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Abstract

Due to the limitations of general-purpose generative artificial intelligence (GenAl) plat-
forms in meeting the needs of fashion design, Al-based integrated fashion design platforms
(AIIFDP) have emerged as a more suitable solution. As the next generation of designers,
fashion design students play a pivotal role in shaping the optimization and promotion of
AIIFDP. However, research on their continuance intention toward such platforms remains
limited. This study constructs an integrated model by combining the Unified Theory of
Acceptance and Use of Technology (UTAUT) with the Expectation-Confirmation Model
(ECM), and extending it with variables such as personal innovativeness, habit, and per-
ceived intelligence. Using a multi-stage SEM-ANN analysis, the study empirically analyzed
data from 486 questionnaires completed by fashion design students in China. The results
suggest that satisfaction is the most significant positive factor influencing continuance
intention. Moreover, performance expectancy, social influence, perceived intelligence, and
habit also exert significant effects. This study broadens the segmented perspective on the
application of GenAl in design education and validates the applicability of the extended
UTAUT-ECM model in the context of AIIFDP. It also provides theoretical foundations and
multi-level strategic recommendations for optimizing AIIFDP products and guiding their
integration into educational practices.

Keywords: generative artificial intelligence; integrated design platform; fashion design
education; continuance intention; UTAUT, ECM

1. Introduction

Amid the rapid advancement of industrial digitalization, intertwined challenges—
such as lengthy design cycles, creative fatigue, and low design efficiency [1,2]—have
impeded the digital transformation of the fashion industry. To address these problems, Gen-
erative Artificial Intelligence (GenAl) has been gradually introduced into design processes.
In particular, GenAl-based image generation platforms are emerging as key technological
enablers for fashion style design and visual expression [3]. This also signifies a shift in
fashion design from a human-dominated process to a co-creative model situated within a
human-Al interaction system [4]. At the same time, the widespread integration of GenAl
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in the fashion industry has driven a global shift in fashion design education [5]. Leading
institutions abroad, such as Central Saint Martins and Parsons School of Design, have taken
the lead in incorporating relevant platforms into their curriculum [6]. In China, fashion
design education is actively responding to this trend. High-level institutions such as the
School of Design at the Central Academy of Fine Arts have already launched digital fashion
courses and experimental teaching modules that incorporate GenAl platforms. In addition,
relevant textbooks and fashion design competitions that permit the use of Al have emerged
alongside this educational transformation. Within this trend, fashion design students—as
the next generation of designers—have become the core user group of GenAl platforms.
Although many fashion design students in China have tried using general-purpose GenAl
platforms like Midjourney and Stable Diffusion in class, these platforms primarily focus on
broad image generation domains like photography and illustration [7], are not designed
specifically for the fashion industry. As a result, the substantial gap between generated
outputs and students’ expectations—along with the absence of modules tailored to fashion
design—undermines their motivation and willingness to continue using such platforms.
To overcome this technical limitation, Chinese technology firms have recently intro-
duced Al-based Integrated Fashion Design Platforms (AIIFDP), such as LOOKAI and
Deep Thinking [8]. These platforms integrate functions like fashion sketch generation and
style transformation [9]. Crucially, unlike general-purpose GenAl platforms that produce
static, one-way outputs based solely on textual or visual prompts [3], AIIFDP function as
intelligent design systems within a human—AlI co-creation paradigm. Specifically, AIIFDP
adopts a modular design approach and supports interactive design processes. Such features
enable real-time generation of fashion renderings from users’ hand-drawn sketches, while
also allowing the system to provide intelligent design suggestions—facilitating dynamic
exchanges between user creativity and Al-generated output. This interactivity offers more
efficient support for creative expression and workflow execution in professional design
tasks (see Figure 1 for details). Currently, AIIFDPs (such as LOOK Al) are undergoing rapid
development in the fashion industry. Leading Chinese fashion brands, such as ANTA,
PEACEBIRD, and ELLASSAY, have already adopted specialized GenAl design systems in
their design and development processes. An increasing number of independent designers
have also begun using integrated Al fashion design platforms—such as AiDA, an inter-
active fashion design system developed by The Hong Kong Polytechnic University—to
support their creative work and have it showcased at fashion week events [10]. As of 2025,
LOOKALI has attracted nearly 100,000 designer users [11] and collaborated with the brand
DEMAINZ to present an Al-generated fashion collection at the 2025 China Fashion Week.
These trends increasingly indicate that such integrated Al platforms, which consolidate
various design functions, are likely to replace general-purpose GenAl platforms as the
preferred choice in the fashion industry. This has also become the reason why fashion
design institutions in China are paying close attention to and promoting the use of Al-
IFDP in the classroom, while professional students are increasingly experimenting with
it, because it can support their future career development. From a behavioral psychology
perspective, AIIFDP, like other interactive creative-generation systems, offers an engaging
and structured approach to information generation [12]. This process may trigger several
psychological responses among fashion design students, including their perception of con-
sistency between expected and actual performance [7,8,13], perceived intelligence [14,15],
reassessment of personal usage habits [16-18], and perceptions of personal innovative-
ness [16,19]. These psychological responses form a “user cognition-behavioral intention”
feedback loop, in which Chinese fashion design students’ interactions with AIIFDP influ-
ence their willingness to continue using these platforms in design learning and practice.
Therefore, such psychological responses are critical and warrant focused attention.
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Figure 1. Comparison of Platform Capabilities and Generated Fashion Designs: AIIFDP vs. General-
purpose GenAl Platforms. Note: The image in the blue box (left) was generated by the authors using
AIIFDP. The images in the green box (right) were generated by the authors using general-purpose
GenAl platforms. The visual representations of platform interfaces are for illustrative purposes only.

While research on the use of GenAl tools or platforms in design has grown in recent
years, most studies primarily focus on teaching effectiveness and the enhancement of
creative skills. They tend to emphasize the inspirational role of these tools or platforms in
coursework and the formation of initial usage intentions [5,20], whereas few have examined
the behavioral mechanisms underlying students’ continued use of such tools or platforms
following instructional and practical engagement. In addition, many studies have em-
ployed mixed samples comprising both design students and industry professionals [21,22].
However, due to differences in professional roles and usage goals, notable differences exist
between these two groups in terms of individual perceptions and psychological responses
toward the use of Al tools or platforms—differences that may be overlooked in aggregated
research findings. Even in studies that focus on students, most research participants are
drawn from disciplines such as visual communication, environmental design, or product
design [7,23]. No existing research has specifically focused on how fashion design stu-
dents perceive and utilize Al platforms within educational settings. However, fashion
design differs significantly from other design disciplines such as visual communication
and industrial design in terms of its focus on design outcomes, types of data input, Al
generation logic, and evaluation criteria. For instance, Al-generated fashion solutions are
expected to reflect fabric texture and material characteristics [4], whereas visual design typ-
ically emphasizes only the aesthetic quality of generated images. Therefore, it is necessary
to conduct targeted research specifically on fashion design students. More importantly,
the existing literature primarily centers on general-purpose GenAl tools [7,18,24], while
AIIFDP—with higher industry compatibility and consolidated functionality—has received
limited scholarly attention. In existing studies, external variables such as perceived en-
joyment [13] and perceived switching cost [21] have also been shown to influence design
students” willingness to adopt GenAlI tools, underscoring the relevance of emotional and
cost-related factors. However, most research still relies on models centered primarily on
functional dimensions, such as performance expectancy and ease of use. These models
have yet to establish a comprehensive, multi-level theoretical framework that systemati-
cally and dynamically explains the continuance behavior of design students. Given that
the interaction between AIIFDP and fashion design students extends beyond the mere
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provision of creative outputs—encompassing questions of why, how, and whether students
continue to use these platforms, as well as the influence of external conditions—the process
may be shaped by a complex set of multidimensional mechanisms. Therefore, capturing
the interplay among students’ perceptions of platform effectiveness, cognitive adaptation,
external influences, and emotional responses within this human—AI design collaboration
system is crucial for the effective integration of such platforms into fashion design educa-
tion. Without such insight, fashion design institutions risk low instructional efficiency and
the eventual marginalization of AIIFDP in educational practice.

To address the identified research gaps, this study aims to explore the following two
questions: RQ1: What types of user experiences, psychological perceptions, technical evalu-
ations, and external factors influence Chinese fashion design students’ emotional responses
toward AIIFDP during coursework and creative practices? RQ2: How do emotional re-
sponses, individual characteristics, user experiences and psychological perceptions, as well
as external influences, shape Chinese fashion design students’ continuance intention to
use AIIFDP? To this end, the study integrates the Unified Theory of Acceptance and Use
of Technology (UTAUT) with the Expectation-Confirmation Model (ECM) to construct
a comprehensive framework. Specifically, the integrated model functions as a dynamic
“perception-response” predictive system for continuance intention. In this framework, the
core constructs of UTAUT provide the motivational structure for initial engagement, while
ECM captures the post-adoption evaluative feedback loop. The measurement items for
the core variables of UTAUT and ECM were adapted to suit the context of AIIFDP. Addi-
tionally, three context-specific variables—perceived intelligence, personal innovativeness,
and habit—were incorporated to enhance the model’s contextual relevance. Specifically,
the model incorporates eight external variables across three subsystem levels: (1) at the
individual characteristics level, including personal innovativeness and habit; (2) at the
user experience and psychological perceptions level, including confirmation, performance
expectancy, effort expectancy, and perceived intelligence, which collectively assess the
impact of users’ cognitive and emotional perceptions; and (3) at the external influences
level, including social influence and facilitating conditions. This study addresses RQ1 by
examining whether confirmation, performance expectancy, effort expectancy, and facilitat-
ing conditions serve as antecedents of satisfaction. It further addresses RQ2 by examining
how the remaining seven external variables—excluding confirmation—and the endoge-
nous variable satisfaction influence continuance intention. This dual-path research model
design enables the integrated framework to both simulate the internal evaluative loop
(e.g., performance expectancy — satisfaction — continuance intention) and assess the influ-
ence of external variables (e.g., perceived intelligence — continuance intention), thereby
establishing a systematic feedback mechanism for understanding Chinese fashion design
students’ continuance intention to use AIIFDP. By incorporating dynamic perceptions
and user-centric factors such as perceived intelligence and personal innovativeness, the
model offers a more nuanced understanding of students’ continuance intention toward
AIIFDP. This approach moves beyond traditional technology acceptance frameworks that
mainly focus on static cognitive evaluations. In this context, continuance intention is not
only an indicator of sustained technology use, but also plays a critical role in explaining
students’ cognitive transformation and behavioral intention when engaging with AIIFDP in
creative processes.

Building on existing research on technology adoption among Chinese design
groups [8,21,25], this study situates the integrated UTAUT-ECM model within the unique
context of Al technology acceptance in China—characterized by a growing interest in
new Al tools or platforms, a willingness to experiment with them [13], the guiding effect
of industry-leading platforms [8], and an educational system that has begun promoting
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Al-based design tools [7] despite lingering skepticism or even negative perceptions re-
garding their generative quality [13]. Within this context, the study further examines the
applicability, boundary adaptability, and explanatory power of the integrated model. The
enhanced model provides a theoretical foundation and localized evidence for understand-
ing technology continuance mechanisms across cultures. Specifically, the study focuses on
fashion design education settings, where professional training and practical application
are closely linked, to assess how effectively the integrated model explains Chinese fash-
ion design students’ intention to continue using AIIFDP. By uncovering the multi-level
psychological and contextual mechanisms that influence continuance intention, this study
provides practical guidance for optimizing the functions of AIIFDP as a design interaction
system. Furthermore, it promotes a sustainable model of human-AI co-creation that better
aligns with students’ cognitive and behavioral needs within educational contexts.

2. Literature Review
2.1. From General GenAl to Specialized AIIFDP in Fashion Education

Currently, with the widespread adoption of Generative Adversarial Networks and
diffusion models in image generation, GenAl is rapidly transforming creative industries,
particularly fashion design [3]. At this stage, international fashion companies—including
luxury brands, designer labels, and fast fashion retailers—are actively incorporating GenAl
into their product design and development processes. This growing trend is driving fashion
education systems to update and adapt in order to meet the evolving demands of the
industry. Leading international fashion design institutions, such as Central Saint Martins
and the University of Northampton, have begun integrating GenAl into their design
curricula [6,26]. Accordingly, GenAl, as a novel technological input within both the fashion
industry and the education sector, has catalyzed structural transformation across several
interconnected systems. These include fashion innovation ecosystems, educational training
frameworks, and competency development models for students. These international
fashion education institutions are placing growing emphasis on students” ability to flexibly
apply GenAl, recognizing it as a core component of their creative capabilities.

Over the past three years, fashion design universities in China have aligned with this
wave of international educational reform by beginning to incorporate GenAl into design
education. For example, the School of Design at the Central Academy of Fine Arts has
introduced interdisciplinary courses such as Digital Fashion Design Research and Future
Fashion System Research. Similarly, the School of Fashion Design and Engineering at
Zhejiang Sci-Tech University has introduced a micro-major in “Digital Intelligence Fashion
Design” and has integrated GenAl platforms into courses such as “Fashion Pattern Design”.
In addition, several practice-oriented textbooks—such as “Midjourney Al Fashion Design
Creation Guide” and “Al and Fashion Design”—have been widely adopted in university
courses. These resources help students integrate GenAl technology into their creative
processes. These developments indicate that the influence of GenAl technologies on fashion
design education signifies a systemic transformation and adjustment of the Chinese fashion
design education model. They also highlight the necessity for pedagogical innovations that
support the effective integration of GenAl design platforms into instructional environments.

In classroom settings, fashion design students generally exhibit a strong interest in
Al design platforms, reflecting a high level of sensitivity to emerging technologies. The
ability to use GenAl platforms is also gradually becoming one of the key competitive
skills for students in the future job market [26]. These developments further suggest
that GenAl will play an increasingly vital role in the future of fashion design education.
However, most mainstream industry-grade GenAl platforms—such as Midjourney and
Stable Diffusion—remain primarily image-generation platforms [20]. These platforms
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typically provide creative inspiration in a static and one-directional manner. General-
purpose GenAl design platforms can be enhanced with plugins trained for fashion design.
However, they currently support only basic functions like line-drawing coloring and
simple style generation. The outputs often fail to match users’ creative expectations and
do not support real-time or interactive editing. Consequently, these platforms do not fully
meet the specific pedagogical requirements of fashion design education. Their complex
operations and unfamiliar technical terminology disrupt the coherence of the educational
co-creation system and often discourage students from continuing to use them beyond
classroom activities.

With ongoing advancements in innovative algorithms and system-level thinking—
such as StyleMe [2] and CrossGAI [9]—GenAl technologies are now capable of support-
ing multi-module integrated design systems. These systems include functions such as
clothing sketch generation, style fusion, and virtual garment display. Building on these
technological foundations, Chinese tech companies have recently developed Al-based
integrated fashion design platforms (AIIFDP). These platforms incorporate specialized
modules—such as sketch-to-illustration generation, rendering conversion, and intelligent
style recommendation [8]—into a unified co-creation environment. More importantly,
AIIFDP offers interactive features such as real-time illustration generation and creative
suggestions. With intuitive interfaces and workflows that better align with fashion design
logic, these platforms are attracting growing attention from both the education and fashion
industries. Fashion design students are also being increasingly encouraged to engage with
these platforms in classroom settings. However, there remains a significant research gap in
understanding fashion design students’ continuance intention toward AIIFDP. Specifically,
within the human-AlI co-creation educational ecosystem, there is a lack of systematic inves-
tigation into how psychological perceptions, usage feedback, and environmental conditions
interact to influence continuance intention. Against the backdrop of the gradual integration
of specialized platforms like AIIFDP into educational settings, this line of research becomes
particularly crucial.

2.2. Theoretical Background and Research Model

This study reviews recent research on the behavioral mechanisms underlying the
use of Al design tools or platforms (see Table 1), most of which are based on extensions
of the UTAUT or ECM models. These studies confirm the explanatory power of these
models and support the variable selection and model construction of the present research.
Moreover, a substantial portion of recent studies focuses on the Chinese context, indicating
that AI design tools or platforms have already gained a certain level of application in China.
This also suggests that exploring user behavioral intentions regarding Al design tools or
platforms within the Chinese cultural context holds substantial research value.

2.2.1. Unified Theory of Acceptance and Use of Technology

The Unified Theory of Acceptance and Use of Technology (UTAUT) was developed by
Venkatesh et al. [27]. This model incorporates four key constructs—performance expectancy
(PE), effort expectancy (EE), social influence (SI), and facilitating conditions (FC)—and
has demonstrated explanatory power for up to 70% of the variance in user acceptance
and behavioral intention [28]. Specifically, PE refers to the degree to which users believe
that the technology will enhance their performance; EE captures users’ perceptions of the
technology’s ease of use; SI reflects users’ perceptions of how important others view their
use of the technology; and FC represents users’ beliefs regarding the availability of external
support and resources.
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Table 1. Research on behavioral intentions toward Al-powered creative and design tools or platforms.

Source of

Predictive Factors

References Participants Research Objective Respondents Theoretical Model (Excluding Core Constructs of the Key Findings
p UTAUT/ECM)
i . - L - . PE — BI, EE — BI, PR —
[8] Participants in the Al-generated content China Extended UTAUT PR = Perceived I'l_Sk, CV = Commercial BI, CV — BL, CV — UB, SI
fashion industry tools value, UB = Use behavior
— BI, FC — BI
Unified affective-cognitive TF = Technophobia, PEM = Perceived SK — EE, TF — BI, PEM
[13] Design students Al design tools China consistency theory + enjoyment, SK = Subjective knowledge, = — BI, PE — BI, EE — BI,
UTAUT UB = Use behavior BI — UB
| CF — SA,PU — SA, PU
Vocational university Al text-to-image . . _ . — CI,SA — CI, CF — PE,
[23] design students technology Taiwan, China ECM + TAM PE = Perceived ease of use PE — PU, PE — CI,
PE*DE — SA
Art design students at GAI . e PE — BI, EE — BI, SI —
7] Chengdu University aided design China UTAUT ATT = Attitude BI, FC —s BI, ATT — BI
. . _ . . EE — PE, FC — EE, PA —
[22] ([i)es.lgn students and Al-powered design Not specified Extended UTAUT PA = E’ercelvgd anxiety, EE, PE — BI, PR — BI, PR
esign professionals assistance content PR = Perceived risk
— EE, SI — BI
PEOU = Perceived ease of use,
B . f . EC = Expectation confirmation, SA — CI, PU — SA, EC —
Design students and . . xpectatlor}—con 1rmat10n PP = Perceived playfulness, SA,EC — PU, PP — SA,
[21] design professionals Al drawing tools China model-information PSC = Perceived switching cost, SN — CI, SN — PEOU,
snp systems continuance model ed § g cost, PR — CI, PEOU — PSC
SN = Subjective norm, S CI
PR = Perceived risk
PEU = Perceived ease of use PU — CL PU — SA, PEU
B _ - — CI, PEU — PU, CF —
[18] Young designers AI'ge“‘frafted content China ECM + TAM EMQ‘CE_“gy“ﬁ“t' If{A ‘tHiblt' SA, SA — CI, QC — CE,
platforms = Quality of content, HA = PU, EM — PU, EM
5Q = System quality — PEU,
Ilustrator ATT = Attitude, PI = Perceived SAT — CI, CE — SA, CE
ame concent desiener intelligence, PN = Perceived novelty, — PU, PU — SA, PU —
[14] 8 IP desi P " gner Al painting tools China ECM + TAM PT = Perceived trust, CE = Confirmation ~CI, PU — ATT, ATT — CI,
emgng;, iar oon of expectation, EE = Emotion PN — SA, PT — CI EE —
pamnte experience, IE = Interactive experience CI
PEOU = Perceived ease of use, SAT — CI,CF — SA, CF
[16] Users Al painting China ECM + TAM + UTAUT + PE = Perceived enjoyment, — PU, CF — PEOU, CF
application Flow Theory HAB = Habit, FLO = Flow experience, — PE, CF — EE, CF — S,
PI = Personal innovativeness SI — CI, FLO — CI

Note: The arrows (—) indicate a statistically significant effect from the predictor to the outcome variable. The asterisk (*) denotes a statistically significant interaction used to test
moderation effects. The abbreviations used are as follows: PE = performance expectancy, EE = effort expectation, SI = social influence, FC = facilitating conditions, BI = behavioral
intention, SA = satisfaction, CI = continuance intention, PU = perceived usefulness, and CF = confirmation.
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A review of recent studies on behavioral intentions toward Al-based creative and
design tools reveals that many adopt the UTAUT framework. These studies consistently
confirm that the core constructs of UTAUT significantly influence users’ behavioral inten-
tions [7,8]. In addition, researchers have extended the UTAUT model by incorporating
external variables tailored to the characteristics of the study population. Examples include
perceived enjoyment [13], perceived risk [8], and personal innovativeness [16], which
reflect the influence of emotional responses and individual traits on behavioral intention.
For example, Li [22] investigated designers’ continuance intention toward AIGC tools by
incorporating perceived anxiety and perceived risk as external variables into the research
framework. The findings confirmed that the extended UTAUT model provided more tar-
geted predictive power. Therefore, UTAUT is a well-established theoretical framework for
predicting technology adoption. It provides a structured system model for capturing how
perceived platform effectiveness, social evaluation, and facilitating conditions collectively
shape users’ decision-making processes. Moreover, it allows for the integration of external
variables to more comprehensively explain user behavioral intentions. It also helps explain
the behavioral intentions and psychological mechanisms of fashion design students in the
process of adopting AIIFDP.

2.2.2. Expectation-Confirmation Model

The Expectation-Confirmation Model (ECM), proposed by Bhattacherjee [29], is in-
tended to explain users’ continuance intentions following initial technology adoption.
It integrates Expectation-Confirmation Theory (ECT) with the Technology Acceptance
Model (TAM). The ECM highlights how the consistency between users’ expectations and
their actual experiences influences continued usage, focusing on three key constructs:
confirmation, perceived usefulness, and satisfaction [21]. Specifically, the model posits
that confirmation significantly influences both perceived usefulness and satisfaction. Per-
ceived usefulness serves as a critical determinant of satisfaction, which in turn leads to
stronger continuance intention [29]. That is, users’ expectations are re-evaluated through
actual experience and individual perception, forming a feedback-driven dynamic mech-
anism that involves confirmation, belief updating (perceived usefulness), and emotional
evaluation (satisfaction).

The ECM has been widely applied in domains such as Al-supported digital technolo-
gies [30], smart devices [31], and human—computer interaction [32]. This is attributed to the
model’s capacity to capture how users’ cognitive reassessments and emotional feedback
evolve through engagement with Al. Empirical studies in these areas have demonstrated
the model’s effectiveness in analyzing users’ continuance intentions toward Al technolo-
gies and have confirmed the significant influence of its three core constructs: confirmation,
satisfaction, and perceived usefulness. Moreover, researchers often integrate the ECM with
other theoretical models to better suit their research contexts, particularly when examining
users’ satisfaction and continuance intentions toward technology—including in creative
design domains [23]. For instance, Fan and Jiang [21] combined the ECM with the Informa-
tion Systems Continuance Model in their empirical investigation of design students” and
practitioners’ continued use of Al-based drawing tools. Accordingly, adopting ECM as a
foundational theoretical framework will also be appropriate for studying fashion design
students’ continuance intention toward AIIFDP.

2.2.3. Research Model Integration

Although the UTAUT provides a relatively comprehensive explanation of users’ inten-
tions to adopt Al tools or platforms and demonstrates stronger predictive power than single
models such as TAM and Theory of Planned Behavior (TPB), it does not fully capture fash-
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ion design students’ continuance intention toward AIIFDP. This limitation arises from the
UTAUT’s primary focus on users’ initial decision-making during the technology adoption
phase. Due to the limitations of its framework, it overlooks post-adoption experience-
related factors such as user satisfaction and emotional responses [32]. In contrast, the
ECM centers on evaluating users’ behavioral intentions regarding continued technology
usage [31]. However, it does not incorporate other critical dimensions that influence tech-
nology adoption, such as social influence from external sources. As a result, the ECM alone
also falls short of fully explaining the mechanisms underlying users’ technology adoption
decisions [32]. Therefore, neither UTAUT nor ECM, when used in isolation, provides a
sufficiently comprehensive explanatory framework.

Thus, integrating UTAUT and ECM offers a viable approach to addressing the limita-
tions inherent in each standalone model. This integration enables the formation of a multi-
stage explanatory system that links users’ initial perceptions of usage to their continuance
intentions and traces the user journey from adoption to sustained use. Prior studies in the
fields of digital technologies and mobile information services—such as digital democracy
platforms [33], mobile payment systems [34], and mobile health applications [35]—have
demonstrated the strong predictive performance of the UTAUT-ECM integrated model.
These findings demonstrate the adaptability of this integrated model across different tech-
nological ecosystems, highlight its scalability in complex human—-application interactions,
and provide theoretical support for constructing an integrated model tailored to the AIIFDP
context in this study.

However, within the specific context of AIIFDP—an Al-driven technology—the exist-
ing integrated UTAUT-ECM model still fails to account for several critical cognitive and
individual trait dimensions. One such factor is the perceived intelligence of Al, which
refers to users’ subjective perception of the system’s intelligence and human-like capabili-
ties. This perception has been shown to significantly influence behavioral intention [36].
Secondly, personal innovativeness has been identified as a key determinant in prior studies
on emerging digital technologies [16,37]. In addition, habit has been validated as a crucial
and often non-rational predictor of technology acceptance and usage, especially in the
context of Al technology adoption [38]. The variables related to Al efficacy perceptions
and individual characteristics are operated as sub-systems nested within the UTAUT-ECM
structure, enabling a more in-depth modeling of the interaction between users and AIIFDP.

Therefore, this study integrates UTAUT and ECM to investigate the continuance in-
tention toward AIIFDP within the context of design education. To further improve the
model’s predictive capability and explanatory scope, three additional variables—perceived
intelligence, personal innovativeness, and habit—are incorporated. These three external
variables not only reflect the technical attributes of AIIFDP but also capture individual
differences that shape users’ continued usage. In addition, the integrated model includes
seven predictive variables from UTAUT and ECM: performance expectancy (PE), effort
expectancy (EE), social influence (SI), facilitating conditions (FC), confirmation (CF), satis-
faction (STF), and continuance intention (CI). This not only demonstrates the replicability
of well-established theories but also aligns closely with the specific context of this study—
fashion design students’” use of AIIFDP. The inclusion of these variables ensures both
the theoretical reliability and contextual relevance of the integrated model constructed
in this study, thereby extending the original UTAUT-ECM model. In addition, given the
conceptual and measurement overlap between perceived usefulness in ECM and perfor-
mance expectancy in UTAUT, perceived usefulness mainly concerns users’ perception of
the technology’s ability to enhance task efficiency and outcomes [23], while performance
expectancy emphasizes users’ belief and expectation that the technology will improve task
performance or help complete tasks [39]. Given the outcome-oriented nature of fashion
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design education, performance expectancy is more closely aligned with the core objective
of the model—namely, predicting students’ expectations regarding the actual effectiveness
of using AIIFDP in creative design practices. Therefore, this study chose performance
expectancy over perceived usefulness, as it is more context-sensitive and aligns with the
approach adopted in related research [40]. This choice improves the theoretical consistency
and coherence of the integrated model, while also reducing redundant integration and
enhancing the structural simplicity. Based on this integration and extension, the research
model presented in Figure 2 is developed to systematically investigate Chinese fashion
design students’ continuance intention toward AIIFDP.

Confirmation
(CF)

H1a
Vi H2a
b

Satisfaction

Personal
innovativenes

H7b
/ He Habit (HAB)

Performance

expectancy (PE H2
H1b
H3a

Effort
expectancy H3b
EE

Continuance
intention (ClI

: H9 Perceived
L H1c ~ Social H4 intelligence
influence (Sl H5 (PIT)

acilitating
conditions
FC

H5b

Main ECM Main UTAUT Contextual
predictors predictors predictors

User External Individual
experience influences characteristics
variables variables variables

Figure 2. Theoretical model.

2.3. Hypothesize Development
2.3.1. Confirmation

Confirmation (CF) refers to users’ perceived consistency between their actual expe-
rience with a technology and their prior expectations [29,40]. In the ECM, confirmation
is considered a key antecedent of both perceived usefulness and satisfaction, indirectly
affecting continuance intention [29]. Existing studies have confirmed that in contexts such
as Al-generated painting and content automation, confirmation significantly enhances
users’ perception of technological effectiveness and satisfaction [14], and also influences
their evaluation of the social influence associated with adopting Al tools [16].

In the context of AIIFDP, Chinese fashion design students may find that their learning
and practice experiences surpass their initial expectations. When this occurs, they are more
likely to recognize the platform’s efficiency and value, accept recommendations from peers,
and feel satisfied. On this basis, this study puts forward the following hypotheses:

H1a. CF positively influences performance expectancy.
H1b. CF positively influences effort expectancy.
H1lc. CF positively influences social influence.

H1d. CF positively influences satisfaction.
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2.3.2. Performance Expectancy

Performance expectancy (PE) refers to users’ belief that employing a specific tech-
nology will enhance their learning or work-related outcomes. The UTAUT predicts that
performance expectancy is the strongest predictor of behavioral intention [39]. Recent
studies in the domain of GenAl technologies have also confirmed a positive association
between PE and designers” willingness to adopt AIGC tools [13,22]. Moreover, research in
fields such as mobile technology and virtual reality has shown that PE positively influences
satisfaction [41,42]. In design education, students’ satisfaction with new technologies is
often related to improvements in design efficiency and creative expression.

The fashion industry operates in a market that places a high value on both efficiency
and quality. Similarly, when simulating real-world design tasks, fashion design students
expect AIIFDP to deliver efficient and high-quality output. Therefore, based on the UTAUT
framework, the following hypothesis is proposed:

H2a. PE has a positive relationship with satisfaction.

H2b. PE has a positive relationship with continuance intention.

2.3.3. Effort Expectancy

Effort expectancy (EE) refers to an individual’s perception of how easy it is to use a
new technology, including the time and effort required to master it [8]. Within the UTAUT
framework, EE captures users’ perceived ease of use, which subsequently influences their
user experience, satisfaction, and intention to adopt the technology. This mechanism
remains critical in both learning environments and contexts involving new technologies.
Existing studies on Al technology adoption have confirmed that EE significantly enhances
user satisfaction [42] and serves as a consistent predictor of continuance intention [43].

In the context of AIIFDP usage, if fashion design students perceive the platform as
user-friendly—with intuitive workflows and a low learning curve—they are more likely
to have a positive user experience and remain engaged in its use. Accordingly, this study
proposes the following hypothesis:

H3a. EE significantly influences satisfaction.

H3b. EE significantly influences continuance intention.

2.3.4. Social Influence

Social influence (SI) refers to an individual’s perception of whether important others—
such as superiors, elders, or peers—expect them to adopt a particular technology. It typically
reflects normative social pressure [39]. Within the UTAUT framework, SI is recognized
as a key factor influencing behavioral intention, often exerting an even stronger effect in
group-oriented or educational contexts. Recent studies in design education contexts have
confirmed that SI significantly influences students” adoption of GenAl tools [7].

Fashion design students are likely to be influenced by the expectations of their teachers
and peers [44]. They may also continue using AIIFDP due to the recognition that adopting
such platforms aligns with broader trends in the fashion industry. Therefore, the following
hypothesis is proposed:

H4. SI positively and significantly impacts continuance intention.
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2.3.5. Facilitating Conditions

Within the UTAUT framework, facilitating conditions (FC) are identified as a key de-
terminant of user behavioral intention. In the context of Al technology adoption, FC refers
to individuals’ perceptions of the internal and external resources available to support their
use of Al tools [8]. Users with more positive perceptions of such conditions are more likely
to adopt and use Al technologies—a conclusion also supported by studies in the design
domain [22]. Li et al. [8] also highlighted the positive impact of FC on the willingness of
professionals in the fashion industry to continue using Al-Generated Content Tools. More-
over, prior research on technology acceptance and continuance intention has consistently
demonstrated a strong positive relationship between FC and user satisfaction [42].

In fashion design education, the availability of teaching resources and the quality
of training related to AIIFDP—as reflections of FC—may significantly influence students’
continuance intention. Therefore, the following hypothesis is proposed:

H5a. FC significantly influences satisfaction.

H5b. FC significantly influences continuance intention.

2.3.6. Satisfaction

Satisfaction (STF) refers to a user’s subjective evaluation of the discrepancy between
their actual experience and initial expectations after using a technology [29]. According to
the ECM, STF is a key driver of users’ continuance intention. In UTAUT-based research, STF
often functions as a mediating variable and is recognized as one of the strongest predictors
of behavioral intention [42]. The link between STF and continuance intention has been
extensively validated in Al-supported domains. Studies on Al-enabled mobile banking [30],
Al-based chatbots [31], and Al voice assistants [32] consistently demonstrate a significant
positive association between STF and continuance intention.

When AIIFDP enhances fashion design students’ learning efficiency, creative ex-
pression, or the quality of their design outcomes, they are likely to develop a positive
user experience and emotional evaluation. Such positive evaluations are likely to pro-
mote their continuance intention toward AIIFDP. Building on this, the study presents the
following hypothesis:

H6. STF positively and significantly impacts continuance intention.

2.3.7. Personal Innovativeness

Personal innovativeness (PIN) is defined as an individual’s tendency to explore and
actively adopt new technologies when facing them [45]. In research on technology ac-
ceptance, PIN—as an individual trait—has been shown to influence users” willingness
to adopt emerging technologies. Yu et al. [16] found that individuals with higher PIN
actively interact with Al drawing applications, which significantly enhances their sense of
confirmation. In addition, in fields such as digital technology, PIN has been identified as an
important determinant of adoption intention [46]. Twum et al. [37] also emphasized that
PIN plays a key role in shaping university students” intention to use e-learning.

Based on the above research findings, we propose a reasonable inference: fashion
design students with a more innovative and experimental mindset are likely to hold positive
perceptions of the use and effectiveness of novel AIIFDP, which in turn encourages their
continued use of such platforms. Therefore, this study proposes the following hypothesis:

H7a. PIN significantly influences confirmation.
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H7b. PIN significantly influences continuance intention.

2.3.8. Habit

Habit (HAB) refers to the extent to which automatic behavior is developed through
repeated learning and use of a technology [47]. HAB has been shown to be a key predictor
of technology usage. In the context of Al technologies, Al-Emran et al. [38] found that HAB
positively influences users’ willingness to use Al chatbots. This finding underscores the
critical role of HAB in Al technology adoption and highlights users” growing reliance on
such tools. As Venkatesh et al. [27] noted, individuals are more likely to engage in behaviors
that have become habitual. Therefore, based on previous research findings, students who
have already developed a habit of using GenAl platforms are more likely to continue using
AIIFDDP, especially given its more focused and enhanced functionalities. Based on this, the
following hypothesis is proposed:

HS8. HAB has a positive relationship with continuance intention.

2.3.9. Perceived Intelligence

For Al technology, perceived intelligence (PIT) refers to users’ subjective perception of
its level of intelligence and human-like capabilities. This includes the system'’s efficiency
in understanding user needs, response speed, knowledge retrieval, and autonomous
reasoning capabilities [36]. Prior research in digital technologies, such as voice assistants,
has shown that PIT significantly and positively influences behavioral intention [36]. Human-
designed products are often preferred because human designers are believed to possess
superior cognitive abilities and intentional planning [48]. Therefore, the level of intelligence
demonstrated by AIIFDP—such as its ability to emulate professional designers, interact
with students, and autonomously generate fashion design proposals based on their needs—
may enhance students’” continuance intention. Based on this, the following hypothesis
is proposed:

H9. There is a notable positive effect of PIT on continuance intention.

3. Research Methods

Considering the multi-level psychological and contextual perception mechanisms
generated by Chinese fashion design students when interacting with Al-based integrated
fashion design platforms (AIIFDP). This study adopts a comprehensive empirical approach
to explore the influencing factors and underlying mechanisms of Chinese fashion design
students’ continuance intention toward AIIFDP. By integrating the Unified Theory of
Acceptance and Use of Technology (UTAUT) and the Expectation Confirmation Model
(ECM), and drawing on a thorough review of relevant literature on Al tool adoption, a
composite research model consisting of 10 key variables was ultimately developed. This
study employed a structured questionnaire for data collection, with a pre-test conducted
prior to the formal distribution to improve the quality of the instrument. A stratified random
sampling strategy was also adopted to select fashion design students with experience
using AIIFDP as respondents. In the data analysis phase, this study adopted a two-stage
hybrid approach. First, Partial Least Squares Structural Equation Modeling (PLS-SEM)
was used to assess the validity of the composite model and to test the hypothesized
relationships between variables. Second, an Artificial Neural Network (ANN) analysis
was conducted to capture potential nonlinear associations among variables and to rank the
relative importance of the predictors. This SEM-ANN hybrid analytical approach enhanced
the robustness of behavioral intention modeling.
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3.1. Questionnaire Design and Measurement Instrument

The questionnaire used in this study consists of two sections. The first section gathers
demographic information, including gender, age, education level, and city tier. The second
section focuses on assessing respondents’ psychological perceptions, as well as their views
on personal characteristics and external influences. Each item is rated on a seven-point
Likert scale (1 = completely disagree, 7 = completely agree), allowing for a nuanced
evaluation of fashion design students’ perceptions of effectiveness, external influences,
attitudes, and behavioral tendencies toward AIIFDP as a human—AlI intelligent interactive
design information system in the context of coursework and design practice.

With the exception of personal innovativeness, habit, and perceived intelligence, the
measurement items for the remaining seven variables are derived from the UTAUT and
ECM frameworks. These ten variables are adapted from established scales used in recent
empirical research on the usage of Al tools or platforms. The items were appropriately
modified to reflect the context of AIIFDP and to align with fashion design students’ actual
learning and design experiences. As a result, the ten variables are more targeted than those
in general technology acceptance models. The complete measurement items are presented
in Table 2.

Specifically, performance expectancy (PE) refers to fashion design students’ subjec-
tive perception of the anticipated benefits of AIIFDP in enhancing their design efficiency,
creative expression, and the overall quality of their work. This variable is measured using
four items that reflect their general perception of AIIFDP’s effectiveness and value. Effort
expectancy (EE) captures students’” perceived ease of use when operating AIIFDP. It is also
measured with four items, focusing on the ease or difficulty of mastering the platform.
Social influence (SI) refers to the extent to which students believe that influential figures—
such as instructors or industry mentors—recognize and support their use of AIIFDP in
educational and creative contexts. It is assessed using three items that capture the impact
of perceived social approval. Facilitating conditions (FC) are measured by four adapted
items that examine students’ perceptions of whether factors like institutional training and
technical infrastructure support their use of AIIFDP. The items for these four variables are
adapted from Li et al. [8] and Li [22].

In addition, the constructs of confirmation (CF) and satisfaction (STF), each measured
by four items, are adapted from the scales developed by Liu and Huang [23] and Ghazali
et al. [32]. CF captures students’ subjective assessment of how well the actual performance
of AIIFDP matches their prior expectations. STF reflects students’ overall experience
when using AIIFDP, with an emphasis on the perceived value of the platform and their
emotional responses.

In the context of this study, the three items measuring perceived intelligence (PIT)
are adapted from the scale developed by Zhao et al. [36]. These items are designed
to capture respondents’ perceptions of AIIFDP’s intelligent capabilities in understand-
ing design requirements, providing interactive feedback, and autonomously generating
creative proposals.

Personal innovativeness (PIN) reflects students” willingness to explore, adopt, and
actively experiment with emerging technologies like AIIFDP. This construct is measured
using three items. Habit (HAB) reflects students’ tendency to use GenAl tools or platforms
automatically during design activities and is assessed through three items that evaluate
the naturalness and consistency of such habitual use. Both constructs are adapted from
Yu et al. [16] and tailored to the AIIFDP context to capture how individual characteristics
influence students’ continuance intention.

Continuance intention (CI) refers to fashion design students” willingness to continue
using AIIFDP in their coursework and creative practice. It reflects their cognitive inclination
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and behavioral intention regarding future use of the platform. This variable is measured

using four items adapted from Fan and Jiang [21].

To ensure linguistic accuracy and cross-cultural applicability, this study employed a

bilingual translation procedure. The English items in the references were first translated
into Chinese and then adapted to the AIIFDP context before being distributed to Chinese
students. To ensure semantic equivalence between the Chinese version used in the survey

and the English version presented in the paper, a graduate student majoring in English

conducted a back-translation, which was subsequently reviewed for clarity and semantic

consistency by two design researchers.

Table 2. Measurement scales for constructs.

Constructs Coding Items

PE1 I believe that AIIFDP is useful for learning and completing assignments in
my fashion design courses.
I'believe AIIFDP helps me perform better in fashion-related creative

Performance expectancy PE2 design projects.
(PE) PE3 I think AIIFDP helps me complete fashion design tasks more efficiently

during my coursework or practice sessions.

PE4 I find that AIIFDP supports me in solving design challenges and improving
productivity in my fashion design projects.

EE1 I find learning to use AIIFDP for my fashion design tasks straightforward
and uncomplicated.

EED I find that the creative solution feedback and optimization suggestions

Effort expectancy (EE) provided by AIIFDP are clear and easy to understand.

EE3 I believe that I am able to master the use of AIIFDP for fashion design tasks in
a short time.

EF4 I find that the steps involved in completing a fashion design task using
AIIFDP are simple and easy to follow.

si1 People important to me—such as my instructors or professional
designers—support my use of AIIFDP in fashion design.

Social influence (SI) SI2 Thos.:e whosfe opini.ons I'value believ.e I should incorporate AIIFDP into my

fashion design assignments and projects.

SI3 People who influence my academic or design practice believe that using
AIIFDP is beneficial.

FC1 I think I have the required software, hardware, or environment to utilize
AIIFDP in fashion design.

FC2 I believe that I possess the required knowledge or skills to effectively apply

Facilitating conditions (FC) AIIFDP in my design coursework.

FC3 I believe that I have the necessary platforms and technical assistance provided
by my school and instructors to utilize AIIFDP in my fashion design projects.

FC4 I believe that if I face challenges while using AIIFDP, my instructors are
available to provide prompt assistance.

CF1 I believe that my experience using AIIFDP in fashion design courses and
practice has met my initial expectations.

CE2 I believe that the design support provided by AIIFDP has met my

Confirmation (CF) expgctations before us.ing it. . . . '

CF3 I believe that my creative outcomes in fashion design with AIIFDP have
reached my initial expectations.

CF4 Overall, my expectations regarding the usefulness of AIIFDP in fashion

design have been confirmed.
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Table 2. Cont.

Constructs Coding Items
STF1 I feel that using AIIFDP for fashion design courses and projects is a
satisfying decision.
) . STF2  Ienjoy the experience of using AIIFDP in my design learning and practice.
Satisfaction (STF)

I am satisfied with how effective AIIFDP is in supporting my fashion
design work.
STF4  Overall, I am satisfied with my experience using AIIFDP in fashion design.

STF3

I believe that AIIFDP understands my design requirements and provides

PIT1 relevant and diversified fashion solutions.
Perceived intelligence (PIT)  PIT2 I believe AIIFDP interacts W1th me in a way that feels similar to working with
a professional fashion designer.
I believe AIIFDP demonstrates creativity and intelligence in generating
PIT3 . S
fashion design ideas.
PIN1 I'm open to experimenting with and incorporating new technologies (such as
novel GenAl technologies) in both academic and practical settings.
Personal innovativeness Whenever I learn about a new technology, I actively seek opportunities
PIN2 .
(PIN) to try it.
PIN3 I tend to be one of the earliest in my peer group to try out and adopt
new technologies.
Incorporating GenAl tools or platforms into my fashion design process has
HABI1 . .
become a habitual practice.
Habit (HAB) HAR2 I use QenAI toqls or platforms for fashion design out of habit, without even
thinking about it.
I frequently rely on GenAl tools or platforms when doing fashion
HAB3 .
design tasks.
cn I plan to keep using AIIFDP in my future fashion design studies and
practical work.
R I plan to keep using AIIFDP regularly in my fashion design coursework and

Continuance intention (CI)

creative projects.
CI3 I will keep using AIIFDP as part of my fashion design workflow in the future.
If given the opportunity, I will choose to use AIIFDP in upcoming fashion
Cl4 .
design-related tasks.

3.2. Pre-Test and Data Collection

Before distributing the formal questionnaire, a pre-test was conducted. Initially,
two graduate students from non-fashion design disciplines were invited to review the
questionnaire to ensure that all items were clear and unambiguous. Subsequently, from
1 December to 21 December 2024, a pilot survey was conducted with 32 undergraduate
and 18 graduate students majoring in fashion design-related fields at Zhejiang Sci-Tech
University, resulting in a total of 50 responses. After excluding invalid responses, 42 valid
questionnaires remained, resulting in a response rate of 84.0%. The overall Cronbach’s
o was 0.935, with individual constructs ranging from 0.733 to 0.883, indicating good
internal consistency and measurement reliability across all dimensions. Subsequently, the
formal questionnaire was distributed through the Credamo online platform to facilitate
data collection. The target respondents were fashion design students in China who had
previously used AIIFDP (such as Fashion Diffusion, Style3D Moda or LOOKAI) in their
coursework or design practice. To ensure sample representativeness, stratified random
sampling was employed, recruiting participants from multiple academic levels across
institutions including Donghua University, Zhejiang Sci-Tech University, China Academy
of Art, Jiangnan University, Shaoxing University, and Nantong University. Due to the
leading role of the apparel industry clusters in the Jiangsu-Zhejiang-Shanghai region in
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driving industrial digital transformation and the growing demand for digital talent [49-51],
there are more professional institutions in this region offering fashion design courses
centered around Al technologies compared to those in central and western China. These
institutions are also more active in developing Al-focused design textbooks and establishing
micro-majors related to Al fashion design. Therefore, among the institutions in the Jiangsu-
Zhejiang-Shanghai region sampled for this study, students with actual experience using
platforms like AIIFDP are likely to be more concentrated. This sampling approach ensures
that respondents possess a certain level of usage experience and practical needs, enabling
them to provide valuable feedback. The purpose of the study was clearly explained to the
students, all of whom voluntarily participated and signed a digital informed consent form.

To ensure that all respondents shared a consistent understanding of the concept and
specific features of AIIFDP, participants were asked to engage in a 15-20 min hands-on trial
with LOOKALI (a representative AIIFDP, https:/ /app.look-ai.cn/ (accessed on 2 October
2025)) before beginning the questionnaire. Additionally, they were shown an electronic
presentation outlining the functions of AIIFDP, accompanied by interface screenshots to
provide a clear and intuitive context for the survey. The survey was conducted from
12 January 2025 to 28 May 2025. The completion time was approximately 6-10 min, and a
small cash incentive was offered as a token of appreciation. A total of 511 questionnaires
were collected, with invalid responses excluded during the screening process. Specifically,
questionnaires with excessively short completion times (less than 180 s) or obvious patterns
of invalid responses (e.g., selecting the same option for all items) were removed. After this
filtering, 486 valid responses remained, resulting in a validity rate of 95.1%. All collected
data were anonymized and used exclusively for academic purposes. Demographic details
are presented in Table 3.

Table 3. Respondent demographic details.

Item Category Sample Count  Proportion (%)
Gend Male 248 51.0
ender Female 238 49.0
18-23 264 54.3
Age 24-29 192 39.5
30-39 30 6.2
Diploma degree 59 12.1
Educational Undergraduate degree 205 42.2
qualification Postgraduate degree 187 38.5
Doctorate 35 7.2
Tier 1 city 82 16.9
City tier New Tier 1 city 215 442
Tier 2 city 189 38.9

Note: The “city tier” classification refers to a common categorization of Chinese cities based on factors such as
economic development, administrative level, and population (Source: https:/ /www.gov.cn/lianbo/bumen /2025
11/content_7048508.htm, accessed on 14 November 2025). Among them, “New Tier 1” cities, a concept introduced
by CBNweekly in 2020, represent fast-developing urban centers with high growth potential.

3.3. Data Analysis

This study adopted a hybrid approach combining PLS-SEM and ANN. PLS-SEM is a
method of SEM used to test the underlying relationships in the research model. It is suit-
able for exploratory research, theory development, and investigating interactions among
variables in complex models, and has been widely applied in the field of user behavior
research to validate hypothesized relationships [13,25,38]. However, SEM can only identify
linear causal relationships between variables, which may lead to an oversimplification of
the complex psychological mechanisms and decision-making intentions that arise when
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users engage with new technologies and platforms. This limitation can be addressed by
introducing the ANN model as a complementary analytical technique, as the ANN is
capable of capturing potential nonlinear relationships among variables that influence user
satisfaction and behavioral intention. Specifically, the ANN model employed in this study
is based on the Multilayer Perceptron (MLP) architecture [52], which enables nonlinear
mapping of input data through differentiable activation functions [53], and extracts data
features layer by layer using multiple interconnected neurons. Meanwhile, Feedforward
Backpropagation (FFBP) was used to train the MLP, enabling iterative optimization of
parameters to capture complex nonlinear relationships within the data. This approach
enhances overall predictive performance [54] and provides more valuable guidance for
research-driven decision-making. At present, the SEM-ANN hybrid method [55] has be-
come increasingly common in recent research, particularly for testing hypotheses and
predicting behavioral intentions toward new and emerging technologies [56-58], providing
a more comprehensive understanding of both theoretical and practical outcomes.

At the operational level, SmartPLS 4.1 was used to conduct the PLS-SEM analysis. The
maximum number of iterations was set to 3000, and default initial weights were applied.
Additionally, bootstrapping with 5000 resamples was used to assess the statistical signifi-
cance of the results [59]. The ANN analysis was conducted using SPSS R26.0.0.0. Variables
identified through PLS-SEM as having significant effects on satisfaction and continuance
intention were used as covariates and input into the neural network. Satisfaction and
continuance intention were each set as dependent variables. In the partitioning of the
dataset, the ratio of “training” to “testing” was adjusted to 9:1. Next, in the customized
architecture, the number of hidden layers was set to one to ensure effective deep learning
at the output nodes [57]. The activation function for both the hidden layer and the output
layer was set to the sigmoid function, and the training optimization algorithm was set to
gradient descent.

4. Results of Data Analysis and Hypothesis Testing
4.1. Assessment of Measurement Model

An Exploratory Factor Analysis (EFA) was first conducted on the newly developed
composite scale. The results supported the proposed model comprising 36 items and
10 factors, with a total variance explained of 73.985%. The Kaiser-Meyer-Olkin (KMO)
value was 0.926, and the communalities ranged from 0.643 to 0.810. All EFA loadings were
between 0.713 and 0.862 (see Table 4).

Harman's single-factor test was conducted to assess common method bias (CMB) [59].
An unrotated factor analysis revealed that the first factor accounted for 32.581% of the total
variance, well below the 50% threshold, indicating that CMB is unlikely to threaten the
validity of the results. Additionally, the Variance Inflation Factor (VIF) for each predictor
variable was calculated. As shown in Table 4, all VIF values were below 5, suggesting that
multicollinearity was not a concern [60].

Assessing the measurement model also requires a thorough evaluation of its reliability
and validity. In this study, Cronbach’s alpha coefficients were used to assess the internal
consistency of all core constructs. The values ranged from 0.809 to 0.904 (see Table 4), all
exceeding the recommended threshold of 0.7 [61]. In addition, the composite reliability
(CR) for all variables was above 0.8, also surpassing the standard criterion of 0.7 [62].

Furthermore, the Average Variance Extracted (AVE) values for all constructs in this
study were above 0.693, exceeding the recommended threshold of 0.5 [63]. These results
confirm that all constructs meet the criteria for convergent validity, supporting their suit-
ability for subsequent structural analysis.
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Table 4. Metrics for examining the consistency and construct accuracy within the measurement framework.

EFA

Factor

Cronbach’s

Construct Test Items  Mean SD Loading Loading VIF Alpha CR AVE

PE1 472 1635 079 0.853 2.164

Performance PE2 494 1.671 0.784 0.839 2.071
expectancy (PE) PE3 500 1738 0747 0855 2128 0.862 0863 0.707

PE4 488 1738 0723 0.816 1.815

EE1 510 1696 0767 0.855 2.109

Effort expectancy EE2 442 1.586 0.790 0.834 2.008
(EE) EE3 496 1705 0725 0.806 1.755 0855 0856  0.698

EE4 497 169 0768 0.845 2.060

Social infl s 503 1690  0.862 0.869 2.184
(SOI;“‘ mnttuence sI2 514 1.672 0.750 0.891 1.987 0852  0.869 0.770

SI3 500 1644  0.849 0.873 2137

FC1 463 1829 0762 0.835 1.930

Facilitating FC2 505 1754 0713 0.841 1.908
conditions (FC) FC3 496 1730 0781 0.836 2.020 0.856 0859 0.698

FC4 513 1535 0775 0.831 1.978

CF1 452 1663 0768 0.883 2.602

o CF2 476 1751 0769 0.878 2,553
Confirmation (CF) CF3 463 1.79 0.755 0.874 2 499 0.904 0.904 0.777

CF4 48 1559 0797 0.890 2.806

STF1 460 1843 0748 0.829 1.892

o STF2 502 1757 0725 0.836 1911
Satisfaction (STF) STF3 495 1.730 0776 0831 1.966 0.852 0.853 0.693

STF4 512 1547 0.760 0.834 1.929

Perceived PIT1 450 1817  0.788 0.861 1.964
intellgence (PIT) PIT2 471 1813 0.800 0.895 2.154 0848 0854 0767

8 PIT3 457 1708  0.835 0.870 2.070

Personal PIN1 414 2002 0.802 0.846 1.745
innovativeness PIN2 415 1768  0.819 0.825 1.763 0.809 0827 0721

(PIN) PIN3 431 1997 0730 0.877 1.770

HAB1 462 1498 0811 0.855 1.931
Habit (HAB) HAB2 458 1701 0721 0.857 1.747 0829  0.832 0745

HAB3 479 1679  0.842 0.878 2.159

CI1 48 1754 0760 0.868 2.330

Continuance CI2 453 1824 0764 0.848 2127
intention (CI) C13 473 1823 0798 0885 2601 0883 0884 0740

Cl4 459 1706 0781 0.840 2.101

Note: SD = standard deviation; EFA = exploratory factor analysis; VIF = variance inflation factor; CR = composite
reliability; AVE = average variance extracted.

4.2. Assessment of Structural Model

Assessing cross-loadings is generally regarded as a preliminary step in validating a
structural model, as it helps establish discriminant validity [60]. In the composite model
developed for this study, the square roots of the AVE for all constructs ranged from
0.832 to 0.881. These values are substantially greater than the inter-construct correlations
(see Table 5), meeting the Fornell-Larcker criterion for discriminant validity [64], with no
cross-loading issues present. Collectively, these results confirm that the newly developed
scale demonstrates strong discriminant validity.

Finally, the Heterotrait-Monotrait (HTMT) ratios observed in the sample ranged from
0.282 to 0.596, well below the recommended threshold of 0.85 [65], thereby reinforcing the
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distinctiveness of the measured constructs. Accordingly, the model is considered reliable

and suitable for subsequent data analysis.

Table 5. Results of discriminant validity test.

CF CI EE FC HAB PE PIN PIT SI STF
CF 0.881
CI 0.402 0.860
EE 0.514 0.389 0.835
FC 0.334 0.422 0.399 0.836
HAB 0.320 0.425 0.319 0.449 0.863
PE 0.492 0.427 0.403 0.456 0.324 0.841
PIN 0.515 0.306 0.339 0.353 0.307 0.340 0.849
PIT 0.360 0.378 0.328 0.419 0.450 0.313 0.354 0.876
SI 0.472 0.343 0.361 0.251 0.246 0.339 0.269 0.267 0.878
STF 0.381 0.526 0.453 0.445 0.315 0.461 0.280 0.280 0.322 0.832

Note: The bolded diagonal values indicate the square roots of the AVE for each construct.

4.3. Hypothesis Test

To assess the predictive capability of the composite model, this study analyzed the
path coefficients along with the R? and Q? values. Detailed results are presented in Table 6.
The R? value reflects the proportion of variance in the endogenous constructs that is
explained by the corresponding exogenous variables. For example, the R? for continuance
intention (CI) is 0.396, meaning that 39.6% of its variance is explained by its predictor
variables. As a key indicator of model fit, the R? values for satisfaction (STF) (0.333) and
CI (0.396) both exceed the 26% threshold, suggesting that the model possesses considerable
explanatory power [66]. Additionally, the Q? values for all endogenous variables are
greater than zero, confirming strong predictive relevance for future observations [25]. The
study also examined the variance inflation factor (VIF) values. Results showed that all
VIF values among variables were below 2 (see Table 6), which is under the commonly
accepted threshold of 3 [67]. This indicates that the constructed model does not suffer from
multicollinearity issues, and all path coefficients are stable and interpretable.

The PLS-SEM approach was employed to examine how various factors influence STF
and CI. As shown in Table 6, all proposed hypotheses were supported, except for H1d,
H3b, H5b, and H7b.

Regarding the direct effects on STF, the findings show that performance expectancy
(PE) (f = 0.230, p = 0.000), effort expectancy (EE) (3 = 0.234, p = 0.000), and facilitating
conditions (FC) (3 = 0.223, p = 0.000) all have a significant positive impact. This suggests
that fashion design students view Al-based integrated fashion design platforms (AIIFDP)
as enhancing design efficiency, simplifying operational procedures, and offering adequate
support, thereby increasing their overall satisfaction.

In terms of direct influences on CI, satisfaction (STF) ( = 0.304, p = 0.000) exerts
the strongest positive effect. The study also finds that habit (HAB) ( = 0.170, p = 0.000)
has a significant positive impact, suggesting that a higher level of automated behavioral
tendency greatly enhances students” continuance intention toward AIIFDP. Additionally,
performance expectancy (PE) (3 = 0.107, p < 0.05), perceived intelligence (PIT) ( = 0.103,
p < 0.05), and social influence (SI) (3 = 0.098, p < 0.05) also positively affect CI, although their
influence is relatively weaker. In contrast, effort expectancy (EE) ( = 0.049, p > 0.05), facili-
tating conditions (FC) (3 = 0.063, p > 0.05), and personal innovativeness (PIN) (3 = 0.030,
p > 0.05) show no statistically significant effect on CI. Meanwhile, PIN (3 = 0.515, p = 0.000)
exhibits a strong positive influence on confirmation (CF). CF also shows a positive cor-
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relation with PE, EE, and SI. The structural model results and the relationships among

variables are presented in Figure 3.

Table 6. Outcomes of hypothesis verification.

Response

Hypothesis

“p < 0.05; p < 0.001; N/S = not significant.

Figure 3. Structural model results.

4.4. Mediating Effect Test

Note: ——> = The solid line represents a significant path.
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To examine the mediating effects within the model, this study employed bootstrapping

with 5000 resamples and bias-corrected percentile confidence intervals. A mediation effect

is considered significant if the confidence interval does not include zero [59].
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The mediating role of STF was examined in the relationships between PE, EE, FC, and
CL Additionally, the study explored whether PE and EE mediate the relationship between
CF and STE, and whether PIN indirectly influences CI through mediation pathways.

In the previous hypothesis testing, the direct effects of CF on STF, FC on CI, EE on
CI, and PIN on CI were not fully supported. However, additional analysis (see Table 7)
revealed two significant indirect paths: FC — STF — CI (95% CI [0.031, 0.123]), EE — STF
— CI(95% CI[0.035, 0.124]). These findings suggest that FC and EE influence CI indirectly
through STE. In addition, the confidence intervals for the two indirect paths—CF — PE —
STF (95% CI [0.062, 0.169]) and CF — EE — STF (95% CI [0.067, 0.180])—do not include
zero. This indicates that PE and EE serve as mediating factors linking CF to STF. We also
found that the confidence intervals for the following four indirect paths were all above zero:
PIN — CF — SI — CI (95% CI [0.006, 0.048]), PIN — CF — PE — CI (95% CI [0.003, 0.060]),
PIN — CF — PE — STF — CI (95% CI[0.009, 0.033]), and PIN — CF — EE — STF — CI
(95% CI[0.009, 0.035]). These findings suggest that PIN significantly influences CI through
these indirect pathways. Specifically, in addition to working jointly with SI or PE as a
mediator between PIN and CI, CF also collaborates with PE and STF, or with EE and STF,
to enable the indirect effect of PIN on CL

Table 7. Mediating effect.

Core Mediating Path B SD p  Cl25% Cl975% [mdiredt Effects
PE — STF — CI 0.070 0.022 0.002 0.034 0.121 Yes
STF EE — STF — CI 0.071 0.022 0.001 0.035 0.124 Yes
FC — STF — CI 0.068 0.023 0.003 0.031 0.123 Yes
EE CF — EE — STF 0.120 0.029 0.000 0.067 0.180 Yes
PE CF — PE — STF 0.113 0.027 0.000 0.062 0.169 Yes
PIN — CF — STF — CI 0.011 0.008 0.151 —0.001 0.032 No
PIN — CF — SI — CI 0.024 0.011 0.026 0.006 0.048 Yes
PIN — CF — EE — CI 0.013 0.013 0.341 —0.011 0.043 No
CF PIN — CF — PE — CI 0.027 0.014 0.060 0.003 0.060 Yes
PIN — CF — PE — STF — CI 0.018 0.006 0.003 0.009 0.033 Yes
PIN — CF — EE — STF — CI 0.019 0.007 0.004 0.009 0.035 Yes

4.5. Artificial Neural Network (ANN) Analysis
4.5.1. ANN Modeling and Root Mean Square Error Test

Based on the ANN model construction approach proposed in the Section 3, this study
developed two models: Model A and Model B. Specifically, Model A includes one output
neuron (CI) and five input neurons (HAB, PE, PIT, SI, STF); whereas Model B includes one
output neuron (STF) and three input neurons (PE, EE, FC). Figure 4 presents the architecture
of the ANN models.

Subsequently, this study adopted a 10-fold cross-validation approach [57] to assess
the predictive capability of Models A and B within the ANN framework, and the root
mean square error (RMSE) was computed in line with established procedures [55,58].
In this procedure, the dataset was randomly split so that 90% of the data served as
the training subset and the remaining 10% as the validation subset. This partitioning
was repeated ten times to mitigate potential overfitting. The average RMSE values ob-
tained for the training and validation stages were Model A (0.151 and 0.142) and Model
B (0.149 and 0.136), respectively, as detailed in Table 8. Both ANN models exhibited sat-
isfactory fit and high predictive accuracy, thus offering robust empirical support for the
subsequent analyses.
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Figure 4. ANN models.

Table 8. RMSE value of ANN models.

Model B

Model A Model B
(Input: HAB, PE, PIT, SI, STF; Output: CI) (Input: PE, EE, FC; Output: STF)
Neural Network Training Testing Training Testing
ANNI1 0.149 0.114 0.149 0.134
ANN2 0.157 0.127 0.144 0.145
ANN3 0.153 0.158 0.145 0.157
ANN4 0.151 0.145 0.145 0.156
ANNbS 0.148 0.167 0.147 0.145
ANNG6 0.151 0.124 0.151 0.160
ANN7 0.148 0.187 0.144 0.161
ANNS 0.149 0.168 0.153 0.143
ANN9 0.155 0.104 0.149 0.118
ANN10 0.151 0.130 0.151 0.097
Mean 0.151 0.142 0.148 0.142
Standard Deviation ~ 0.003 0.027 0.003 0.020

4.5.2. Sensitivity Analysis in ANN and Comparative Analysis with SEM Results

To further explore the explanatory contributions of each independent variable, a
sensitivity analysis was performed on both ANN models. This analysis quantified and
compared the predictive strength of each input variable with respect to the target variable
by calculating their normalized relative importance scores. In Model A, STF emerged as the
most influential predictor of CI, with a normalized importance score set at 100.00%, serving
as the benchmark. This was followed by HAB (59.09%), while PE (37.30%), SI (34.84%),
and PIT (25.76%) occupied the third to fifth positions, respectively. In Model B, the relative
importance scores for predicting STF indicated the following ranking: PE (94.00%) held the
top position, followed by EE (88.46%) and FC (74.44%).

The normalized relative importance values derived from the ANN models were
employed to assess the predictive influence of each independent variable. This metric
offers a comparable interpretation to the standardized path coefficients used in PLS-SEM.
Accordingly, this study conducted a cross-method comparison to evaluate the ranking
consistency of predictor variables between the ANN results and those obtained through
PLS-SEM [58]. As presented in Table 9, the rank orders of predictors in ANN Models A and
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B largely aligned with those identified in the PLS-SEM analysis. However, in Model A, the
ranking of the “PIT — CI” and “SI — CI” paths showed slight divergence. This discrepancy
may stem from the fact that ANN is capable of capturing complex, nonlinear, and non-
compensatory relationships, which are not fully reflected in the linear and compensatory
framework of PLS-SEM. In Model A, the standardized path coefficients for PIT and SI are
extremely close (difference < 0.006), which may lead to divergent rankings between the two
methods. Overall, the outcomes derived from the ANN analysis reinforce the reliability
of the empirical results obtained through PLS-SEM. The integration of SEM and ANN
methodologies in this study not only enhances the model’s explanatory capacity but also
offers compelling empirical evidence supporting the overall robustness and validity of the
proposed framework.

Table 9. Comparative analysis of SEM-ANN results.

PLS-SEM: Normalized SEM ANN
PLS Path Path Coefficient Relative Importance  Ranking Ranking Remark
STF-CI 0.304 100.00% 1 1 Match
HAB-CI 0.170 59.09% 2 2 Match
Model A PE-CI 0.107 37.30% 3 3 Match
PIT-CI 0.103 25.76% 4 5
SI-CI 0.098 34.84% 5 4
EE-STF 0.234 92.30% 1 1 Match
Model B PE-STF 0.230 89.55% 2 2 Match
FC-STF 0.223 81.03% 3 3 Match

5. Discussion
5.1. Alignments and Divergences from Prior Research

This study found that heightened perceptions of performance expectancy, effort ex-
pectancy, and facilitating conditions significantly enhanced Chinese fashion design students’
satisfaction with Al-based integrated fashion design platforms (AIIFDP). This result aligns
with the findings of Teng et al. [42] in the field of digital technologies. It suggests that future
research should further investigate how these factors influence individuals’ intentions to
adopt GenAl platforms.

This study also confirmed the positive effects of performance expectancy and social
influence on continuance intention, which is consistent with previous studies employing
the UTAUT model [68]. This finding reinforces the dual-channel mechanism through which
individual cognition and social evaluation shape user stickiness. However, this relationship
has not been examined from the perspective of Chinese fashion design students in prior
research. By introducing this refined perspective, the present study provides new insights
for future investigations in related domains.

Previous studies [30,31] have confirmed that satisfaction plays a direct role in shaping
continuance intention. The findings of this study support this conclusion and further
demonstrate the mediating role of satisfaction in the relationships between performance
expectancy, effort expectancy, facilitating conditions, and continuance intention. These
results reinforce the critical importance of satisfaction in research on behavioral intention
toward GenAlI design platforms.

Although Al-Emran et al. [38] found that habit positively influences the intention to
use Al chatbots, and Zhao et al. [36] demonstrated that perceived intelligence facilitates the
adoption of digital technologies, these findings may not be directly transferable to Chinese
fashion design students due to differences in the target population. Therefore, the current
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study emphasizes the positive effects of habit and perceived intelligence on continuance
intention toward AIIFDP, providing theoretical support for future research in this context.

This study further confirmed that confirmation is positively associated with perfor-
mance expectancy, effort expectancy, and social influence, consistent with the findings
reported by Yu et al. [16]. However, their research did not explore the impact of personal
innovativeness on confirmation. Addressing this gap, the present study highlights the
positive effect of individual trait variables on confirmation.

Additionally, although previous studies [22] identified effort expectancy and facili-
tating conditions as significant predictors of designers’ continuance intention toward Al
platforms, and Twum et al. [37] empirically confirmed the positive correlation between
personal innovativeness and usage intention, the present study did not observe significant
effects of effort expectancy, facilitating conditions, or personal innovativeness on continu-
ance intention. These discrepancies suggest opportunities for further investigation into the
influence of these variables. The following section provides an in-depth interpretation of
the key findings from this study.

Moreover, the findings reveal a multi-level mechanism in which cognitive, emotional,
habitual, and external factors jointly influence continuance behavior. This enriches the
theoretical understanding of adopting AIIFDP in fashion design education and also offers
practical strategies for curriculum development and the optimization of AIIFDP, which
will be further discussed in the Section 5.5.

5.2. Direct Effects of Predictors on Satisfaction and Continuance Intention

This study found that confirmation significantly enhances Chinese fashion design
students’ positive perceptions of AIIFDP in terms of performance expectancy, effort ex-
pectancy, and social influence. These findings affirm the predictive validity of the ECM
model in explaining relevant mechanisms, suggesting that when Chinese fashion design
students’ actual experiences with AIIFDP closely align with their expectations, they tend
to perceive the platform as more useful, easier to use, and more socially endorsed. There-
fore, the internal cognitive updating mechanism shapes Chinese fashion design students’
subjective judgments regarding the effectiveness and social evaluation of AIIFDP as an
Al-supported fashion design information system. This finding holds significant theoretical
value for sustaining long-term engagement in human—AlI collaboration systems.

Satisfaction, as a core predictive variable within the “user—information system” interac-
tion framework, integrates Chinese fashion design students’ multidimensional experience
cues with AIIFDP into a unified emotional feedback response. This study found that perfor-
mance expectancy, effort expectancy, and facilitating conditions each contribute positively
to shaping satisfaction. The significant effect of performance expectancy suggests that
when AIIFDP offers clearly defined functional modules, its user-friendly design enhances
students” experience, thereby fostering a more favorable attitude [14,16]. Additionally,
the ease of operating AIIFDP, along with adequate hardware support and instructional
guidance [42], is also identified as a key factor that may influence satisfaction.

The findings of this study identify satisfaction as the strongest determinant of continu-
ance intention, extending the conclusions of earlier research [32]. When the actual perfor-
mance of AIIFDP and the external environmental support meet or exceed Chinese fashion
design students’ expectations, they are more likely to experience positive emotions [8] and
form favorable evaluations—both of which significantly enhance their intention to continue
using the platform.

This study also found that the perceived functional value of AIIFDP as a fashion design
support system (performance expectancy) and the social diffusion mechanisms (social
influence) each exert a notable positive effect on Chinese fashion design students’ intention
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to continue using AIIFDP. The notable impact of performance expectancy underscores that
students expect AIIFDP to continually enhance the quality of content generation [8]. When
students believe that using AIIFDP can not only improve their efficiency but also result in
higher-quality designs, such positive perceptions will encourage their continued use of the
platform. Of course, as a relatively new design technology, AIIFDP still involves certain
uncertainties regarding its functionality and implementation. Consequently, Chinese
fashion design students may adopt a cautious attitude and rely on instructors’ opinions
to guide their decisions [22]. Moreover, peer recommendations also play an influential
role in shaping students’ behavior. When more teachers and classmates begin to endorse
the use of AIIFDP, and when students are motivated to stay abreast of technological
trends and remain professionally competitive, the impact of social influence becomes even
more pronounced.

In addition, the finding that habit significantly influences continuance intention further
reinforces the view that habits serve as a key driver of behavior [38]. Once Chinese fashion
design students have developed the habit of using GenAl platforms for idea generation,
effect enhancement, and other forms of design assistance, their engagement with such
platforms becomes more automatic. When presented with AIIFDP, which offers more
specific and expanded features, they are likely to try it with minimal hesitation and continue
using it.

Finally, this study found that perceived intelligence—students’ perception of the
intelligence level demonstrated by the AIIFDP system during task interactions—affects
their judgment of whether the platform’s performance meets their expectations. The
“human-like” attributes of Al also influence Chinese fashion design students” willingness
to embrace the technology, confirming previous research findings [36,69] in the context of
AIIFDP. Therefore, intelligence perception is not only an evaluation of AIIFDP’s technical
capabilities but also a critical component of the human-AI compatibility system.

5.3. Indirect Effects of Predictors on Satisfaction and Continuance Intention

The results of this study reveal that confirmation does not exert a significant direct
effect on satisfaction, which contradicts the conclusion established by the classic ECM,
where confirmation is shown to directly influence satisfaction [14]. However, mediation
analysis indicates that confirmation significantly enhances Chinese fashion design students’
satisfaction indirectly through its effects on performance expectancy and effort expectancy.
This suggests that students may place greater emphasis on the actual performance of the
platform in supporting design tasks [70]. Specifically, they care about whether AIIFDP
enables efficient task completion, offers intuitive functionality, and provides a user-friendly
experience. Therefore, their satisfaction is not solely determined by the degree to which
the platform aligns with their initial expectations, but is instead co-constructed through a
multi-path, multi-stage interactive perception process.

While effort expectancy does not exhibit a significant direct effect on continuance
intention, it still has a notable indirect impact through the mediating role of satisfaction.
This suggests that although the operational logic of AIIFDP is relatively easy to grasp, a
certain learning curve and operational complexity remain. As a result, Chinese fashion
design students are more inclined to assess the actual value of AIIFDP based on their usage
experience and the level of satisfaction it brings, which ultimately influences their decision
to continue using the platform. In this feedback loop, the ease of use and operational
convenience of AIIFDP as an intelligent design support system may translate into emotional
resonance, thereby affecting continuance intention.

The study also found that facilitating conditions influence continuance intention in-
directly through satisfaction. This may be because, in most cases, external support such
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as adequate hardware and network infrastructure does not directly alter Chinese fashion
design students’ willingness to use the platform. Proficient use of AIIFDP often requires per-
sonal exploration and repeated practice [71]. As students gradually master the platform and
gain a sense of fulfillment from its use, their satisfaction increases, which in turn reinforces
their continuance intention. Additionally, the study revealed that personal innovativeness
influences continuance intention indirectly through confirmation and subsequent cognitive
factors—namely, social influence, performance expectancy, effort expectancy, and satis-
faction. Highly innovative fashion design students tend to develop positive expectations
upon first encountering AIIFDP and show a greater willingness to engage with it [16].
However, their willingness to continue using the platform still depends on whether AIIFDP
meets their expectations. Specifically, students will first make a judgment based on the
alignment between their expected outcomes of AIIFDP and their personal expectations.
Then, through the actual performance experience during use, they will form a perception
of satisfaction, which in turn influences their intention to continue using this intelligent
design support system. This multi-stage information-processing chain reinforces the view
that continuance intention is shaped by layered interactions between the individual and the
information system.

Additionally, this study’s finding of a positive correlation between confirmation and
social influence also indicates that when Chinese fashion design students perceive AIIFDP’s
performance to meet or even exceed their expectations, they are more likely to accept
positive evaluations and recommendations from teachers and classmates [72]. This also
reveals the pathway through which individual-level cognitive appraisal influences social
evaluation factors. This further strengthens their identification with AIIFDP.

The significant mediating path results point to a multi-level behavioral generation
mechanism. Chinese fashion design students’ continuance intention toward AIIFDP de-
pends not only on performance expectancy, perceived intelligence, habit, and social in-
fluence, but also on their satisfaction with actual use and the “chain” effects of multiple
perceptual factors. This also emphasizes the need to view the adoption of design support
systems as a dynamic and adaptive process.

5.4. Theoretical Contribution

This study offers four significant contributions to enhancing the understanding of
Chinese fashion design students’ behavior and technology acceptance, and to advancing
the theoretical frontier of GenAl adoption research in design education.

First, this study addresses a previously overlooked vertical domain—namely, be-
havioral intention toward specialized integrated GenAl design platforms. Moreover, it
adopts the perspective of fashion design students, diverging from the traditional research
approach that fails to differentiate between students and industry professionals. Thus, this
study clearly defines the boundary of its target population, enabling the construction of
more context-sensitive behavioral models for researching continuance intention toward
AIIFDP. In turn, it clearly identifies the key determinants influencing Chinese fashion
design students’ satisfaction with AIIFDP and their intention to continue using it.

Secondly, this study integrates UTAUT and ECM, empirically validating the predictive
power of the proposed integrated model in explaining continuance intentions toward
AIIFDP. It further develops a multi-level explanatory framework that incorporates per-
sonal characteristics, perceived effectiveness of Al platforms, social influence, and other
multidimensional factors—these interdependent variables within a dynamic sociotechnical
system—to elucidate both the cognitive mechanisms and contextual influences underlying
Chinese fashion design students” adoption of AIIFDP. Additionally, the identification of
habit and perceived intelligence as significant predictors of continuance intention under-
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scores the importance of personal innovativeness and perceived Al intelligence, thereby
extending the explanatory scope of the UTAUT-ECM framework.

Third, this study found that personal innovativeness can indirectly influence continu-
ance intention through confirmation, social influence, or performance expectancy/effort
expectancy and satisfaction. This introduces a new mediating path distinct from the con-
ventional UTAUT-ECM “predictor factors—continuance intention” mechanism. This newly
identified mediating path reveals a layered chain involving individual characteristics, user
experience evaluation, external influences, and emotional feedback. This finding provides
new insights into the complex psychological dynamics of Chinese fashion design students’
adoption of AIIFDP and offers significant theoretical value for future research on how cogni-
tive, emotional feedback, and environmental factors influence design students’ behavioral
decision-making.

Fourth, this study revealed that confirmation positively influences continuance inten-
tion through social influence. This finding underscores the role of individual perceptions
in shaping social dynamics during the acceptance of GenAl-based design platforms. It also
expands the theoretical framework by elucidating how personal cognitive appraisals can
affect broader social-environmental factors.

Finally, to better reflect the complexity of Chinese fashion design students’ behavioral
intentions in the context of AIIFDP, this study employed a hybrid SEM-ANN analytical
approach. SEM was employed to validate the linear cause-and-effect relationships among
the constructs, whereas ANN was applied to uncover possible nonlinear associations and
prioritize the predictive variables based on their relative significance. By integrating these
two analytical techniques, the study strengthens the reliability of behavioral modeling and
underscores the methodological value of this hybrid approach in the context of human-Al
interaction research.

5.5. Managerial Implications
5.5.1. Educational and Pedagogical Implications

The findings of this study offer important guidance for fashion design education in
the era of GenAl, especially in terms of constructing a coherent educational system where
technological platform adoption, cognitive development, motivation reinforcement, and
pedagogical design operate as an integrated whole. First, given the significant positive
effects of performance expectancy, perceived intelligence, and satisfaction on continuance
intention, it is recommended that professional institutions systematically integrate AIIFDP
as a core tool for creative design education into the curriculum during fashion design
teaching reforms. By offering practical courses centered around such Al-supported inte-
grated design platforms and organizing “Al+” creative design competitions, institutions
can create more opportunities for Chinese fashion design students to engage with these
platforms, thereby enhancing their perceived effectiveness. More importantly, it is essential
to leverage the pivotal guiding role of professional instructors. By actively demonstrat-
ing and providing hands-on guidance, educators can help students quickly perceive the
practical value and technological innovation potential of AIIFDP, thereby fostering positive
expectations toward the platform.

Second, this study found a positive effect of habit on Chinese fashion design students’
continuance intention toward AIIFDP. This result suggests that the current fashion design
education system in China should place greater emphasis on cultivating students” habits
of using such Al design platforms. For example, instructors can encourage students to
use AIIFDP actively and repeatedly in both coursework and practical assignments. This
approach helps cultivate a habitual mindset toward AIIFDP use, thereby strengthening
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students’ path dependence on the platform when engaging in design tasks and fostering
long-term adoption intentions and behaviors.

Third, the positive effect of personal innovativeness on continuance intention toward
AIIFDP suggests that fashion design institutions and instructors should place greater em-
phasis on fostering Chinese fashion design students’” innovation literacy and independent
creative thinking patterns, and establish a systematic framework for fashion design educa-
tion. For example, offering courses on creative thinking and organizing relevant digital
innovation lectures and workshops can help enhance Chinese fashion design students’
sensitivity to innovation.

Finally, the positive correlation between social influence and continuance intention
underscores the important role of instructors as key “introducers” in fostering Chinese
fashion design students” awareness and adoption of AIIFDP. Instructors serve as a criti-
cal anchor within the socio-technical system of technology adoption. When instructors
create high-quality fashion design outputs using AIIFDP, they implicitly build students’
confidence and increase their willingness to continue engaging with the platform. Fashion
institutions and professional instructors should incorporate these teaching optimizations
and innovation strategies into their educational practices. These strategies should function
as interlocking components of the broader educational ecosystem to support the promo-
tion and sustained engagement of AIIFDP and similar design support systems in fashion

design education.

5.5.2. Industrial and Technical Implications

This study, by revealing the factors influencing Chinese fashion design students’
continuance intention toward AIIFDP, provides valuable insights for AIIFDP developers
and researchers targeting Chinese fashion design students as potential users to identify
optimization directions and formulate effective promotional strategies. The predictive
ranking results based on artificial neural networks help developers make resource allocation
decisions by prioritizing the most influential factors when optimizing the functionality and
user experience of AIIFDP.

First, the findings underscore the critical role of habit in enhancing Chinese fashion
design students’ continuance intention, offering valuable insights for development organi-
zations to optimize AIIFDP features and devise effective marketing strategies. Developers
may consider building a mechanism to reinforce students’ usage habits by integrating
features such as encouraging daily user engagement through creative sharing communi-
ties and designing engaging learning tasks. Such initiatives can foster Chinese fashion
design students” habitual use of AIIFDP in design ideation and practice, thereby reinforcing
cognitive inertia and path dependence.

Second, performance expectancy plays a critical role in continuance intention. This
finding suggests that a dual-path optimization model should be established. On one hand,
developers can invite fashion industry experts to evaluate the quality of design outputs
generated by AIIFDP and make real-time adjustments to improve the platform’s alignment
with current design needs based on expert feedback. On the other hand, they can con-
duct surveys or interviews to better understand Chinese fashion design students” design
concepts and unique requirements, and develop user-need-oriented interface improve-
ments. For example, optimizing the layout of the AIIFDP interface to make its functions
more intuitive can help reduce students’ learning costs and ease the pressure of using this
integrated design system. At the same time, readily accessible learning materials should
be provided, including detailed user guides, case-based function demonstrations, and
training resources. These can help students quickly become familiar with the platform
and reduce their psychological barriers to adopting AIIFDP. Additionally, this leads to
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the development of more refined additional features. For example, functions that support
secondary adjustments and partial modifications of generated designs, or integration of
fashion trend references, can help professional students achieve efficient, high-quality, and
highly customized creations. These practices can better align the actual performance of
such integrated design platforms with user expectations, thereby enhancing the satisfaction
of Chinese fashion design student users.

Third, the role of perceived intelligence highlights the necessity of enhancing the intel-
ligence level of AIIFDP. Developers need to further improve the design platform’s ability
to simulate the expertise of human fashion designers and even generate relatively creative
proposals based on Chinese fashion design students” incomplete or underdeveloped ideas,
making AIIFDP more intelligent in the human-Al interaction process. Specifically, the
platform should be enhanced to better understand complex inputs, including those contain-
ing professional terminology, and to accurately interpret Chinese fashion design students’
vague or exploratory descriptions. Additionally, its self-iteration capabilities should be
gradually improved, enabling AIIFDP to autonomously adjust design styles and ideas in
real time based on Chinese fashion design students’ usage habits and aesthetic preferences.

Finally, the significant role of social influence should not be overlooked. When in-
fluential groups in design education—such as professional instructors and fashion indus-
try opinion leaders (e.g., fashion education critics, fashion commentators, independent
designers)—endorse AIIFDP, it can increase Chinese fashion design students’ interest in
adopting such Al design platforms. Moreover, development companies can collaborate
with influential fashion design institutions and instructors to offer trial access, functional
training, and showcases of practical outcomes for AIIFDP, thereby enhancing instructors’
appreciation and recognition of the platform’s effectiveness. This collaboration enables
instructors to actively demonstrate the usage process and key techniques of AIIFDP in real
teaching scenarios, thereby accelerating students” adaptation to such platforms. Through
social communication and word-of-mouth effects from instructors, these trusted channels
of information dissemination can amplify AIIFDP’s influence within the fashion design
education system, while also reducing students” hesitation to use such platforms, increas-
ing their identification with the platform, and encouraging continued use. Additionally,
highlighting the role of AIIFDP in promoting social sustainability—such as reducing re-
source waste in production processes—can further strengthen institutions’ confidence in
promoting such platforms. The above strategies highlight the importance of designing
AIIFDP as a socially validated and user-centered system.

6. Conclusions

This study is the first to focus on the comprehensive influence of multidimensional
factors—including individual characteristics, user experience and psychological percep-
tions, and external influences—on the continuance intention of Chinese fashion design
students toward specialized Al-based integrated fashion design platforms (AIIFDP). This
study reveals the multi-level psychological mechanisms involved when students—as the
next generation of fashion designers—interact with such design platforms.

The findings indicate that the three core factors of UTAUT—performance expectancy,
effort expectancy, and facilitating conditions—are positively correlated with satisfaction.
The above findings answer RQ1: What types of user experiences, psychological percep-
tions, technical evaluations, and external factors influence Chinese fashion design students’
emotional responses toward AIIFDP during coursework and creative practices? Notably,
performance expectancy plays a key role in shaping both students’ satisfaction with Al-
IFDP and their continuance intention. Additionally, the study found that satisfaction is
the strongest positive predictor of continuance intention. Habit, perceived intelligence,
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and social influence all support a positive correlation with continuance intention. These
results indicate that Chinese fashion design students’ continuance intention is influenced
by multiple pathways, including emotional perception, personal traits, evaluations of
the design support system’s capabilities, and social appraisal. While effort expectancy,
facilitating conditions, and personal innovativeness were initially hypothesized to poten-
tially influence students” perceptions of usability and acceptance of GenAl-based design
platforms, their direct impact on continuance intention was found to be limited. These
findings also address RQ2: How do emotional responses, individual characteristics, user
experiences and psychological perceptions, as well as external influences, shape Chinese
fashion design students’ continuance intention to use AIIFDP?

These findings offer valuable insights into Chinese fashion design students’ responses
to AIIFDP, provide a validated system model, and offer theoretical guidance for design
platform optimization and educational reform in fashion design institutions.

7. Limitations and Future Research

Although this study provides valuable insights into fashion design students’ satis-
faction and continuance intention toward AIIFDP, it still has some limitations. First, the
sample mainly comes from institutions offering fashion design programs in the Jiangsu-
Zhejiang-Shanghai region of China, where the fashion industry is more developed and
closely aligned with emerging industry trends, and Al technologies are actively integrated
into professional education. Although this region-specific sampling method effectively
captures students with actual experience using AIIFDD, it also limits the external validity of
the study’s findings. Fashion design students from central and western regions may differ
in cultural background, educational resources, and the acceptance of Al platforms. As
AIIFDP gradually becomes more widespread across fashion design institutions nationwide,
future research should include respondents from a broader range of geographical and
cultural backgrounds to ensure greater representativeness and cross-regional applicability.

Secondly, the study had a relatively short time span, which limited its ability to capture
the evolving psychological and behavioral intentions of Chinese fashion design students
during their adaptation to AIIFDP. Considering that students’ perceptions of effectiveness,
satisfaction, and behavioral intentions toward such Al-supported design platforms may
evolve with ongoing platform optimization, continuous promotion, and reforms in fashion
design education models, future research would benefit from implementing large-scale,
multi-stage longitudinal study designs. Such a research framework would allow for track-
ing changes over time in Chinese fashion design students’ cognitive evaluations, emotional
responses, and behavioral patterns toward AIIFDP, thereby providing a more comprehen-
sive understanding of the psychological feedback generated during their adaptation to and
continued use of such design platforms.

In addition, this study relied on quantitative methods, which limited the exploration
of deeper psychological mechanisms and emotional experiences of Chinese fashion design
students when using AIIFDP. Although the integration of SEM and ANN provided more
robust validation of the interrelationships among variables, this hybrid quantitative analy-
sis approach could not fully capture the emotional mechanisms and motivations behind
students’ continued use of such design platforms. Therefore, future research will adopt
a mixed-methods approach, combining quantitative and qualitative methods—such as
semi-structured interviews, focus groups, or case analyses—to gain a more nuanced under-
standing of students’ experiences, intrinsic motivations, perceived barriers, and emotional
responses. Insights derived from such qualitative research will complement the current
quantitative findings, enabling a deeper understanding of students” behavioral intentions
in their interactions with AIIFDP. In summary, it is hoped that future studies building on
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this research will further explore fashion design students’ genuine needs and emotional
experiences, thereby providing stronger support for the enhancement of AIIFDP and its
broader adoption in fashion design education.
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