configurations of high continuance intention and key insights.
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Configurations of High Continuance Intention and Key Insights




	

	
Core Conditions Present

	
Core Conditions Absent

	
Key Insights






	
H1

	
Relative Advantage (RA) (berak/)Facilitating Conditions (FC)

	
Task–Technology Fit (TTF)

	
The dual drivers of RA and FC work together to create an efficient and convenient creative environment that makes up for the lack of TTF.




	
H2

	
Relative Advantage (RA)

	
Task–Technology Fit (TTF)

	
Even in the absence of TTFs, SIs, and FC, RA support with PQ, TE, and PT can drive continued intention to adopt.




	
H3

	
Relative Advantage (RA)

	
Task–Technology Fit (TTF) (berak/)Perceived Quality (PQ)

	
RA and TE enhance users’ confidence in the future development of the tool and make up for the shortcomings of TTF and PQ.




	
H4

	
Facilitating Conditions (FC)

	
Perceived Quality (PQ)

	
In the absence of PQ, FC play a dominant role in users’ willingness to adopt, while TTF, SI, and PT provide ancillary support.




	
H5

	
No

	
No

	
No single determining core factor, but peripheral support from TTF, SI, and FC contributes to adoption intentions.











 





Table 11. Configurations of non-high continuance intention and key insights.
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Configurations of Non-High Continuance Intention and Key Insights




	

	
Core Conditions Present

	
Core Conditions Absent

	
Key Insights






	
N1

	
Technology Expectation (TE)

	
Social Influence (SI), Facilitating Conditions (FC), Perceived Trust (PT)

	
The absence of external support (SI, FC, and PT) limits adoption, despite TE generating initial interest.




	
N2

	
Technology Expectation (TE)

	
Perceived Trust (PT)

	
Although TE is present, a lack of PT, RA, and TTF weakens adoption intention.




	
N3

	
Facilitating Conditions (FC)

	
Relative Advantage (RA)

	
Without RA, combined with the absence of SI, FC, and TE, users are unlikely to adopt the AIGC tool.
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