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Abstract

The recent rise of generative artificial intelligence (Gen AI) has opened new possi-
bilities for creative industries, especially the fashion industry. While existing re-
search has explored Gen AI’s potential in design generation, limited studies have
investigated how Gen Al can be implemented in the fashion design process, not just
in specific stages, and what challenges and barriers in the adoption.

This thesis consists of a qualitative research study conducting semi-structured
interviews with 15 fashion professionals, including designers, buyers, and merchan-
disers. The goal is to explore the role of Gen Al in the fashion design process and
discover the key challenges and barriers in its implementation, using the Chinese
fashion industry as a case context.

Findings show that Gen Al plays distinct roles across five main stages of the fash-
ion design process: trend research, trend pack development, design development,
prototype development, and approval. Depending on the stage, Gen Al acts as an
information aggregator, concept narrator, creative assistant, digital prototyper, or
facilitator. In doing so, it not only enhances creativity and efficiency but also sup-
port communication across departments.

However, the study also identifies several challenges in human—AI collaboration
and implementation bottlenecks, including output deviation, operational chal-
lenges, learning curves of Al, hardware limitations, deployment constraints, and
data deficiencies. Many of these problems are related not only to the technology
itself, but also to the organizational environment, digital readiness, and lack of AI-
related training for fashion practitioners.

Keywords Generative artificial intelligence; fashion design process; human—AI
collaboration; Chinese fashion industry; fashion designer; qualitative research
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1 Introduction

The first chapter introduces the topic and context of this research. It begins
with the research background and motivation, followed by the objectives,
scope, and research questions. Finally, the structure of the thesis is outlined,
offering an overview of the chapters.

1.1 Background and motivation

With the advent of the fourth industrial revolution, digital technologies are
reshaping every aspect of our lives, with AI technology becoming a central
driver of modern societal development (Pan, Ma & Chen, 2024).

Al known as Artificial intelligence, has been a buzzword and aroused a lot of
interest among scholars and practitioners over the past few years. At its core,
Al is a branch of computer science designed to emulate human intelligence
through algorithms and software, enabling machines to interpret, learn,
adapt, and perform tasks efficiently (Singh, 2024). The foundation of intelli-
gence comes from self-learning and flexible adoption, which enhance the al-
gorithm's capability to interpret data, analyze data, and draw insights (Haen-
lein & Kaplan, 2019; Humerick, 2018).

The revolution of AT has had a great impact on business. According to Benbya,
Davenport and Pachidi (2020), Al technology will have a great influence on
various operations such as work processes, product development, customer
service, decision-making, and cost management. Al-driven systems can im-
prove decision-making by offering data-driven insights, reduce manual
workload through automation, and support organizational agility in fast-
changing environments.

Among all industries, fashion industry is one of the most significant arenas
for adopting Gen Al (Shi, Wong & Zou, 2025). Due to the fast pace of trend
changing, short product life cycles, and fluctuating consumer expectations,
fashion companies face increasing pressure to innovate quickly and stay
competitive (D'Amico et al., 2013). Moreover, the growth of e-commerce and
social media has made consumer behavior more unpredictable, requiring
brands to continuously adapting trends and provide customized advice to
their customers (Sleiman et al., 2022; Imtiaz et al., 2024).

In response, fashion companies are increasingly turning to Al-driven solu-
tions to remain competitive (Singh, 2024). According to the State of Fashion
Technology Report (2022), over 60 percent of fashion management prioritize
integrating digital solutions into their operations by 2025. Specifically,



Generative AI demonstrates great economic benefits that in the next three to
five years, Generative Al could contribute $150 billion, even up to $275 bil-
lion to the appeal, fashion, and luxury sectors in operating profits (Chui, Rob-
erts & Yee, 2022). By investing in Generative Al technologies which simplify
work processes, decrease manual workload, enable informed decision-mak-
ing, and better cost control, companies enhance adaptability and growth.

Although AI holds great promise for transforming the fashion industry, its
actual adoption remains limited. In 2021, fashion companies allocated only
1.6% 10 1.8% of their revenue to technology investment in 2021. Even by 2030,
this figure is only projected to reach 3.0% to 3.5% (State of Fashion Technol-
ogy Report, 2022). Furthermore, the application of Al in the fashion design
process is certainly a relatively new topic in academia. While interest in this
topic has grown in recent years, relevant academic research remains scarce.
Zhang and Liu (2024) point out that existing studies have not fully explored
how AI can be applied in the fashion design process. Similarly, Giri et al.
(2019) supports the claim and states that AI's role in design-related areas has
received little scholarly attention, leaving a substantial research gap.
Mohiuddin et al. (2024) further emphasize that particularly the impact of AI
in the fashion manufacturing process are under-researched, in which design
process is one of the most important parts.

In this light, more extensive research is needed to bridge the gap between
current academic research and the implementation of Generative Al in the
fashion design process. Together with these theoretical and practical motiva-
tions, this study aims to establish a theoretical framework of how fashion
professionals can utilize Generative Al in the fashion design process.

While the broader motivation for this study is global, this thesis specifically
focuses on the Chinese fashion industry. Despite growing global attention to
Al in fashion, existing studies mainly reflect Western contexts, overlooking
regional differences in design workflows, organizational structures, and dig-
ital adoption. China, as one of the largest fashion manufacturing and con-
sumption markets, presents a unique environment shaped by rapid digitiza-
tion, local consumer behavior, and emerging domestic brands. However, ac-
ademic research on how Gen Al is integrated into the Chinese fashion design
process remains limited. This contextual gap offers both theoretical and prac-
tical opportunities to explore how Gen Al is perceived and utilized by fashion
professionals within the Chinese setting.

1.2 Objective, scope, and research questions

This study focuses on Generative Al (Gen Al) rather than AI as a whole be-
cause Gen Al is specifically designed for content generation, which is highly
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relevant to the work of fashion professionals such as designers, buyers, and
merchandisers. Unlike traditional AI, which primarily assists with data anal-
ysis, automation, and optimization, Gen Al can generate new designs, assist
in conceptual storytelling, and enhance creative ideation, aligning closely
with the core tasks in the fashion design process.

By narrowing the research scope to Gen Al, this study enables a deeper in-
vestigation into its impact on creative and strategic aspects of fashion design
work, rather than diluting the analysis across broader Al applications. This
focused approach ensures a more nuanced understanding of how Gen Al
transforms the design workflow and how Gen Al assists fashion professionals
with different roles.

This research aims to establish a structured framework that captures the di-
verse roles and applications of Gen Al in the fashion design process. Further,
this study also explores the challenges and limitations in its utilization. By
doing so, this study provides valuable insights for industry professionals and
academics to understand and leverage Gen AI’s potential in fashion innova-
tion.

This research combines the fashion design process framework from Mu-
nasinghe, Dissanayake, and Druckman (2022) and related literature, helping
identify the possibilities and challenges of implementing Gen Al in various
stages of the fashion design process. This study employs a qualitative re-
search approach within the Chinese context in the empirical research, aiming

to capture context-specific practices and challenges by interviewing experts
in the field.

For the purposes of the thesis, this research seeks to answer the following
research questions:

RQ1: What is the role of Gen Al in the fashion design process in the Chinese
fashion industry?

RQ2: What are the challenges and bottlenecks of implementing Gen Al in the
fashion design process?

1.3 Structure of the thesis

This thesis consists of six chapters. This first chapter introduces the study by
providing background information on the thesis topic, describing the objec-
tive and its scope, and presenting research questions. The following chapter
is the literature review, which explores the academic foundations of the fields
of Gen Al and the fashion design process. Additionally, the theoretical frame-
work of this study will be presented. The third chapter presents the research
methodology, including the selection of informants, forming interview
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questions, and demonstrating the data analysis process. In chapter four, the
findings from the empirical research will be presented thematically, followed
by a discussion synthesizing the findings to answer each research question.
After answering the research questions, theoretical contributions, manage-
rial implications, limitations of this thesis, and future research suggestions
will be discussed. The final chapter will offer a concise conclusion.
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2 Literature review

The following chapter discusses theoretical concepts and theories related to
Gen Al and fashion design process. It aims to provide a holistic overview of
existing studies around the topic and to set a solid theoretical background for
the research.

First, the literature on Gen Al is discussed. Next, the chapter introduces key
conceptual theories related to the fashion design process. Finally, the inter-
relations between Gen Al and the fashion design process are examined and
research gaps are discussed, leading to the introduction of theoretical frame-
works guiding the study.

2.1 Gen Al in the fashion industry

2.1.1 Gen Al

Generative Al (Gen AlI) occupies a distinct position in the AI hierarchy, em-
phasizing creativity and the ability of generating new content rather than

merely recognizing patterns (see Figure 1). This shift highlights AI's potential
to move beyond analytical tasks and demonstrate creative capabilities.

Artificial Intelligence

e.g., expert systems, knowledge base, etc.

Machine learning

e.g., support vector machines, decision trees, k-nearest neighbours, etc.

Deep learning

e.g., neural networks, convolutional neural networks, etc.

Generative A1

e.g., large language models, generative
adversarial networks, variational
autoencoders, latent diffusion models, etc.

Figure 1. Gen Al and other Al concepts (Sandbhor, 2024)
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In the figure, there are four layers of Al concepts. Gen Al is a specialized sub-
set of deep learning (DL), which itself is a branch of machine learning (ML).
Machine learning, in turn, falls under the broader umbrella of artificial intel-
ligence (AI). Before going deep to Gen Al, machine learning and deep learn-
ing are presented and described shortly to show its applications.

Machine learning. Machine learning (ML) is a prominent subset of AI that
has the remarkable ability to perform designated tasks without human inter-
vention by identifying and learning patterns within data (Bishop & Nasra-
badi, 2006). The typical applications of ML in the fashion and apparel indus-
try include sales performance prediction, trend analysis, demand forecasting,
and fabric defect detection (Giri et al., 2019).

Deep Learning. Deep learning, a subset of ML algorithms, has transformed
the fashion industry by providing advanced solutions for complex tasks such
as image recognition, recommendation systems, and fashion design (Imtiaz
et al., 2024). Its popularity stems from its exceptional performance across a
wide range of applications. At its core, deep learning utilizes multi-layered
neural networks—hence the term "deep"—to learn complex data representa-
tions, mimicking how the human brain works. Each layer in these networks
processes input data, gradually transforming it to produce the desired output
(Imtiaz et al., 2024).

Generative Al (Gen AI). Gen Al represents a specialized domain of DL,
having the ability to create new content based on patterns learned from ex-
isting data, including text, images, audio, and video (Feuerriegel et al.,
2024). Unlike traditional Al techniques that focus on tasks like classification
and regression, Gen Al leverages deep generative models (DGMs) to identify
patterns of existing data and produce novel outputs (Banh & Strobel, 2023).
That is, Gen Al has the capability to generate new content by analysing pre-
viously unseen data, demonstrating a deeper level of understanding and cre-
ativity. This ability to "create" in a human-like way allows Gen Al to produce
more flexible and innovative outputs, setting it apart from traditional AI
(Banh & Strobel, 2023).

Several models and techniques are commonly used in Gen Al applications,
each with specific strengths depending on the task. The most famous models
and techniques are introduced shortly in terms of concepts and applications.

Generative Adversarial Networks (GANSs) consist of two neural networks, a
generator that generates data and a discriminator that evaluates its authen-
ticity. The back-and-forth adversarial process forces the generator to refine
its outputs, producing highly realistic data, especially image data (Banh &
Strobel, 2023). Recently, the adoption of GANs in fashion industry is
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increasing, including image generation, style recommendation, and style
transfer (Imtiaz et al., 2024).

On the other hand, diffusion models, like stable diffusion, take the opposite
approach. They begin with random “noisy” image and gradually refine it into
clear, coherent images by reversing the process of adding noise (Sandbhor,
2024). What distinguishes diffusion models apart is their ability to generate
highly detailed images from abstract text descriptions (Croitoru, et al., 2023).

Lastly, autoregressive models, such as GPT series, which generate content by
predicting one word or one element at a time based on previous ones, are
commonly applied in content creation tasks like copywriting (Sandbhor,
2024).

Gen Al has become a transformative force across industries, particularly in
creative sectors like advertising, entertainment, and digital design
(Sandbhor, 2024). Its ability to automate complex tasks and generate di-
verse content has significantly boosted productivity. Additionally, Gen AlI's
ability to tailor content to user needs enhance engagement and customization
(Brem, 2023).

Despite its advancements, Gen Al faces several notable limitations. One ma-
jor ethical concern includes potential copyright infringement, violation of
data privacy, and the spread of misinformation, such as deepfakes. Addition-
ally, biases present in training datasets often result in biased outputs, indi-
cating the importance of transparency and careful oversight during imple-
mentation. Training generative models also demands significant computa-
tional resources, which is costly to develop and maintain (Brem, 2023; Banh
& Strobel, 2023).

Another major concern lies in the "black box" nature of these systems which
makes their internal decision-making processes difficult to interpret. Many
generative models are also tailored for specific tasks, limiting their flexibility
and applicability in broader contexts (Brem, 2023).

Efforts to address these challenges are ongoing. Researchers are exploring
methods such as data augmentation, fairness constraints, and bias detection
to mitigate unintended consequences and ensure that Gen Al operates in
alignment with ethical standards and societal expectations (Brem, 2023).

In summary, Gen Al has made remarkable progress, thanks to technological
innovations and increasing attention to ethical consideration. As these mod-
els continue to evolve, their applications will expand, reinforcing Gen AI’s
growing influence on the future of Al.
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2.1.2 Gen Al in fashion industry

Al is driving significant change across industries, including fashion. Specifi-
cally, Gen AI could add up to $275 billion in operating profits to fashion-
related sectors within the next three to five years (Chui et al., 2022). This
potential has sparked a growing body of research focused on how Al technol-
ogies can be applied within the fashion domain, paving the way for a new era
often referred to as “smart fashion” (Mohammadi & Kalhor, 2021).

Recent literature has examined the existing fashion-related Gen Al applica-
tions in various ways. For instance, Luce (2018) introduces how Gen Al is
being used in unique ways across different departments, including customer
shopping experience, sales, fashion designing, and supply chain operations.
Similarly, Harreis et al. (2023) emphasize the transformative potential of
Gen Al across the fashion ecosystem, including the capability of creating bet-
ter-selling designs, lower marketing costs, enabling personalized customer
interactions, and accelerating work processes. While Giri et al. (2019) group
Al implementations focusing on the supply chain sector, classifying them in
different supply chain sectors: design, fabric production, apparel production,
and distribution. Notably, their analysis of 149 academic articles reveals that
while AI applications predominantly focus on apparel production, fabric pro-
duction and distribution, only 9 academic articles focus on the design stage,
demonstrating that design phase remains underexplored.

To sum up, Gen Al applications in fashion industry have been utilized mainly
in improving production efficiency and enhancing customer experience,
while the design sector remains a significant research gap, suggesting that
further studies are needed to investigate Gen Al's potential in the creative
and design aspects of fashion.

2.2 Fashion design process

The fashion design process spans all market segments and encompasses a
series of identifiable activities, ranging from research and idea generation to
the final approval of products (Munasinghe et al., 2022). Drawing on existing
studies, Munasinghe et al. (2022) propose a six-step framework for the gen-
eral fashion design process: research (covering both market and creative as-
pects), concept development (create an outline for the collections), design of
the collection (creating new designs), prototype development (making sam-
ple), finalization of the collection (analyze and make decisions) and approval
(determining production and order quantities). Similarly, McKelvey and
Munslow (2011) presented a comparable framework in their book on fashion
design practice, though they omitted the finalization stage for the reason that
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they develop this framework for fashion education, not for business opera-
tion.

While existing literature and previous frameworks have provided valuable
insights into the general fashion design process, they often overlook varia-
tions arising from different market segments and contextual factors. As Mu-
nasinghe et al. (2022) point out, the roles and activities of fashion designers
can vary significantly depending on the targeted market level. For instance,
mass-market designers may prioritize sales performance and repeat silhou-
ettes, whereas high-end designers often focus on originality and creativity.
Given that these contextual differences had not been thoroughly investigated
in earlier research, Munasinghe et al. (2022) conducted interviews with 15
mass-market fashion designers and developed a revised six-phase framework
that better reflects the practices and decision-making specific to this domi-
nant segment of the fashion industry. This revised fashion design process in-
cludes six phrases: trend research, trend pack development, design develop-
ment, prototype development, finalization of range, and approval. These
stages introduce distinctions that address the evolving needs of the mass
fashion market.

Trend research stage includes several critical activities with the aim of incor-
porating emerging trends into upcoming collections. The latest catwalk
shows can offer cutting-edge trends and concepts; Trade shows provide in-
sights regarding future trends of texture, fabric, and materials. Designers will
travel to global fashion hubs like New York and Paris to observe current
trends firsthand. They also visit competitor brands’ shops to identify fast-
moving products and prevailing styles. Beyond physical research, designers
also conduct desktop research via trend forecasting platforms (e.g., WGSN)
and social media networks like Instagram. Sales data is also used to identify
best-selling points which can continue to the next season.

The second phase, trend pack development, involves creating two types of
seasonal collections: “core” and “new fashion” collections. Core collections
consist of repeating styles from previous seasons, mainly basic design prod-
ucts but slightly updates in color and design details. In contrast, new fashion
collections are born from trend research. Given the fast-paced nature of
mass-market fashion, mass-fashion brands often launch several collections
within a single season. Direct designers set several themes and topics for each
new collection and set up the release timelines for each theme. Mood boards
are established with various kinds of contents, including key silhouettes,
topic colors, fabrics, inspirational images, and techniques, to develop the
theme and topic. These are compiled into a “trend pack” for approval by man-
agement.
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After trend packs being approved, the design development phase begins,
where fabrics play a pivotal role in inspiring designs. The importance of fab-
rics in this stage is that fabric production significantly affects overall lead
time, while the design phase typically must be completed within two months.
Since waiting for fabric production would cause delays, designers proactively
explore fabric options presented in the trend pack and work closely with sup-
pliers to develop cost-effective fabric ideas. New fabric ideas may involve new
fabric structures, dyeing techniques, finishing processes, wash effects, or
value-added treatments. At the same time, silhouette ideas are refined, en-
suring compatibility with selected fabrics. After the designs are finalized, a
"technical pack" is compiled and forwarded to the development merchan-
diser at the designated manufacturing facility to develop prototypes.

Prototype development is conducted at the manufacturing facility. The pro-
cess begins with a development meeting led by the development merchan-
diser and supported by technical experts to evaluate the feasibility and po-
tential challenges of making the prototypes. Cost considerations are also ad-
dressed at this stage, after which the sample room is instructed to create the
prototypes. Once completed, the development merchandiser estimates the
production cost and communicates with the design team regarding any nec-
essary adjustments. For some fashion brands without in-house production
facilities, designers may visit manufacturing plants during the prototype de-
velopment stage to gain insights into the manufacturing process and refine
their design with considerations such as manufacturing feasibility and cost-
effectiveness. After all prototypes are completed and refined, they are re-
turned to the design team for final evaluation and selection.

In the finalization of range stage, buying and merchandising managers and
design team will meet together to review all prototypes. Various factors such
as cost, quality, potential profit margins, and production feasibility are taken
into consideration before finalizing the collection.

Finally, the approved collection is presented to the board of directors for re-
view. The board reviews the range based on its selling potential, overall prof-
itability and expected return on investment. Upon approval, the collection is
signed off, marking its readiness for production.

2.3 Gen Al in fashion design process

This section explores the interrelation between Gen Al and the fashion design
process. While recent literature has demonstrated the broader influence of
Gen Al technology on the fashion field, research specifically exploring the
role of Gen AI within the entire fashion design process remains gap. Most
existing studies focus narrowly on its application to specific stages of the
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design process—such as trend research, design generation, or prototyping—
rather than examining its role across the entire workflow.

In this section, Gen-AI’s applications at different stages of the fashion design
process are reviewed systematically, followed by the discussion of challenges
and barriers of its implementation, aiming to develop an understanding of
the current research status of the topic.

2.3.1 Gen Al in fashion design process
Gen Al in fashion trend research and trend pack development

Trend forecasting plays a critical role in the fashion industry by guiding de-
sign decisions and ensuring collections align with consumer preferences.
While designers traditionally rely on their intuition, fashion sense, and fash-
ion trend cycles, the fast-paced nature of social media and digital culture has
increased the complexity of this process (Tesic, 2024). Identifying and ana-
lyzing trends is time-consuming and demands significant manual effort, of-
ten involving detailed editing and categorization manually (Shi & Lewis,
2020). With the rise of Al-driven trend forecasting, Gen Al powered trend
prediction systems enable designers to predict and react to rising consumer
preferences and market demands by using real-time data and precise analyt-
ics (Tesic, 2024; Imtiaz et al., 2024; Banerjee et al., 2021). Moreover, Al-gen-
erated content (AIGC) models can streamline tasks such as collecting image
data for trend analysis and assisting designers in creating fashion ideation
with synthesis function (Guo et al., 2023).

Studies from Tesic (2024) and Imtiaz et al. (2024) both reveal that Gen Al
has the ability to identify emerging trends, estimate future trends, generate
mood boards, provide targeted insights of consumers, trends, and competi-
tors, supporting designers to make informed decisions about design and
hence reduce the risk of overproduction. Zhang and Liu (2024) discover that
Gen Al (e.g. Midjourney) can not only generate various unique images for
creative inspiration but also generate concise textual description with key at-
tributes through analyzing images, which helps designers to further develop
concept and key themes. However, Hong et al. (2023) argue that Gen Al tools
may have a negative impact on designer’s creativity by inducing design fixa-
tion. Designers may overly focus on developing an initial idea rather than
exploring divergent solutions and Gen AI should be taken as an inspiration
tool rather than a final design solution (Hong et al., 2023).

Gen Al in design development
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Research of Gen Al in fashion design generation is increasing significantly in
recent years, mainly applying transformer networks, CNN, GAN, and VAE
techniques.

Guo et al. (2023) identify four different ways in fashion synthesis: image-
guided, sketch-guided, text-guided, and multimodal-guided synthesis mod-
els. Just as the name of models, users are able to synthesize and generate
fashion designs by inputting images, sketches, and text description. Addi-
tionally, 3D-based and dynamic-based synthesis models are developing. Alt-
hough they are not yet natural enough for applying directly in fashion design,
new synthesis models could open new opportunities and methods for users
to generate designs (Shi et al., 2025).

Besides the theory and technical research on the design development stage,
several emerging Al text-to-image generation tools based on diffusion mod-
els have attracted growing interest in both professional and academic com-
munities. Among these tools, Midjourney has distinguished itself through its
advanced capabilities, including managing complex prompts, and assisting
inspiration generation (Zhang & Liu, 2024). In the design development pro-
cess, Midjourney has demonstrated exceptional speed in generating digital
images by producing around 12 digital images in less than 60s, enabling de-
signers to quickly iterate different design details and ideas. Similarly, Pan et
al. (2024) conduct controlled experiments and find that using Gen Al can
effectively improve design efficiency and reduce the average design time by
33% compared to the traditional design drawing.

Seo and Koo (2024) build upon this, combining ChatGPT and Midjourney for
creative designs. In the study, ChatGPT provides clear and quick answers
with a wide range of data, replacing manual work to search for information
on the internet. The results show that combining ChatGPT with image-gen-
erating Al improves image generation and synergy.

Most research supports that Gen Al reduce the time and costs in manual de-
sign processes, allowing designers to test and experiment new ideas rapidly
and focus more on refining their ideas while maintaining high levels of crea-
tivity and uniqueness (Imtiaz et al., 2024; Guo et al., 2023; Ngai, Lee & Kei,
2025; Zhang et al., 2022; Pan et al., 2024).

Additionally, Ngai et al. (2025) find new key benetfits from different perspec-
tives. Firstly, Gen AI can enhance communication between various stake-
holders by involving them in modifying designs collaboratively. Moreover,
Gen Al enables other decision makers (e.g. buyers and merchandisers) with-
out extensive experience in professional design software to modify designs

18



directly, reducing designers' workload in implementing minor changes of de-
sign, thereby speeding up the overall design process.

Gen Al in prototype development

Gen Al in prototype development is not further developed as design develop-
ment stage (Imtiaz et al., 2024). The existing research focuses on three main
use cases: providing sewing guidance, sewing pattern generation, and virtual
try-on.

Wijesinghe, Rajapakse, and Asanka (2024) propose an Al model leveraging
GPT-4 and computer vision technology that can annotate sketches and pro-
vide sewing operation suggestions, enhancing efficiency with 30% lower
sampling cost and 25% less operation time. While sewing pattern generation
models focus on generating 3D sewing patterns with text and monocular im-
ages and allow designers editing sewing patterns for batter fit (Shi et al.,
2025). Lastly, 3D-based virtual try-on generates harmonious 3D human
wearing garments from images or 3D models (Shi et al., 2025). All these stud-
ies show the benefits of shortening prototype cycles and decreasing cost and
manpower, but in different ways, such as suggesting sewing sequences, rap-
idly iterating design, and replacing human model (Wijesinghe et al., 2024;
Shi et al., 2025).

2.3.2 Challenges and Bottlenecks
Challenges of Gen Al in fashion design process

Output quality. Many studies have demonstrated that Gen Al can generate
high quality images, while Gen Al still struggles to accurately render human
features, often resulting in distorted faces, fingers, and incorrect limb num-
bers (Jin & Lee, 2024). Moreover, Shi et al. (2025) and Jin and Lee (2024)
all claim that Gen AI has limitations in capturing the full range of design nu-
ances and design details of fashion sketches. This restriction prevents Gen Al
from being applied to tasks that require high-end finishing, precise design,
and functional usability (Jin & Lee, 2024). Both studies underscore the need
for technical improvements in structural accuracy to enhance overall output

quality.

Operational Challenges. Recent studies demonstrate that effective and
precise textual prompts critically influence image generation quality in Gen
Al systems, and well-crafted prompts enhance creative outcomes by stream-
lining design workflows, enabling personalized outputs, and accelerating it-
erative feedback cycles (Seo & Koo, 2024; Zhang & Liu, 2024; Jin & Lee,
2024). However, prompt engineering is a significant barrier because of the
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cognitive difficulties in translating designers’ visual concepts into text
prompts that align with model capabilities. This challenge is amplified in
fashion design, where aesthetic nuances (e.g. fabric drape, texture, and cul-
tural symbolism) demand precise articulation from designers (Hong et al.,
2023). Future interfaces that integrate multimodal inputs (e.g., sketches, ma-
terial samples) could bridge this gap, enabling designers to maintain creative
control while leveraging Gen AI’s generative potential (Hong et al., 2023).

Moreover, existing Gen AI models have limitations in implementation.
Firstly, the generation process of Gen Al is relatively random and lacks con-
trollability (Guo et al. 2023; Zhang et al., 2022). Secondly, the model cannot
guarantee good results every time. The uncontrollable generation and incon-
sistent result quality add difficulty in utilizing Gen Al in the design process
and hinder human-AI collaboration. To address these challenges, designers
should change their role into design curators and design directors, taking re-
sponsibility of overseeing, assessing, selecting, and filtering fashion image
results according to defined design concepts and criteria (Zhang & Liu, 2024;
Jin & Lee, 2024).

Technical bottlenecks of Gen Al in fashion design process

Data collection. Ngai et al. (2025) state that training effective Gen AI mod-
els requires both high-quality and diverse datasets to produce realistic and
satisfying fashion designs. However, obtaining a large and representative da-
taset that accurately reflects different styles, materials, and body types poses
significant challenges. Furthermore, as fashion trends evolve rapidly, it is
crucial to continuously update these datasets.

Data deficiency. The datasets affect the generation across different styles
and trends. GenAl models trained on specific datasets may fail to generate
designs across diverse fashion styles or rapidly changing trends. The learning
of these models is confined to the data they were trained on, which may not
encompass future trends or a wide array of cultural styles (Ngai et al., 2025).
Lacking dataset from specific fashion styles or elements may result in imper-
fect outputs.

Hardware limitations. Another challenge lies in cost and resource alloca-
tion. Implementing GenAl models necessitates considerable computational
resources for training, including high-performance GPUs and substantial
memory capacity. This requirement can pose a significant barrier for small
to medium-sized fashion companies that may lack access to the necessary
computational infrastructure (Ngai et al., 2025).
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Deployment limitations. Besides the limitation of hardware, Jin and Lee
(2024) state that there is a need for customized Gen Al systems that can meet
the unique challenges and requirements, allowing a high degree of freedom.

2.4 Research gaps in literature

Based on the existing literature, several important gaps are identified in re-
search. Gaps are categorized into two areas: research gaps in fashion design
process and research gaps related to Gen Al in fashion design process.

2.4.1 Research gaps in fashion design process

Building on previous literature and designer interviews, Munasinghe et al.
(2022) proposed a six-stage fashion design process framework. While this
framework mainly focuses on the UK, Europe and US markets, the Chinese
fashion industry may have a different fashion design process and hence fur-
ther exploration is needed. Moreover, this investigation only focused on fash-
ion designers and design consultants, lacking the role of other stakeholders
such as buyers and merchandisers, who especially participate in the process
from the perspective of commercialization.

Unfortunately, there is little research about the fashion design process in the
Chinese fashion industry. The only literature I can find related are about roles
of buyers and merchandisers in Chinese fashion industry. Zhong and Mitra
(2020) and Liu et al. (2011) all state that buyers and merchandisers in China
take the responsibility of trend forecasting, consumer demand, and product
positioning, tasks related to the trend research and trend pack development
stage. Munasinghe et al. (2022) also highlights that other key stakeholders in
the fashion design process are needed to explore in future study.

2.4.2 Research gaps in Gen Al in fashion design process

While Gen Al's impact on the fashion and apparel industry has been trans-
formative, the design process remains one of the least studied areas in this
context. Giri et al. (2019) observe that Al applications have primarily focused
on apparel production, fabric manufacturing, and distribution, with limited
attention to the design phase. Banerjee et al. (2021) echo this sentiment, em-
phasizing the growing necessity for businesses to explore the influence of Al
on design workflows as the adoption of intelligent technologies becomes in-
creasingly essential. In the future, having AI will be a necessity for businesses
rather than a choice. Similarly, Zhang and Liu (2024) encourage future re-
search to leverage the technologies and simultaneously explore how Al tech-
nologies improve the fashion design process.
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Despite the potential benefits, the State of Fashion Technology Report
(2022) reveals that the investment in advanced technology, including Al, is
still low, remaining relatively low across fashion companies. The radically
changing retail environment, especially within the fashion industry, calls for
further understanding of the impact that Al technology has on the fashion
design process.

From an academic perspective, there is also a significant gap in research con-
cerning Gen Al's influence on the fashion design process. Most of the existing
studies related to Gen Al in the fashion design process only focus on the spe-
cific sector rather than the entire workflow (Zou & Wong, 2021). Specifically,
most research focuses on trend research (Choi et al., 2023; Tesic, 2024; Imt-
iaz et al., 2024; Zhang & Liu, 2024) and design development stage (Lee,
2022; Choi et al., 2023; Guo et al., 2023; Shi et al., 2025; Zhang & Liu, 2024;
Pan et al., 2024; Seo & Koo, 2024; Ngai et al., 2025). Only a little research
covers some applications in the prototype stage (Shi et al., 2025) and no re-
search in finalization of range and approval stage, according to my
knowledge. Moreover, there is a noticeable lack of discussion from the per-
spective of practitioners who have the most use cases.

In conclusion, further research is essential to comprehensively explore the
relationship between Gen Al and the fashion design process. This study aims
to fill the gap by investigating how Gen Al can be integrated into the fashion
design process, with a focus on Chinese context and identifying challenges
and limitations for its adoption. By forming a holistic understanding of Gen
AT’s potential in this domain, the research seeks to advance academic dis-
course on Gen Al in the fashion design process and provide practical insights
for fashion practitioners.

2.5 Theoretical frameworks

The study employs one existing theoretical framework and several recent
studies to examine the role of Gen Al in the fashion design process: the fash-
ion design process framework proposed by Munasinghe et al. (2022) and lit-
erature demonstrating the implementation, challenges, and barriers of Gen
AT in fashion design process. This section provides a brief overview of the
selected framework and literature, demonstrating their combined relevance
to the research objectives.

First, the primary goal of this study is to investigate how Gen Al can be effec-
tively utilized and what the role of Gen Al is in the fashion design process.
Second, the challenges and barriers in its implementation will be also inves-
tigated in this study. As a key research outcome, Gen Al applications and Gen
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AT’s role are integrated into the framework, aligning them with the corre-
sponding stages and objectives of the fashion design process.

The framework of the fashion design process consists of six distinct phrases:
Trend research, Trend pack development, Design development, Prototype
development, Finalizing of range, and approval. These stages are visually
represented in Figure 1.

Fashion design process
(Munasinghe et al., 2022)

Fashion design | Trend Research Trend pack Design Prototype Finalization of Approval
Tevel n Tevel " Hoval 4
process dev dev range

Collect data and Decide key themes Design sketches Develop prototypes’ : Select best garment Present the plan to

trendy inspiration and mood beards Fabrics & samples combinations the board of

Key activities for concepts, themes, : Decide Key fashion Accessories Match cost and Finalize the design directors for

silhouettes and 1 devel it target price points approval
shapes

Figure 1. Fashion design process model by Munasinghe et al. (2022)

Several literatures are integrated in the fashion design process framework to
further develop a conceptual framework, which is illustrated in Figure 2. Re-
cent literature has found various applications of Gen Al in different stage of
the fashion design process, from trend research to prototype development
(Tesic, 2024; Imtiaz et al., 2024; Guo et al., 2023; Shi et al., 2025; Wijesinghe
et al., 2024), several challenges and limitations are also identified in the re-
cent studies, including output deviation, operation challenges, data issues,
deployment limitations, and hardware limitations (Shi et al., 2025; Jin & Lee,
2024; Hong et al., 2023; Ngai et al., 2025; Zhang & Liu, 2024; Guo et al.,
2023). This conceptual framework is used for guiding empirical research.

Gen Al in Fashion design process
(Munasinghe et al., 2022; Tesic, 2024; Imtiaz et al., 2024; Guo et al., 2023; Shi et al., 2025; Wijesinghe et al., 2024 )

Fashion design { Trend Research Trend pack Design Prototype Finalization of Approval
process develog t devel t devel t range
Collect data and Decide key themes Design skeiches Develop prototypes/ | Select best garment { Present the plan to
trendy inspiration and mood boards Fabrics & samples combinations the board of
Key activities for concepts, themes, § Decide Key fashion Accessories Match cost and Finalize the design directors for
silhouettes and 1 devel it target price points approval
shapes
+ Mood boards + Sewing operation
Gen Al = Trend I’on",ca.s(ing generation . Desigp suggestions
+ Targeted insights + Textual generation + Sewing pattern
applications + inspiration deseription generation
generation = Virtual fitting

Challenges and limitations of using Gen Al in Fashion design process
(Shi et al., 2025; Jin & Lee, 2024; Hong et al., 2023; Ngai et al., 2025; Zhang & Liu, 2024; Guo et al., 2023; )

Challenges Bottlenecks

*Data issues
*Hardware limitations
*Deployment limitations

=Output quality
*Operational challenges

Figure 2. Conceptual framework of Gen Al in fashion design process
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The objective of this research is to develop a holistic framework that synthe-
sizes the conceptual framework with the empirical findings. The resulting
framework will serve as a practical guide for fashion professionals, illustrat-
ing how Gen Al can be utilized across different stages of the fashion design
process. Specifically, it will build on the Munasinghe et al. (2022) model to
highlight concrete Gen Al application areas and the role of Gen Al at each
stage of the design process.

By combining conceptual frameworks with empirical findings, this study
seeks to enrich the academic discussion on Gen Al in fashion design process,
while also offering fashion professionals with a clearer view of the challenges
and constraints involved in its application. The resulting framework is in-
tended to narrow the gap between theoretical research and industry practice,
offering practical guidance for fashion professionals to utilize Gen Al in ways
that boost creativity, efficiency, and innovation across the fashion design pro-
cess.
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3 Methodology

This section outlines the research methodology and empirical process em-
ployed in this thesis. It begins by discussing the research design and ap-
proach, including the research questions, context, and philosophical founda-
tions. Next, it details the data collection process, the rationale behind it, and
specifics about the interviews conducted. Finally, the data analysis process is
explained.

3.1 Research design and approach

The study aims to explore how fashion professionals can leverage Gen Al in
the fashion design process and examine various challenges and limitations of
its implementation. By integrating two research streams, Gen Al and the
fashion design process, the study seeks to understand their interrelation and
how fashion professionals can apply these technologies in their daily opera-
tions. The research addresses two research questions:

RQ1: What is the role of Gen Al in the fashion design process in the Chinese
fashion industry?

RQ2: What are the challenges and bottlenecks of implementing Gen Al in the
fashion design process?

By examining Gen Al roles, challenges and limitations, the study aims to pro-
vide a holistic overview of the topic. As a key output, it presents a practical
framework to support fashion practitioners in applying Gen Al across differ-
ent stages of the fashion design process.

The empirical research of this study adopts a qualitative methodology based
on semi-structured interviews with relevant fashion professionals in the Chi-
nese fashion industry. This methodology was chosen for several reasons.
First and foremost, qualitative research is particularly suitable for exploring
complex, under-researched phenomena and developing theories when exist-
ing theories do not adequately capture the complexity of the problem (Cre-
swell & Poth, 2016). In the context of this study, where little academic re-
search has addressed the role of Gen Al in the fashion design process partic-
ularly within the Chinese context, qualitative methods offer the flexibility to
investigate evolving practices, perceptions, and challenges. This approach
enables the researcher to hear the voices of fashion professionals and analyse
their experiences without imposing rigid theoretical assumptions. By con-
ducting semi-structured interviews, the study allows participants to express
their views in their own words, which is crucial for capturing the context-
specific dynamics of Gen Al implementation in design workflows.
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Moreover, previous studies such as Jin and Lee (2024) have also used quali-
tative interviews to explore how Gen Al supports or hinders the fashion de-
sign process. Using a similar method in a different cultural or professional
setting enables this research to extend existing work from a new angle.

The research is based on the interpretive paradigm, which emphasizes the
importance of subjective meanings and shared understanding in social con-
texts (Eriksson & Kovalainen, 2015). Rather than testing predefined hypoth-
eses, the study seeks to identify shared ideologies and practices related to
Gen Al across the fashion design process. While each interviewee may have
unique perspectives, the research highlights underlying universal concepts
and practices in how professionals apply Gen Al in their design workflow.
This approach supports the development of a practical framework to guide
fashion professionals in leveraging Gen Al-powered tools throughout the
fashion design process.

3.2 Data collection

Semi-structured Interviews were chosen as the research data collection
method to explore the role of Gen Al in the fashion design process, aiming to
develop a comprehensive understanding of the topic. Given the objective of
examining the role of Gen Al in the fashion design process from multiple per-
spectives, interviews were considered the most effective approach. Inter-
views are particularly valuable for gaining in-depth insights and exploring
new phenomena (Belk, Fischer, & Kozinets, 2012), making them well-suited
for addressing the research questions.

3.2.1 Case Context: China as a Study Context

This thesis focuses on the role of Gen Al in the fashion design process, with
data collected from fashion professionals in the Chinese fashion industry.
The decision to use China as a case study is based on multiple factors, includ-
ing the country’s rapid digital transformation, the growing integration of Al
in creative industries, and its position as one of the largest fashion markets
in the world.

A key consideration for selecting Chinese fashion practitioners as informants
is the research gap identified in the literature review. The framework used to
analyze the fashion design process, as proposed by Munasinghe et al. (2022),
was developed primarily based on Western markets. While this framework
provides a structured understanding of the design process, it does not fully
capture the nuanced difference of fashion design workflows in Asian mar-
kets. By focusing on China, this study contributes to addressing this gap when
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keeping focus on exploring how Gen Al is applied in the fashion design pro-
cess.

Another consideration is China’s position in the apparel industry. According
to Balchandani, Rolkens, and D’Auria (2025), China’s apparel market is the
second largest in the world. Additionally, China continues to dominate global
fashion manufacturing, accounting for 31.7% of worldwide clothing exports
in 2022 (DFU, 2023), maintaining its position as the industry's manufactur-
ing giant. The position means the huge potential of implementing Gen Al in
operation. Simultaneously, according to Bibi et al. (2024), China is the
world’s leading adopters of digitalization with huge investments and sup-
portive policies in digital technologies, which make China a compelling case
context to understand how fashion practitioners adapt Gen AI in the real
world. Chinese fashion professionals often operate in an ecosystem that
blends social media, e-commerce, and Al-driven insights. This provides a
unique setting to examine how Gen Al tools are used not only in traditional
design workflows but also in the rapidly evolving digital fashion landscape.

3.2.2 Selecting the informants

The data collection process began with finding informants that were suitable
for this study. Theoretical sampling, as proposed by Eisenhardt (1989), was
employed to select experts who were pioneers in applying Gen Al to the fash-
ion design process. Two strategies were used to identify informants. First,
leveraging personal connections proved crucial in locating the most relevant
participants. Thanks to prior professional experience, I had an established
network of designers, buyers, and merchandisers who had worked together
before. The key criteria were selecting individuals who actively utilized Gen
AT in their work. Additionally, the snowball sampling technique (Patton,
1990) played a significant role, as some informants recommended other ex-
perts who could be suitable for the research. Finding interviews took more
than a month with a lot of cold contacting, including numerous messages on
WeChat, China's largest social platform.

In total, 15 experts were interviewed for the study. Among the participants, 8
were designers or design managers, who play a central role in the fashion
design process, while the remaining 7 were buyers and merchandisers, who
are also deeply involved in the process in the perspective of business. To focus
on the Chinese context, all interviewees were Chinese and working in Chinese
companies. Moreover, the sample was relatively diverse, comprising repre-
sentatives from various companies in different fashion sectors and different
sizes, ensuring a multi-perspective and comprehensive view of the research
objectives.

27



A detailed list of the informants is provided in Table 1. To secure anonymity
and uphold ethical standards, personal and company identifiers were re-
moved from the data. As emphasized by Eriksson and Kovalainen (2015), in-
formed consent, anonymity, and confidentiality are fundamental to ethical
research practices. These principles were rigorously followed throughout the
study to ensure fairness and respect for all participants.

Table1. Overview of interviewees

o Years in o
ID Position industry Company description

Informant 1 Design manager >10 Cross-border apparel e-commerce company

Informant 2 Buyer manager >5 Fast fashion and lifestyle product retailer

Informant 3 Senior Merchandiser >10 Cross-border apparel e-commerce company

Informant 4 Buyer <5 One of Chinese Iargest e-commerce players,
focusing on apparel

Informant 5 Design manager >10 OEM women fashion company

Informant 6 Graphic designer <5 Fashion studio

Informant 7 Graphic designer <5 Chinese mass-market fashion brand

Informant 8 Designer <5 Chinese mass-market fashion brand

Informant 9 Design manager >10 Lolita fashion brand

Informant 10 Buyer 5-10 Cross-border apparel e-commerce company

Informant 11 Design manager >10 Cross-border apparel e-commerce company

Merchandising man- . .
Informant 12 ager >10 High-end fashion sportswear brand
Leading fast fashion brand with more than

Informant 13 Buyer <3 400 stores globally

Informant 14 Designer <3 Fashion studio

Informant 15 Buyer 5-10 Cross-border apparel e-commerce company

28



3.2.3 Conducting the interviews

To address the identified gaps in the existing literature and answer to the
research questions, interview questions were carefully developed. As noted
by Eriksson and Kovalainen (2015), a well-prepared qualitative interviewer
should design questions that align closely with the study’s objectives. Based
on this, an interview protocol was created to help guide the conversations in
a meaningful direction, while allowing flexibility for exploring emerging
themes. The questions included both background questions to understand
the context of the interview and subject-specific questions related to Gen Al
applications in the fashion design process. The protocol was revised itera-
tively between interviews to incorporate new insights that emerged during
discussions, which is suggested by Gioia, Corley, and Hamilton (2013). The
complete set of predefined interview questions is provided in Appendix 1.

The interviews were conducted online via video calls, each lasting approxi-
mately 30 to 60 minutes. Online interviews were chosen due to geographical
constraints. At the beginning of each interview, the study’s objectives were
explained to the informants, and preliminary themes were shared to help
them prepare. The participants were open and engaged in the discussion, ex-
pressing enthusiasm and interest in the topic and its relevance to their work.

In qualitative research, the researcher’s role is reflexive, meaning they must
stay aware of their influence on the process (Moser & Korstjens, 2018). Un-
like quantitative research, qualitative research involves closer interaction
with informants, requiring the researcher to build trust and establish a con-
nection with participants (Eriksson & Kovalainen, 2015). This is particularly
important when informants have diverse backgrounds and varying levels of
knowledge about the research topic. The interviewer needs to be flexible and
be capable of shifting focus depending on the participant’s expertise and in-
terest, asking follow-up questions where necessary, and creating a relaxed
setting for open dialogue. This approach helps to uncover richer, more con-
textualized insights from participants.

All interviews were recorded and transcribed using an AI-powered tool called
Xunfei, which automatically generated text from the recordings. However, to
ensure accuracy, each recording was reviewed, and the automatically gener-
ated text was manually corrected. The interviews were all conducted in Chi-
nese, and only the coded quotation parts were translated in English due to
the heavy workload. Back translation was not required as I am equally fluent
in both languages. This rigorous process ensured that the transcriptions ac-
curately reflected the nuances of the conversations.
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3.3 Data analysis

The empirical data was analyzed using Gioia methodology (Gioia et al., 2013),
a systematic approach for inductive qualitative research that ensures rigor
while preserving the potential for novel theoretical insights. This method
consists of three key stages: 1st-order concepts coding, 2nd-order theme de-
velopment, and aggregate dimension. After three stage analysis, the final step
is constructing a data structure that visualizes the progression from raw data
to theory. The data analysis and interviews were carried out in parallel. After
each interview, the transcripts were reviewed and systematically coded. To
help manage and organize large volumes of data, Atlas.ti software tool was
used to facilitate structured coding.

The 1st-order analysis focused on capturing the informants’ own words and
expressions to identify key ideas. These 1st-order concepts were kept close to
the raw data to preserve the participants' perspectives without distilling any
concepts or categories (Gioia et al., 2013). More than 70 initial categories
emerged from the first 10 interviews, and as more transcripts were reviewed,
codes were grouped based on similarity in meaning or context of use.

In the following 2nd-order coding phrase, the 1st-order concepts were re-
fined into theoretical themes by identifying similarities, differences, and re-
lationships between them. This stage moved beyond descriptive coding and
aimed to develop higher-level interpretations of the data, as opposed to the
1st-order coding that was purely based on interviews’ terms.

In the final stage, both 1st order concepts and 2nd order themes are distilled
into aggregate dimensions and given appropriate titles that reflect the under-
lying ideas. This three-step process produces visual data structure that traces
how raw interview data evolves into higher-level insights. For this study, such
visualizations were developed for each of the two research questions (see Fig-
ures 3 and Figure 4). These diagrams illustrate the transformation from par-
ticipant language to broader conceptual themes and dimensions.

After data analysis, final themes were also interpreted to the conceptual
framework to enhance analytical depth. The integrated conceptual frame-
work, which synthesizes the findings, is presented in Figure 5 in the following
section.
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1st Order Concepts

Provide competitor information
Provide local temperature information
Conducting case study without stepping outside

2nd Order Themes

Aggregate Dimensions

Conduct market research virtually

Provide insights of customer consumption preference,
consumption frequency, and consumption scenarios

Gen Al as

Polish customer portrait

Information
aggregator in

Accelerating inspiration collection by providing
inspiration images and related works.

Fashion trend agency adapt Gen Al to better provide
trend insights and inspiration

trend research

Faster Inspiration collection

Designers have poorvocabulary in developing novel
concepts

Designers need help in copywriting, narrating
concepts, and theme names

Designer linguistic limitation

Gen Al as Creative

Develop copywriting by inputting key words
Generate and develop theme names, concept
description, and product description, etc.

narrator in trend
pack

Enhance narratives

development

Different image generation method: text to design,
sketch to design, and image-to-image generation
Combine ChatGPT and Midjourney to generate design

Al-assisted design generation

Gen Al generate 100 designs in 10 minutes
Reduce designers’ workload
Redirect designers’ effort toward other activities

Gen Al as Creative
assistant in design

Accelerate design process

development

Al-powered prototyping generation with 360-degree
product simulation
High-quality product simulation for pre-sale marketing

Al-powered digital prototyping

Gen Al as Digital

Faster prototyping compared to physical sample
making

Material cost and manpower reduction
Substantial investment and maintenance

prototyperin
prototype

Transform prototype process

development

Prepare product training materials and presentation
Al help gather related images, text and generate
training content

DRI

Assist training materials
preparation

Franchiser and retail manger have little understanding
of fabric technologies

Gen Al help explain fabric and concepts in an easy-to-
understand way

Gen Al as
Facilitator in
approval

.

Enhance cross-dept
communication

Figure 3. Data structure - Gen AI’s role
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1st Order Concepts 2nd Order Themes Aggregate Dimensions

- Low overlap between Al output and designers’
intention

= Unnatural facial features or limbs

. Missing product details when synthesizing

= Alcannot replicate realistic effect

Output deviation

. Hard to guide Al with limited input method

- Difficulty in describing design details in words

- Designers lack Al knowledge and prompt skills

- Midjourney anly allows English prompts which adds
more difficulties to Chinese users

- Designers utilize Al to improve prompts accuracy

Human-Al
Operational challenges collaboration
challenges

. Heawy workload prevent designers from learning Al
systematically

- Lack of Al training session

- Learning challenges in training personalized Al models

. Easy to use Al for practitioners in large companies

Learning curves of Al

- Computer configuration such as CPU affect Al output

Hardware limitations
speed

- Needs for personalized platform that can integrate
internal data and reduce repeatedly input

. Designers lack knowledge of Al deployment

. Closed-source Al platform cannot be locally deployed

Implementation
bottlenecks

Deployment constraints

IR

. Limited garment patterns in Al model library
- No access tQ \mport. Ll.lsers pattern library Data deficiencies
- Lack of data in specific style and cultural context

= Al cannot recognize subtle design details

Figure 4. Data structure - Challenges and Bottlenecks
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4 Findings

This chapter presents the empirical findings of the research. The primary re-
search question will be addressed to provide a comprehensive overview of
how Gen Al is applied across various stages of the fashion design process.
The subsequent sections complement these findings by examining the chal-
lenges and bottlenecks of implementing Gen Al.

4.1 The role of Gen Al in fashion design process

The following section addresses the primary research question: What is the
role of Gen Al in the fashion design process in the Chinese fashion industry?
The role of Gen AI and the implementation in different stages, including in-
formation aggregator, concept narrator, creative assistant, digital prototyper,
and facilitator are presented in separate sections.

4.1.1 Gen Al as Information aggregator

In the early stage of the fashion design process, collecting information is an
essential step, guiding design decisions that match new products with market
and customer preferences. Traditionally, this stage involves activities such as
attending fashion shows, visiting exhibitions, conducting competitor analy-
sis, and utilizing third-party trend forecasting services. The informants high-
lighted that it is critical to first understand what and how much the market
and consumers need as they are the cornerstone of effective product devel-
opment.

“We need to first understand market demands based on popular trends,
third-party reports, or consumer lifestyles, and then decide our goals.”
-Informant 1, Design manager

However, with the rise of social media and digital culture, the scope and com-
plexity of trend research have increased significantly. Therefore, Gen AI has
emerged as an information aggregator, helping fashion professionals synthe-
size diverse data sources, including market research, customer insights, and
inspiration, to optimize decision-making and enhance efficiency.

Market research. Market research usually includes market research and
competitor research. Before the popular use of Al, informants conduct mar-
ket research by having a business trip or buying third-party market reports
which are costly and expensive. Now, Gen Al enables practitioners to effi-
ciently analyze overseas markets without going there by providing a great
deal of insights of competitors, local markets, and local weather, etc.
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“When you are learning about competitors and finding fabrics used by
competitors, that information is actually found by ChatGPT. ... ChatGPT is
also very useful when conducting research, because it allows you to learn
about any global brand and do case study without stepping outside.”

-Informant 12, merchandising manager

Customer research. Understanding targeted customers is another im-
portant part in the trend research. Informants highlighted how they utilize
the cognitive superiority and advanced data processing capabilities of Gen Al
to understand the customer and create detailed customer profiles, including
customer portrait, consumption habits, consumption scenarios, and hence
develop targeted design strategies.

“I will use GPT to polish my customer portraits. For example, different
customers may have different purchasing habits for a piece of clothing,
their purchase frequency, the consumption scenarios, and some important
factors they pay attention to, such as quality, style, or design.”

-Informant 12, merchandising manager

Inspiration collection. Finding inspiration is one of the most time-inten-
sive tasks in fashion design. To gather enough inspiration, designers usually
browse thousands of images from runway shows, social media, and brand
websites, etc. One designer mentioned that “Collecting inspiration usually
takes a month. ... This is quite time-consuming and laborious” (Informant
8).

One reason for taking so long to gather inspiration is that designers do not
really know how to find relevant material that fits the theme of that inspira-
tion, while Gen Al accelerates this process by providing diverse inspiration
sources based on keyword input, helping fashion professionals to gather in-
spiration faster, rather than blindly swiping through web pages and social
networks.

“For example, if you enter a keyword, it will provide you with some other
works related to the keyword, such as movies, magazines or other sources
containing those keywords.”

-Informant 9, design manager

In addition to using Gen Al tools such as ChatGPT and DeepSeek during the
trend research phase, some participants also noted the rising role of third-
party trend forecasting platforms that have started integrating Gen Al tech-
nologies. One informant mentioned that WowTrend, a widely used trend
agency, had introduced an Al-powered feature called "Wow AL," which helps

34



transform trend data into visual designs and hence enables designers to
faster gather inspiration. This reveals that Gen Al is being embedded not only
in individual workflows, but also in professional services frequently used by
fashion practitioners.

In conclusion, as an information aggregator, Gen Al provides valuable in-
sights across market research, customer analysis, trend forecasting, and in-
spiration sourcing. Its implementation unfolds enormous operational bene-
fits, notably in cost efficiency and time savings. By virtualizing market anal-
ysis and trend research processes, Gen Al eliminates the need for physical
market visits while providing access to global insights. This technological ad-
vancement represents a paradigm shift in fashion research methodologies.

4.1.2 Gen Al as Concept narrator

After comprehensive trend research, trend packs are developed to guide the
creative direction of the following design phases. These trend packs typically
contain theme boards or mood boards featuring key silhouettes, colors, fab-
rics, inspirational images, and conceptual keywords. While the visual com-
ponents remain largely curated by designers, Gen Al plays a crucial role as a
concept narrator by enhancing the narratives and conceptual frameworks
through advanced copywriting support.

Several designers reported the difficulties in expressing the visual concept
and theme in verbal language. As one designer explained: “Sometimes clients
may want some more novel concepts, but you also know that our vocabu-
lary is not very good” (Informant 8).

Gen Al assists designers by generating theme names, descriptions, and con-
ceptual narratives, ensuring that creative visions are articulated with clarity
and impact. Informants highlighted that AI tools help overcome linguistic
limitations by expanding their vocabulary and offering diverse naming sug-
gestions for themes and collections.

“I would ask ChatGPT to help me think of some theme content or theme
names, and copywriting. For example, I will directly send ChatGPT the key-
words and ask him to come up with a four-character name. He will give me
a bunch of names, and I can choose one or two of his words to combine
them.”

-Informant 8, designer

As the quote implies, one of the key challenges designers facing is translating
visual concepts into compelling narratives. Gen Al effectively addresses this
gap by serving as a linguistic enhancer, helping designers refine their
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narratives with different options. By acting as a conceptual catalyst, Gen Al
enables design professionals to articulate their ideas more effectively, rein-
forcing their creative vision with well-structured and storytelling descrip-
tions.

The integration of Gen Al in this stage marks a significant shift in the fashion
design process, allowing designers to focus on their creative strengths while
leveraging Al for linguistic and conceptual support. This combination of hu-
man creativity and Al-driven language generation represents a paradigm
shift in how creative narratives are crafted in the industry.

4.1.3 Gen Al as Creative assistant

The design development stage represents the most transformative applica-
tion of Gen Al in the fashion design process. After trend packs are finalized,
designers now often use Gen Al tools such as Midjourney and Stable Diffu-
sion to quickly generate and iterate design concepts through different input
methods. Gen Al assist design generation in the following three ways:

Text-to-design conversion:
“If you ask Gen Al to draw something creatively, such as a lollipop with
a bow, it can draw hundreds of different designs for you.” (Informant 9)

Sketch enhancement:
“I drew a sketch myself and asked Al to generate design and then filled it
with clothes and so on.” (Informant 5)

Image synthesis:
"I mostly use image-to-image generation, synthesizing patterns with
fabrics or patterns with prints.” (Informant 4)

Moreover, Gen Al as creative assistant includes not only the image-generated
models, but also large language models. The combination of two models has
proven particularly valuable for graphic design elements as one informant
detailed the application:

“I will ask ChatGPT that I need a piece of English which is suitable for a
certain style or content, and I want to print it on my clothes, can you give
me a slogan? After that I can input the slogan into Al to generate images.”

-Informant 77, graphic designer

This example highlights the collaboration of different Gen Al tools, leverag-
ing advantages of text generation and image generation. The Large language
model provides textual options that meet the keywords, and then image-
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generated models convert the selected text into the images that match the
style. This combined workflow once again demonstrates Gen Al's capacity to
bridge linguistic and visual creative processes.

Most interviewees agree that Gen Al technology integration has fundamen-
tally changed traditional design workflows. The most significant impact has
been dramatic time savings throughout the design process. Traditionally,
fashion designers devote a lot of time to drawing design sketches. As one of
the informants explained:

"Drawing a design might take two hours for a designer, and if revisions
are needed, that could add another hour. In this way, three hours of the day
are already spent.”

-Informant 1, design manager

In the Chinese fashion market, the frequency of launching new products
could be very high. One participant from a big online clothing retailer re-
ported that “On average I have to design and launch around 200 new prod-
ucts every month” (Informant 10). This reveals the massive workload of de-
signers and buyers in the fast-paced fashion market in China and how Gen
Al significantly enhances work efficiency by providing various design options
within a very short time:

“Using Al it’s possible to produce 100 design drafts in just 10 minutes.”
-Informant 1, design manager

Furthermore, by accelerating the design process, Gen Al enables a funda-
mental reallocation of designer responsibilities. The reallocation of time and
tasks enable designers to focus more on higher-value, tactile work that hu-
man sensory evaluation remains irreplaceable:

“By utilizing Al tools, we can redirect designers’ efforts toward product
research, consumer insights, and global market exploration. Instead of
spending eight hours a day sitting in the office creating drawings, designers
can now focus on core activities that truly add value.”

-Informant 1, design manager

In general, Gen Al, as a creative assistant, transforms the design develop-
ment process by increasing design variations, reducing initial design genera-
tion time, and reallocating designers’ time toward value-adding tasks. This
human-AI collaboration not only speeds up the fashion design process but
also upgrades the role of designer from an executor to a strategic curator.

4.1.4 Gen Al as Digital prototyper
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Once the designs are finalized, the next step is to make prototypes, or sam-
ples. In this stage, traditionally, the pattern maker will create a 2D pattern
from the design sketch, ensuring accurate measurements and proportions,
then the sample maker cuts the fabric according to the pattern and sews it
into a sample garment. Participants mentioned that “This process usually
takes 2 days to finish” (informant 13). However, the integration of 3D sam-
ple-making technology supported by Gen Al has revolutionized this process,
allowing users to generate 3D sample with sketches or design elements, of-
fering significant improvements in efficiency and accuracy, as one of the in-
formants explained:

"I input a fabric, a specific pattern and a general style into the system.
Once entered, the system generates a 3D model and an image. We then use
this for design review. This approach saves costs of pattern-making and
fabric sampling. Previously, a significant amount of manpower was dedi-
cated to these tasks, but now 3D pattern-making has effectively eliminated
that need. Additionally, it reduces the rate of rework or errors in pattern
production.”

-Informant 11, design manager

This practical application is universal for all categories, including footwear
design. The Al-powered 3D modeling greatly simplifies the molding step to
do shoes prototype:

“When we design sports shoes, the cost of making a pair of sports shoes
and the cost of making a mold is relatively high. Then we use 3D and Al to
generate 360-degree images of the product, which are the same as the phys-
ical product.”

-Informant 1, design manager

In this stage, Gen Al as a digital prototyper delivers three key advantages.
First, it dramatically accelerates the whole design process by enabling rapid
digital prototyping. Second, it reduces manpower and material costs associ-
ated with physical sample production. Third, the technology's advanced sim-
ulation capabilities can accurately replicate fabric textures and drapes in dig-
ital formats, producing high-quality 3D models suitable for marketing and
product shooting.

The Gen Al-powered prototyping process represents a significant transfor-
mation in the fashion design process. By replacing many physical sampling
procedures with digital alternatives, fashion companies can achieve faster
time-to-market while maintaining design accuracy and reducing material
waste. The high-fidelity digital output also creates new opportunities for pre-
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production marketing and sales activities, further enhancing the commercial
potential of designs before physical production begins.

However, when asked which prototype works better, informant 11 considered
the traditional prototyping to perform better in terms of showing the texture
and folding of fabrics vividly when the clothes are worn on a human model,
which AT still struggles to perform perfectly. Moreover, he also mentioned
that digital prototyping platforms require substantial investment, such as up-
loading new fabric information to the system, to ensure high-quality simula-
tion of 3D models.

4.1.5 Gen Al as Facilitator

The approval stage represents the final phase of the fashion design process,
where selected designs undergo evaluation before inclusion in the final col-
lection. While Gen Al plays a more limited role compared to earlier phases,
it serves as a facilitator, particularly in preparing product presentations and
training materials. Although it sounds similar to the concept narrator role,
facilitator is not aiming for enhancing the linguistic shortcomings of design-
ers, but to align the whole collection details with stakeholders outside the
product department.

This role is especially valuable in companies where customers and franchise
partners are actively involved in decision-making. When presenting a new
product line with an emerging concept, Gen Al assists in preparing struc-
tured training materials and product presentations with case studies and de-
tailed explanation, ensuring that all stakeholders have a comprehensive un-
derstanding of the collection even if they are not expert in design domains.

“With Doubao, I can quickly compile comprehensive training materials,
including fabric explanations and visual examples. It helps store retailers
and regional managers better understand product features.” (Informant 12)

The implementation of Al in this final stage demonstrates several key ad-
vantages. Firstly, Gen Al tools accelerate the preparation of new products by
quickly preparing product details and market insights that traditionally re-
quire extensive manual research. Secondly, Al-generated content enhances
visualization, making technical aspects more accessible to non-expert stake-
holders. Lastly, these materials ensure consistency in cross-departmental
communication, aligning all stakeholders with accurate and standardized in-
formation.

4.2 Human-Al collaboration challenges
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While Gen Al offers numerous benefits in the fashion design process, its im-
plementation presents several significant challenges that affect output qual-
ity and workflow efficiency. In this section, three main challenges of collabo-
ration between human designers and Al systems are demonstrated.

4.2.1 Output deviation

One primary challenge involves output deviation, where Al-generated results
frequently fail to match designers' original intentions. Many designers re-
ported the low overlap between Al generated images and their design intents:

"The overlap between the images generated by AI and the images I envi-
sioned is only about 30% to 50%."
-Informant 5, design manager

This substantial divergence indicates a persistent gap between human crea-
tive vision and Gen Al interpretation, requiring considerable manual adjust-
ments to achieve satisfied results.

Interviewees highlighted a critical gap between Al-generated human figures
and anatomical accuracy, particularly in facial features and limb proportions,
which necessitates manual corrections and reflects the immaturity of current
generative algorithms in understanding physical reality.

“Now the facial features or limbs generated by AI can sometimes appear
unnatural or strange.”
-Informant 8, designer

The missing product details is another critical gap that affects the usability of
Gen Al output. When inputting product images and models, Gen Al cannot
guarantee the integrality of the product. The missing details are not accepta-
ble for designers because details are important parts of the product, which
makes the output unusable. Consider the following quote:

“When the AI attempted to render the shirt—originally a flat image—it
altered some of the design details. For instance, the shirt had a pocket, but
the AI removed it.”

-Informant 11, design manager

Even though the model generated by Al is natural without any facial features
and the product details are all replicated correctly, there is still potentially
another issue of lack of realistic representation. Realistic fabric representa-
tions include folds and light and shadow effects, which Al is currently not
able to simulate well, limiting the further use of Al in fashion design process:
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“Currently, Al still cannot fully replicate the realistic effect of clothing
worn by actual humans, nor can it entirely replace photo shoots.”
-Informant 11, design manager

These examples show Gen Al models lack controllability in attributes, and
textures when generating images. Gen Al can assist in early design stages, it
cannot yet replace some work related to visualization of product, such as
model fitting and photography for final product presentation, particularly for
complex garments where fabric drape and movement are essential visual el-
ements. Technical improvements in structural accuracy and design nuance
capturing are needed to enhance overall output quality.

4.2.2 Operational challenges

The integration of Gen Al in fashion design presents several operational dif-
ficulties that impact workflow efficiency and output quality. Many profes-
sionals report significant challenges in achieving satisfactory results due to
fundamental limitations in current Al systems.

A primary concern involves the limitations of existing input methods. For ex-
ample, some informants reported that “Midjourney only allows text
prompts to generate designs, and there are many design details that are
hard to describe in words” (Informant 13). Many informants express the dif-
ficulty of conveying nuanced creative intentions through text or image
prompts alone. Consider the quote below by one of the informants:

“Al results often deviate from what we envision, and it's challenging to
guide the Al using text or images alone.”
-Informant 8, designer

Not only the challenges of limited input methods, but inputting prompt is
also quite challenging for most informants, for the reason that they usually
do not have much knowledge of AI domains, such as prompt engineering and
AT logics. In the beginning, designers need to continuously experiment with
various keywords and prompts, gradually refining the output until it aligns
more closely with their visions. It usually takes some time for designers to get
familiar with the prompts and corresponding output effects.

Additionally, the mainstream image-generated Al application Midjourney
does not have a Chinese version yet, which adds more difficulty for Chinese
designers to convey their intentions precisely and the precision of prompt
ultimately affect the AI output. Consider the following quote:
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“Midjourney requires very high English skills and English logic, [be-
cause] it only allows English prompts. ... The accuracy of AI-generated re-
sults—around 80% to 90%—largely depends on how precisely you articu-
late your requirements. You need to learn how to use prompts effectively.”

-Informant 8, graphic designer

Despite the widespread challenges in prompt creation and communication
with Gen Al systems, some participants have discovered shortcuts to reduce
trial-and-error. One informant shared a practical technique she uses to im-
prove prompt accuracy. For example, instead of writing prompts from
scratch, she first uploads a reference image into the Al tool (e.g. Midjourney)
and asks it to generate a detailed description. She then selects the most rele-
vant parts from the Al-generated description and uses them as prompts to
generate new images. The output in this technique usually better match her
creative intent. This strategy allows her to bridge the gap between visual ideas
and text-based inputs more efficiently.

“For example, if  want a specific lace detail in the product image, I'll drop
the image into the AI and let it describe it first. The Al gives a comprehensive
description, and I'll extract the parts I need and use them as prompts. The
generated images then match my expectations better.”

-Informant 14, buyer

This example shows how fashion professionals can leverage Al not only for
image generation, but also as a supporting tool for prompt construction,
helping them communicate more effectively with AI system and reduce the
time spent on experimenting prompts.

However, even if designers can use prompts effectively, the opaque nature of
AT generation processes compounds operational difficulties. The 'black box'
characteristic of Al systems means users cannot observe or influence the in-
termediate steps of the generation process. This lack of transparency and lack
of precise control makes it difficult for professionals to guide the AI effec-
tively toward desired outcomes and the unpredictability makes Al implemen-
tation challenging.

"For example, if I need a combined pattern, AI can only provide a final
result. It can’t break down the process step-by-step from start to finish
(fromoto1)."”

-Informant 6, graphic designer

These operational challenges result in significant additional work from de-
signers. Most interviewees reported that Al-generated outputs always re-
quire manual refinement before becoming usable. Designers mentioned that
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“Usually the generation process will repeat 5-6 times before I get the desired
result” (Informant 13). The time-consuming trial-and-error process partially
offsets the efficiency benefits that AI promises to deliver.

"It is rare for an AlI-generated image to be immediately usable. In most
cases, further post-processing and modifications are necessary. ... Al does
not work as one might expect, inputting one image and another does not
guarantee a successful combination of the two. The probability of achieving
this is very low."

-Informant 7, graphic designer

The accumulative effect of these operational challenges creates a paradox
where Al tools designed to save time but require substantial human interven-
tion to produce usable results. Fashion Professionals must balance the po-
tential benefits of Al-assisted design against the practical realities of working
with systems that often misinterpret creative intentions and produce incon-
sistent outputs.

4.2.3 Learning curve of Al

The implementation of Gen Al tools in fashion design process presents sig-
nificant learning challenges, which often hinder their smooth integration into
daily workflows. Based on the interviews, many professionals struggle to use
these tools effectively. Not because they are unwilling, but because of the high
daily workload and a lack of formal training. In many companies, designers
explore Gen Al on their own, with little guidance provided. This self-learning
approach often leads to slow adoption, trial-and-error use, and frustration,
particularly for professionals without prior knowledge in Al-related do-
mains.

"The company initially planned to provide us with some guidance on how
to use these tools. However, when you're busy with work, it becomes diffi-
cult to systematically learn these skills."

-Informant 6, graphic designer

“The company does not have any Al-related training, and I have to ex-
plore how to AI by myself.”
-Informant 13, buyer

The learning challenges become even more apparent when users attempt
more advanced applications, such as training personalized models or fine-
tuning outputs. It requires structured logic, technical vocabulary, and even a
basic understanding of machine learning, skills that lie far beyond the typical
scope of a designer's role. As a result, while designers may use Gen Al for
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simple ideation or text generation, they rarely take full advantage of its more
powerful functions. One informant shared her experience in training her
model:

"The training itself is as complex as fine-tuning a highly specialized ma-
chine. If you aim for a model tailored entirely to your needs, it requires
more advanced knowledge about image generation and computer-based
intelligent recognition.”

-Informant 6, graphic designer

Interestingly, the learning curve is not steep equally across all organizations.
Fashion professionals working in larger companies with technical support
reported much easier adoption, as the quote from an informant who works
in one of the largest e-commerce shopping platforms:

"For us as end-users, it feels like playing those dress-up games from
childhood, where you constantly change faces, hairstyles, and outfits. It’s
almost effortless to operate—quite intuitive."

-Informant 4, buyer

This contrast highlights a key divide in the industry: organizational resources
and digital infrastructure have a major influence on how accessible and ef-
fective Gen Al tools can be. Fashion professionals in smaller firms with lim-
ited resources may face a steep learning curve and adopt Al slowly while de-
signers in big organizations can adopt AI smoothly with user-friendly inter-
face and support from IT departments.

Overall, these findings reveal that the difficulty of using Gen Al is not only
about the tools themselves, but also about the surrounding conditions such
as training, support, and company size. Without addressing these factors,
even the most advanced Al systems may fail to deliver value to the fashion
professionals they are meant to support.

4.3 Implementation bottlenecks

This chapter discuss the three primary categories of implementation bottle-
necks: hardware limitations, deployment constraints and data deficiencies.
First, how insufficient computing power hinder the performance of Gen Al
tools is examined. Next, deployment constraints are discussed, showing its
influence on the scalability of Gen-AI tools. Lastly, the critical gaps in indus-
try-specific data are explored, which undermine the accuracy and applicabil-
ity of Al-generated outputs.

4.3.1 Hardware limitations
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When talking about the bottlenecks of implementing Gen Al, several partici-
pants identified hardware barriers that constrained their ability to effectively
use Gen Al tools. The first challenge is inadequate computer power to run
advanced Gen Al applications efficiently. The following quote highlights that
most image-generated Al models require substantial hardware capacity, and
the performance of Al tools could get worse due to insufficient computing
power:

"Stable Diffusion relies on my computer's CPU for processing, and be-
cause my computer configuration is not particularly high-end, the output
speed tends to be somewhat slow."

-Informant 6, graphic designer

These reflections underscore a key aspect of hardware limitations that
smooth operation often demands hardware resources beyond what typical
creative professionals may have on hand. These hardware constraints create
operational bottlenecks, particularly for smaller design firms or individual
practitioners who may lack access and resources to high-performance com-
puting resources.

4.3.2 Deployment constraints

Beyond hardware limitations, deployment constraints present more complex
challenges for fashion professionals. Several informants highlighted the lim-
itations of current Gen Al tools in terms of system integration and data ac-
cessibility. While the technical capabilities of AI were widely acknowledged,
particularly in handling large-scale data analysis, participants emphasized
the lack of infrastructure to integrate internal datasets into AI workflows. As
one of the informants noted:

"If AI can be integrated with large-scale data samples, it has the poten-
tial to fully replace certain analytical tasks, whether it’s backend data anal-
ysis or product analysis. However, at present, the existing datasets may not
include information specific to your company and products.”

-Informant 11, design manager

This quote highlights the central concern that while Gen Al is technically ca-
pable, the absence of customized integration with enterprise-specific data
significantly reduces its practical value. Informant 5 further stressed the need
for a company-specific Al platform that can access and utilize historical prod-
uct and consumer data without requiring manual input each time:
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"I believe what’s missing is a platform—a personalized platform for each
company—that can integrate all consumer data from the past three to five
years, or data on your top 10 products, and feed it directly into the system.
This would eliminate the need to repeatedly input such materials or data,
allowing the Al to generate outputs immediately."”

-Informant 5, design manager

This quotation reveals that current deployment models, typically cloud-
based and standardized, are insufficient for organizations seeking tailored,
real-time AI applications. The inability to embed Al into internal systems and
workflows represents a critical bottleneck in the implementation process, es-
pecially for fashion companies aiming to leverage historical and personal
data in design and product development.

While some designers expressed a clear desire for locally deployed, custom-
ized Al tools, not all of them knew that such deployment is technically feasi-
ble for certain models. For instance, Informant 6 shared her experience of
training her own Al model with Stable Diffusion, an open-source image gen-
eration model that supports local deployment and customization to meet her
need of graphic design. However, this was an exception rather than the norm
among participants.

These findings suggest that deployment constraints may stem from two in-
tertwined issues. First, many designers lack sufficient knowledge of Al tech-
nologies and are therefore unaware that some models such as Stable Diffu-
sion or open-source models can be deployed as an alternative option. As de-
signers are not typically trained in AI or software development, this
knowledge gap limits their ability to assess or implement alternative deploy-
ment options.

Second, there are indeed technical limitations in the tools themselves. Not all
widely used Gen Al platforms currently support local deployment or integra-
tion into internal systems. For example, tools like Midjourney and ChatGPT
remain closed-source and cloud-based, with no access to APIs or backend
model control. This means that even for designers who are aware of the po-
tential, actual implementation may be constrained by the technical structure
or licensing model of the tool they rely on.

4.3.3 Data Deficiencies

In addition to hardware and deployment challenges, the effectiveness of
Gen Al in fashion design is further constrained by critical data-related limi-
tations. These limitations affect both the quality and applicability of AI-gen-
erated outputs, especially in professional or culturally specific design
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contexts. Based on the interview findings, three key aspects of data issues
emerged: pattern insufficiency, niche or culturally specific data deficiency,
and poor data labeling.

The first issue is the limited variety of garment patterns available in existing
Gen Al models. Designers noted that while basic items such as T-shirts can
be generated reasonably well, while more complex or unconventional silhou-
ettes are poorly represented in current Al outputs, requiring designers to fur-
ther process or modify:

"If I want a T-shirt, it can generate a design quite well. However, for
something slightly more complex, I might still need it to provide a basic out-
line first, which I can then modify myself. When it comes to styles with more
intricate silhouettes, it often fails to produce the exact result I envision."

-Informant 8, designer

Moreover, the lack of flexibility in current platforms makes the problem dif-
ficult to solve. Mainstream platforms such as Midjourney have no access for
users to upload custom pattern libraries, forcing designers to either compro-
mise the outputs or spend additional time manually adjusting the results:

"Midjourney’s pattern library is not comprehensive, and it doesn’t allow
users to import their own pattern libraries."
-Informant 10, design manager

A second and more critical concern relates to the lack of specialized data for
niche design requirements and culturally specific aesthetics. Several partici-
pants highlighted that Gen AI models often fail to finish the task when asked
to generate outputs inspired by historical or non-Western design traditions:

"I tried to generate Rococo-style clothing, but it failed to produce the de-
sired results—it simply couldn’t understand the concept.”
-Informant 9, design manager

This shortfall becomes even more obvious when the task involves cultural
reference. One designer shared her struggle with generating graphic patterns
based on ancient Chinese contents:

“AI had a very difficult time understanding patterns in ancient Chinese
books. ... Because Midjourney was made by an American team, they rarely
used traditional Chinese materials. ... . Once it came to ethnic minorities, ...
It even pieced together some African elements for you. If you don't have the
ability to identify, you will be easily fooled by it.”

-Informant 6, graphic designer
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These examples point not only to data deficiency, but also to data bias, which
can lead to culturally inappropriate or inaccurate results. Designers are re-
quired to actively supervise, verify, and correct these outputs to avoid mis-
representation. This limits Gen AI’s reliability in professional workflows.

The root of these problems lies in inadequate data labeling and annotation.
Without comprehensive, well-categorized datasets, Al models cannot learn
the nuanced distinctions that define fashion aesthetics. The inability to un-
derstand contextual fashion semantics limits AI's capacity to make sophisti-
cated design judgments:

"AI can generate designs, but it struggles to connect the elements within
those sketches. It cannot recognize subtle distinctions, such as lace being as-
sociated with a mature style and ruffles leaning toward a youthful style. As
designers, we make these nuanced distinctions between clothing details, but
Al is unable to recognize such fine differences."

-Informant 6, graphic designer

Interestingly, these data limitations, particularly the lack of niche, culturally
specific content, could theoretically be addressed by training customized Al
models on proprietary datasets. However, as demonstrated in 4.3.2, this so-
lution is not easily accessible due to deployment constraints. Popular Gen Al
platforms like Midjourney are cloud-based, closed-source, and do not sup-
port local deployment or integration of external data. This makes it difficult
for designers to train domain-specific models tailored to their needs. While
open-source alternatives like Stable Diffusion allow such flexibility, they re-
quire technical expertise and are not widely adopted among fashion profes-
sionals.

4.4 Summary of findings

The empirical findings presented above demonstrate how Gen Al is applied
across different stages of the fashion design process, along with the various
collaboration and implementation challenges that fashion professionals face.

To synthesise these insights, Figure 5 presents a framework that maps Gen
AT applications, corresponding roles, and identified challenges and imple-
mentation bottlenecks in each phase of the fashion design process. This
framework provides a consolidated view of Gen Al in fashion design process
and forms the basis for further discussion in the next chapter.
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Adopting Gen Al in Fashion design process
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Figure 5. Framework of Adopting Gen Al in fashion design process
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5 Discussions

This chapter aims to provide an in-depth reflection of the findings presented
in Chapter 4 and directly address the two research questions of this study.
RQ1: What is the role of Gen Al in the fashion design process in the Chinese
fashion industry?

RQ2: What are the challenges and bottlenecks of implementing Gen Al in the
fashion design process?

While the previous chapter focused on presenting what the participants said
and experienced, this section takes a step further to analyze those findings,
uncover underlying meanings, and reflect on their broader implications. By
connecting empirical evidence with the research objectives, this chapter ex-
plains how Gen Al is currently applied in the fashion design process in the
Chinese context, and what challenges limit its effective implementation. The
discussion is structured around the two research questions, each explored in
a separate subsection.

5.1 The role of Gen Al in fashion design process (RQ1)

The fashion design process in the Chinese fashion industry typically consists
of five main stages: trend research, trend pack development, design develop-
ment, prototype development, and approval. Notably, the role of Gen Al var-
ies across these stages, reflecting its adaptability to different needs and deci-
sion-making points.

Gen Al as information aggregator

At the trend research stage, which initiates the entire design process, the pri-
mary goal is to collect a wide range of data (e.g. market trends, customer in-
sights, and emerging trends) to inform critical decisions regarding the new
collection’s theme, target consumer group, wearing scenarios, etc. All these
decisions consist of new product positioning, which is particularly empha-
sized by fashion practitioners as a key determinant of commercial success,
especially in China’s highly competitive fashion market.

Given the heavy workload associated with this stage, fashion professionals
reported that Gen Al tools like ChatGPT and DeepSeek are particularly useful
in streamlining research tasks. These tools assist in gathering targeted in-
sights and generating new product ideas, thereby reducing the need for time-
consuming traditional research methods such as field trips. Additionally,
commonly used trend forecasting agencies are also integrating Al technolo-
gies that they feed social media content and e-commerce sales data into Gen
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Al models to help users explore inspirations. Combined with expert
knowledge in fashion, these Al-enhanced systems offer more precise and
timely trend forecasts.

By automating data aggregation and refining large volumes of data into ac-
tionable insights, Gen Al significantly improves both the efficiency and accu-
racy of trend research. Thus, at this stage, Gen Al primarily functions as an
information aggregator, the role that not only supplies vast amounts of rele-
vant data but also helps extract that data into strategic insights to support
better design decisions.

Gen Al as concept narrator

Following the trend research phase, all the collected insights are synthesized
and transformed into a trend pack, a structured document that communi-
cates the core theme of the upcoming collection, key silhouettes, design ele-
ments, and featured processes. This pack serves as a creative and strategic
blueprint for the following design development.

While the process of visualizing inspiration and aesthetic components re-
mains largely led by human designers, the findings reveal a less discussed yet
valuable role of Gen Al at this stage: enhancing designers’ verbal articulation.
Fashion designers are often trained to communicate ideas visually through
sketches, mood boards, and material selections. However, they frequently
encounter difficulty when asked to turn these visual concepts into compelling
written narratives, which is a crucial component for effective product line
storytelling, branding alignment, and cross-departure communication (e.g.,
with marketing teams).

To address this challenge, designers increasingly turn to text-generation
models such as ChatGPT and DeepSeek to support tasks such as developing
collection concepts, naming collections, and writing copy. By inputting mood
board keywords, inspiration images, or rough ideas, designers are able to co-
develop more coherent and expressive textual narratives around the visual
direction of the collection.

This utilization of Gen Al as a concept narrator not only compensates for a
common skill gap among creative professionals but also enriches the com-
munication quality of the trend pack itself. This stage marks a shift where
Gen Al supports the translation of visual language into textual form, enhanc-
ing the communication depth of design concepts and facilitating downstream
tasks such as marketing, branding, and retail strategy.

Gen Al as creative assistant
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The design development stage marks the critical transformation of abstract
concepts into tangible product designs. Traditionally, this phase has been
one of the most time-consuming parts of the fashion design process. A design
draft can take up to two hours to complete, with an additional hour often
needed for revisions, which result in designers producing only 2—3 design
drafts per day. This low output capacity becomes particularly problematic in
the fast-paced Chinese fashion industry, where designers may be required to
generate dozens or even hundreds of styles within a single month.

Under the circumstances, Gen Al introduces a fundamental shift in how de-
sign work is carried out. Image-generated Al models now allow designers to
input text prompts, reference images, or initial sketches to quickly generate
multiple design options. These Al-generated outputs provide immediate vis-
ual feedback, enabling designers to iterate and experiment with ideas at a fast
pace that was impossible in the past. Gen AI’s capability of producing over
100 designs in 10 minutes reveals a transformation that not only improves
speed but also redefines the scale of the design process.

Beyond efficiency, Gen Al acts as a creative assistant, offering diversified vis-
ual outputs that can serve as sparks for new ideas. This broadens the de-
signer’s creativity by enabling rapid ideation and exploration of previously
unconsidered directions. However, this acceleration does not simply replace
human creativity. Instead, it reshapes it. With Gen AI handling the task of
design development, designers are able to reallocate their time and energy
toward more experiential, human-centered tasks that Al cannot currently
perform, such as esthetic enhancement, textile exploration, and customer be-
havior research.

In this stage, Gen Al thus plays a role of creative assistant with dual function-
ality: accelerating design development and exploring design ideation. It not
only enhances productivity, but also reallocates designer’s time, allowing de-
signers to engage more with emotional and material tactility tasks that Gen
AT cannot reach currently.

Gen Al as digital prototyper

In the prototype development stage, designs are translated into tangible or
digital samples, serving as a critical checkpoint for assessing the feasibility of
the design and cost. Traditionally, this stage has been resource-intensive, re-
quiring significant manual labor, time, and material investment, particularly
heavy in the Chinese fashion industry where the high frequency of new prod-
uct launches demands rapid iteration.
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To address these challenges, many fashion brands have adopted AI-powered
3D prototyping tools, which allow them to simulate garment structures by
inputting designs, fabrics, and patterns. These tools generate real-time 3D
visualizations of garments on virtual models with producible patterns, effec-
tively replacing many physical sample works. As a result, pattern reviewing
and silhouette evaluation are done digitally, significantly reducing the need
for physical materials and manpower.

Participants reported several key benefits from this shift. First, cost and labor
savings are substantial: fewer physical samples, reduced fabric consumption,
less dependency on manual pattern cutting, and even savings on specialized
materials such as shoe molding in footwear production. Second, 3D proto-
typing allows designers to quickly identify flaws in the initial design, those
issues that are traditionally visible after making the physical sample, thereby
minimizing rework and enhancing product accuracy.

Beyond production efficiency, AlI-powered 3D prototyping has the potential
of improving cross-functional communication. Although not explicitly em-
phasized by participants, the findings suggest that digital prototyping ena-
bles clearer, more immediate communication between design and technical
teams. Therefore, Gen Al-based prototyping platforms can facilitate align-
ment between creative intent and technical feasibility, helping bridge the tra-
ditional gap between design and technical departments.

Additionally, findings link the use of these tools to broader goals of sustaina-
bility, as the reduction in physical sampling directly translates to lower envi-
ronmental impact. In this stage, Gen Al thus plays the role of a digital proto-
typer, not merely accelerating production timelines, but transforming how
samples are evaluated, communicated, and refined across departments.

Gen Al as Facilitator

In the approval stage, where selected designs undergo final evaluation before
market launch, Gen Al plays a relatively inconspicuous but strategically val-
uable role. Unlike previous stages that focus on ideation, creation, or itera-
tion, this phase is centered on internal communication and decision align-
ment. Gen Al's contribution here lies not in enhancing design or concept de-
velopment, but in facilitating the clear, structured communication of infor-
mation across departments and stakeholder groups.

Informants highlighted Gen Al's utilization in creating product presentations
and training materials for internal and external stakeholders, including store
managers, franchise partners, and sales teams. In companies where non-de-
sign stakeholders play a role in product approval, Gen Al serves as a content

53



facilitator, helping translate complex product features into easily under-
standable formats. This facilitative role differs from Gen AI’s earlier function
as a “concept narrator.” While concept narrator role supports designers’ ex-
pression of creative vision, the facilitator role focuses on standardizing and
conveying information to ensure consistent understanding across business
functions.

Furthermore, the use of Gen Al at this stage supports organizational align-
ment by minimizing miscommunication and ensuring that all departments
operate based on the same accurate information. This is particularly valuable
in the Chinese fashion industry, where short product cycles and distributed
retail networks demand precise and efficient communication between head-
quarters and retail units.

In summary, in the approval stage, Gen A’s role as a facilitator ensures that
design intent is clearly conveyed, product information is accurately under-
stood, and all relevant stakeholders are equipped to bring the final collection
to market.

Conclusion

In general, the answer to RQ1 demonstrates that Gen Al plays multifaceted
and evolving roles across the different stages of the fashion design process,
each shaped by the specific demands and workflows.

These dynamic roles suggest that Gen Al is not merely a tool used at a single
point in the creative process, it is increasingly becoming a collaborator that
adapts to the shifting needs of designers and organizations. From enhancing
individual creativity to improving organizational communication, Gen Al re-
shapes how fashion products are conceived, developed, and prepared for
market in the Chinese fashion industry. This progression also reflects a
broader transformation of creative workflows, in which Gen AI augments,
not replaces, human creativity, and fashion professionals are complemented
by data-driven support.

This multi-role integration of Gen Al across the end-to-end design process
opens up new discussions around Al-enabled design ecosystems, cross-de-
partmental collaboration, and the shifting skill sets required of designers in
the digital era. These themes are further explored in the following sections
on theoretical contributions and managerial implications.

5.2 Human-Al collaboration challenges and implementation
bottlenecks (RQ2)
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While Gen Al brings great potential in improving creativity, work efficiency,
and design generation in the fashion design process, its real-world imple-
mentation also comes with several challenges and barriers.

Human-AI collaboration challenges

Human-AlI collaboration challenges are mainly related to creative control,
workflow compatibility, and organizational support. Based on the findings,
three primary categories of implementation bottlenecks were identified: out-
put deviation, operational complexity, and the learning curve of Al adoption.

First, one of the most pressing issues is the mismatch between what design-
ers want and what Al actually generates. Although Gen AI models have be-
come more advanced, they still struggle with controlling certain design ele-
ments such as vivid garment fold, accurate product detail, and correct human
figure. Designers reported that Al-generated images often deviate from their
intents, requiring manually adjusting. This problem reduces the time-saving
benefit of Al and creates a paradox: Al technology accelerates the design gen-
eration process but requires labor and time in editing. In addition, the ina-
bility to accurately simulate fabric movement and lighting effects limits its
adoption in later stages like product shooting, especially for complex gar-
ments. These limitations show that Gen Al is still far from being able to han-
dle tasks that need a high level of realism and detail.

Second, operational challenges make the human-AI collaboration even more
complex. Most current platforms rely on text or image prompts, which re-
quire users to be precise with their language and understand technical set-
tings. However, designers often struggle to articulate visual ideas through
limited input formats. In China, tools like Midjourney also bring extra chal-
lenges, since they are mainly in English and lack intuitive user interfaces for
Chinese users. Although some designers figure out some workarounds to use
prompt effectively, the lack of transparency and traceability of the generation
process prevent users from guiding or adjusting outputs. This lack of control
forces designers to try different prompts many times or do extra editing af-
terward, which can be time-consuming.

Finally, the steep learning curve presents a structural bottleneck in organiza-
tional adoption. Most fashion professionals are trained in visual skills, not in
writing prompts or understanding Al systems. Without systematic training
or tailored onboarding, most professionals rely on self-exploration, which
slows down the integration of these tools into daily workflows. This challenge
is amplified when trying advanced functions, such as model fine-tuning or
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training custom Gen Al systems, which require technical knowledge far be-
yond the scope of most design professionals. Notably, the learning curve var-
ies significantly depending on organizational support. Designers in large
companies with technical support reported a much smoother adoption expe-
rience, whereas those in smaller companies faced steep barriers to entry.

In short, these challenges highlight that the implementation of Gen Al in
fashion design is not just a technological upgrade but a socio-technical trans-
formation. Successful Al adoption requires more than access to tools, it de-
mands new skill sets, redefined workflows, and strategic support at both the
individual and organizational levels.

Bottlenecks of implementing Gen Al

Beyond challenges in human—AI collaboration, the implementation of Gen
AT in fashion design process is significantly shaped by infrastructure and
data-related bottlenecks, which constrain how effectively these tools can be
adopted. Findings revealed three core structural barriers: hardware limita-
tions, deployment constraints, and data deficiencies. Each reflecting gaps not
only in technology, but also in digital preparation and system compatibility.

The first barrier hardware limitation is foundational. Running Gen Al tools,
particularly open-source models like Stable Diffusion, requires high compu-
ting power, including advanced CPUs and GPUs. Many informants reported
that their personal or organizational hardware infrastructure could not sup-
port smooth operation of these models. In a fast-paced market environment
where speed and flexibility are critical, insufficient computing resources
slows down the design process and limits creative exploration. This issue re-
veals a key inequality in Al accessibility that fashion companies with better
IT setups have more advantages over others.

Even for designers equipped with the necessary hardware, deployment con-
straints make it hard to integrate Gen Al into internal systems. Popular Gen
AT platforms like Midjourney and ChatGPT cannot be trained on private
company data or fully customized. Many designers expressed a clear desire
to integrate Al tools into internal systems and train them on exclusive da-
tasets, enabling the model to learn from past collections, customer profile,
and internal style codes, but the closed nature of many platforms limits this
possibility. Also, since most fashion professionals lack knowledge of Al capa-
bility, they may not even know that open-source alternatives exist. This
shows two key problems: the lack of designer-friendly Al tools that can align
with enterprise data ecosystems and the lack of talents who have the
knowledge in both the fashion design field and AI domain.
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Thirdly, data issues affect the quality of Gen AI outputs. Designers reported
that current Gen Al tools lack access to industry-specific datasets, especially
in niche or culturally specific design concepts, such as Rococo fashion or tra-
ditional Chinese patterns. Sometimes the AI misses important design ele-
ments or changes product features, which makes the results unusable. These
problems are not due to AI models, but because the training data isn’t
matched to real-world fashion needs. Without better datasets and clearer la-
beling, Gen Al tools will struggle to meet professional expectations.

Together, these three challenges reveal that fashion organizations still lack
the technical infrastructure, system compatibility, and data foundations
needed for further Gen Al adoption. If these issues are not solved, Al tools
might stay limited to small tasks and fail to become part of the full design
process. For Gen Al to reach its full potential in the fashion industry, future
improvements must focus on better customization, more inclusive data, and
easier deployment, especially for creative professionals who don’t have
strong technical backgrounds.

5.3 Theoretical contributions

This research explored the role of Gen Al in the fashion design process and
the challenges and barriers to its implementation, focusing on the Chinese
fashion industry. This study offers several theoretical contributions by refin-
ing existing frameworks and extending their applicability to new contexts.
This section reviews the key findings in relation to existing literature and out-
lines how this study contributes to the growing body of research on Gen Al
in fashion design.

First and foremost, the study refines the fashion design process framework
by applying it to the Chinese context. While the original framework by Mu-
nasinghe et al. (2022) focused on Western fashion systems, the findings re-
vealed two key contextual differences. First, the “finalization of range” stage
was not universal in this Chinese case study, showing a more flexible and
time-sensitive workflow. Second, the design process involved not only de-
signers but also buyers and merchandisers, who actively participated in early
decision-making. This aligns with observations in previous research (Zhong
& Mitra, 2020; Liu et al., 2011) but adds new empirical support for a more
cross-functional and commercially driven process in non-Western markets.
These insights highlight the need to adapt existing frameworks when applied
to different organizational and cultural contexts.

Secondly, this study contributes to understanding the multi-role function of
Gen Al in the fashion design process. Prior research has identified applica-
tion areas such as exploring inspirations, providing targeted insights,
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generating textual description, generating designs, and generating sewing
patterns (Choi et al., 2023; Tesic, 2024; Imtiaz et al., 2024; Seo & Koo, 2024).
This study confirms many of those findings but also adds new perspectives.
For instance, Gen Al is found to support concept narration, enhance design-
ers’ verbal communication, and act as a facilitator during the approval stage
by assisting in the creation of structured product training materials. These
emerging roles in cross-department communication are underexplored in
current literature. Furthermore, this study highlights the combined use of
multiple Gen Al models to assist designers with different creative tasks, ex-
panding on prior research that focused mostly on visual generation (Seo &
Koo, 2024).

Another contribution of this study is that it identifies additional benefits of
Gen AI implementation, beyond creative assistance. While earlier studies
mentioned its role in accelerating design and saving time and resources (Shi
& Lewis, 2020; Pan et al., 2024), this study emphasizes Gen AI’s impact on
internal coordination. It improves communication between designers, tech-
nical teams, and marketing departments, by turning visuals into standard-
ized product information, and enabling earlier detection of design flaws dur-
ing prototyping. These findings position Gen Al not just as a creative tool,
but also as a communication promoter within the fashion value chain.

Nevertheless, in terms of changing professional roles, previous research has
suggested that Gen AI may automate routine design tasks and shift designers
into more strategic roles (Zhang & Liu, 2024; Jin & Lee, 2024). While this
study supports this view in theory, the findings also show that current Gen
Al tools cannot fully replace designers due to output deviation and limited
data accuracy. Instead of replacement, the findings point toward a more col-
laborative model, where human expertise is essential for refinement. More-
over, this study echoes and expands on Ngai et al. (2025), revealing that Gen
AT enables buyers and merchandisers to become involved in creative pro-
cesses, thus blurring traditional role boundaries in fashion organizations.

Finally, this thesis contributes to research on the challenges and limitations
of Gen Al implementation. In line with earlier studies (Jin & Lee, 2024; Shi
et al., 2025; Hong et al., 2023), this research confirms difficulties such as
output deviation and operational complexity. Additionally, it highlights new
challenges, such as the steep learning curve for fashion professionals unfa-
miliar with AT logic. This learning gap varies across company sizes. Fashion
professionals with strong technical support adopt AI more easily and
smoothly, while individual designers or small firms face greater barriers. The
study also deepens the understanding of deployment bottlenecks from previ-
ous study (Jin & Lee, 2024), showing that limitations are not just technical
(e.g., lack of APIs or local deployment support), but also depends on the
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designers’ ability to find alternative options. While prior studies have focused
on large-scale data training needs, this research finds that most designers
remain at the application level with little exposure to model training, sug-
gesting that some technical assumptions in the literature may not yet align
with current industry realities.

5.4 Managerial implications

Besides contributing to the academic research, the findings of this study also
offer actionable insights for fashion practitioners. Specifically, this research
presents managerial implications from two perspectives: how Gen Al can be
used effectively, and what conditions are needed to support its implementa-
tion.

First, this study helps fashion professionals understand the specific roles and
practical benefits of using Gen Al at different stages of the design process.
Real-life examples from interviews provide evidence of how Gen Al can sup-
port creative work, especially in areas where human designers may face chal-
lenges. For instance, designers who struggle with verbal communication can
use Gen Al tools to help narrate concepts or create structured materials,
which may even expand their potential career paths into areas like branding
or marketing. Buyers and merchandisers can also benefit from using Gen Al
to visually express their ideas and suggestions, helping them communicate
more effectively with design teams.

In addition, the identified challenges and implementation barriers serve as a
useful checklist for managers. They can use these findings to evaluate
whether their organization is ready to implement Gen Al, and what kind of
support is required. For example, hardware needs may vary depending on
whether the AI platform is cloud-based or requires local deployment. Simi-
larly, companies should assess whether their internal data systems, work-
flows, and staff skill sets are compatible with Gen Al integration.

Second, the study highlights several changes that fashion organizations
should consider making to successfully implement Gen Al. One recommen-
dation is to provide systematic training rather than expecting employees to
learn by themselves. Gen Al tools are not always intuitive, and many design-
ers face difficulties due to a lack of Al-related knowledge. Structured training
programs can help close this gap and speed up adoption. Furthermore,
choosing a suitable Gen Al system based on the team’s needs and technical
resources is essential for maximizing work efficiency. Beyond tools, compa-
nies should also consider developing hybrid talents who understand both Al
and design. These individuals can play a key role in guiding the team,
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improving communication between departments, and making the best use of
Gen Al technologies.

Besides fashion professionals and fashion organizations, this study also of-
fers valuable insights for Gen Al platform developers and technology provid-
ers. To better support adoption in creative industries like fashion, Al systems
should aim to be more intuitive and accessible for non-technical users. Ex-
ploring alternative input methods and lowering the learning curves of
prompt may help better translate creative intentions into usable outputs.

Moreover, the study highlights the need for improved data labeling and fash-
ion-specific classification. Participants reported that Gen Al tools often fail
to distinguish product details like lace vs. ruffles or ancient cultural elements.
Developing more structured and semantically rich datasets could help im-
prove the accuracy, reliability, and cultural sensitivity of Al outputs in fash-
ion contexts.

These implications suggest that the successful adoption of Gen Al in the fash-
ion industry is not just about having access to advanced tools, but also about
building the right organizational environment, including digital infrastruc-
ture, cross-departmental collaboration, and ongoing learning. By under-
standing both the opportunities and challenges, managers and developers
can work together to create Al solutions that truly support innovation and
sustainable growth in fashion.

5.5 Limitations

While this study offers valuable insights into the use of Gen Al in the fashion
design process, several limitations should be acknowledged. First, this re-
search focuses exclusively on the Chinese fashion industry. The use of Gen Al
in China may differ significantly from practices in Western countries due to
differences in organizational culture, market pace, and technological infra-
structure. As a result, the findings may have limited generalizability to other
geographic or cultural contexts. Moreover, while the study originally identi-
fied a research gap related to the fashion design process in Asian markets, it
did not conduct a comprehensive comparative analysis of design processes
across regions. Therefore, this gap remains underexplored.

Second, the scope of participants was limited to fashion professionals such
as designers, buyers, and merchandisers. Other relevant stakeholders, such
as trend forecasting agencies and Gen Al tool developers, were not included
in the interviews. Trend forecasting agencies could offer valuable insights
into how Gen Al is influencing trend research and seasonal concept
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development, while AI developers might provide in-depth technical insights
on deployment requirements and platform limitations.

Third, the study focuses primarily on the practitioner level. Perspectives from
senior managers or decision-makers at the organizational or strategic level
(e.g., creative directors or VPs) were not covered. These viewpoints may offer
a broader understanding of how Gen Al fits into long-term innovation strat-
egies, investment decisions, and organizational transformation.

Fourth, the study did not deeply investigate issues related to Al ethics and
data privacy, particularly concerning the use of internal datasets for training
or fine-tuning AI models. Although some concerns were briefly mentioned
by participants, this remains an area requiring further exploration.

Lastly, most of the interviewees were using commercial Gen Al platforms
such as ChatGPT and Midjourney. Due to confidentiality restrictions, in-
sights from companies that have developed or fine-tuned their own AI mod-
els were limited. As a result, this study may not fully reflect the internal cus-
tomization strategies of larger or more technically advanced fashion firms.

5.6 Suggestions for future research

While limitations of this study restrict the generalizability and depth of cer-
tain findings, they also highlight important directions for future research that
are worth exploring to further understand the evolving role of Gen Al in the
fashion design process.

One future study direction could be to conduct cross-cultural comparisons
between different regions or markets, such as comparing Gen Al usage in
China and Western countries. This would help examine how cultural, organ-
izational, and technological differences shape AI adoption and design work-
flows.

Moreover, involving a broader range of stakeholders such as trend forecast-
ing agencies, Gen Al developers, and senior management could provide a
more comprehensive view of how Gen Al influences both creative decisions
and long-term business strategies. Especially, insights from technology pro-
viders can help link user challenges with future Al system development.

Another possible direction for future research could be to focus more deeply
on ethical concerns, such as data privacy, copyright issues, and cultural bias
in training data. As Gen Al becomes more integrated into the creative indus-
tries, understanding these risks and their implications for designers and
brands will become increasingly important.
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Finally, more case studies from companies that self-develop or fine-tune Al
models would be valuable. These cases could offer insights into the technical
and organizational conditions required for customized Al systems in fashion,
as well as the benefits and risks of internal AI development.
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6 Conclusion

This study explored the role of Gen Al in the fashion design process and in-
vestigated the challenges and bottlenecks associated with its implementa-
tion, with the Chinese fashion industry as a case study. Through semi-struc-
tured interviews with designers, buyers, and merchandisers, the research
identified how Gen Al plays different roles across five key stages of the design
process, from trend research to approval. These roles include functioning as
an information aggregator, concept narrator, creative assistant, digital pro-
totyper, and facilitator, supporting both creativity, efficiency, and communi-
cation.

At the same time, the study revealed several challenges in human—AI collab-
oration, such as output deviation, operational complexity, and steep learning
curves. Structural bottlenecks, such as hardware limitations, deployment
constraints, and data-related issues were also found to restrict the effective
adoption of Gen Al in design workflows.

The study contributes to academic literature by refining the fashion design
process framework in a non-Western context and offering a more detailed
understanding of how Gen Al is used in practice. It also provides practical
implications for industry managers and technology developers, highlighting
the need for better tools, training, and infrastructure to support better Al
adoption.

Overall, this research offers a timely perspective on the integration of Gen Al
in fashion design process and serves as a foundation for further exploration
into how creative industries can adapt to and benefit from emerging Gen Al
technologies.
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Al disclosure

I used ChatGPT-40 mini (https://chatgpt.com/) to improve readability and
language of the thesis and enhance the structure and clarity of ideas. Addi-
tionally, ChatGPT-40 mini was used for paraphrasing to reduce repetition.

In the data collection process, Al-powered speech-to-text tool from Xunfei
(https://www.iflyrec.com/) was used. All participants were informed in ad-
vance that their interview recordings would be transcribed using this third-
party tool, and explicit consent was obtained prior to transcription. To ensure
ethical and secure data handling, I reviewed the transcripts and corrected for
accuracy, and any personally identifiable information was anonymized.

After using Al tools, I reviewed and edited the content as needed and take
full responsibility for the content of the thesis.
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Appendices
A. Interview guide in English

1. Background information

Could you shortly introduce yourself: your professional background and cur-
rent role?

Could you tell me briefly about the company that you're working for (category
and sector)?

How familiar are you with Gen Al and its applications in fashion?

2. Gen Al in fashion design process

What is your working process for your current job?

What kind of Gen AI applications are you utilizing?

What is the main reason for you to use Al tools?

How do these AI applications contribute to your work?

Have you utilized Al in trend research/ trend packs development/ design de-
velopment/ prototype development/ approval stage?

What type of challenges have you met in implementing Gen AI?

What concerns or limitations do you associate with the use of Gen Al in fash-
ion?

Is there any support or resources that would help you better integrate Al into
your work?

What kind of improvements of Gen Al are you looking for?

3. Closing
Is there anything else you would like to add?
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