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ABSTRACT 

This paper applies human-centered Artificial Intelligence-Generated Content (AIGC) techniques to fashion design for the 
East Asian elderly population, with a specific focus on the Chinese cultural context, situated within the Industry 5.0 
framework. While AIGC offers substantial opportunities for design automation and personalization, mainstream 
applications frequently exhibit algorithmic bias and lack cultural inclusivity. To address these challenges, we propose 
and evaluate a human-centered AIGC framework that integrates deep personalization—user-specific model training 
using Low-Rank Adaptation (LoRA)—with designer-centric evaluation via structured assessment using the Fuzzy Analytic 
Hierarchy Process (FAHP). Employing a mixed-methods approach, which combines two design experiments and FAHP 
analysis involving 22 designers and experts, we investigate how AIGC can enhance fashion design for this marginalized 
demographic. The first experiment examines AIGC’s potential for digital prototyping to reduce material waste, directly 
supporting Industry 5.0’s sustainability pillar. The second experiment utilizes LoRA technology to create a deeply 
personalized collection for a representative Chinese user, demonstrating a viable pathway to mitigate representational 
algorithmic bias and improve cultural inclusivity. FAHP analysis reveals that designers prioritize AIGC for enhancing 
design efficiency, iteration speed, innovation, and diversity. The findings culminate in an integrated framework that 
leverages AIGC for sustainable and socially responsible design, providing practical insights for the development of 
human-centered AI applications that empower both designers and users. 
 
KEYWORDS 
human-centered AI, East Asian elderly fashion, digital prototyping, algorithmic bias mitigation, sustainable textile 

INTRODUCTION  

As the global fashion industry transitions into the Industry 5.0 era, Artificial Intelligence-Generated Content 

(AIGC) is fundamentally transforming design practices. Industry 5.0 emphasizes three core pillars: human-

centricity, sustainability, and resilience. In contrast to Industry 4.0’s focus on automation, Industry 5.0 

advances a balanced concept of human-machine collaboration, leveraging artificial intelligence for efficiency 

while preserving the intuition and creativity of human designers. In this context, AIGC functions not merely 

as an automation tool but as a catalyst for enhanced creativity, enabling personalized solutions and 

facilitating iterative learning. 
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Our framework operationalizes the three pillars of Industry 5.0. We address human-centricity by placing 

users’ personal characteristics, cultural backgrounds, and aesthetic preferences at the core of the design 

process through deep personalization. Sustainability is achieved via digital prototyping, which significantly 

reduces physical sampling and material waste. Resilience is enhanced by developing methodologies that 

enable the fashion industry to serve previously marginalized demographics, specifically East Asian (Chinese) 

elderly populations, often overlooked in both mainstream fashion and emerging technology applications. 

AIGC’s transformative potential is evident in its broad applications and its reshaping of collaborative design 

models. In fashion, researchers have achieved automatic clothing matching using techniques such as 

Attribute-GAN [1] and have validated the feasibility of using tools like Midjourney for fashion design 

development [2]. Projects such as DeepWear have demonstrated practical applications of collaborative 

design between humans and AI [3], and this impact extends beyond the fashion industry [4]. Scholars have 

conducted comprehensive reviews of AI applications in fashion [5] and have developed large-scale datasets 

like FIRST to support text-driven design innovation [6]. Cross-disciplinary applications—from envisioning 

personalized fashion [7] to studying AI’s role in collaborative qualitative analysis [8]—collectively 

demonstrate that AI augments rather than replaces human creativity. 

Within the specific workflow of fashion design, AIGC drives industry development on multiple levels. It 

addresses industry challenges by supporting sustainable practices [9] and empowers AI-driven fashion social 

networking services combined with e-commerce [10]. On a technical level, reference-based design using 

diffusion models enables structure-aware style transfer, as demonstrated by recent algorithmic 

advancements [11]. Research into sustainability highlights the prospects of smart clothing [12], while other 

studies examine methodologies for ensuring AI fairness in data analytics [13]. These technological 

advancements fundamentally alter design workflows, as explored in research examining how generative 

algorithms reshape the creative process [14]. Applications range from image recognition technology [15] to 

AI-driven fashion trend forecasting [16]. Comprehensive reviews have outlined new opportunities for AI-

driven design aesthetics and manufacturing processes [17,18], and recent studies discuss how AI disrupts 

traditional processes in design education [19]. Yin et al. [20] demonstrate the integration of tools like 

Midjourney into design systems for future-oriented innovation, and Choi et al. [21] have developed 

automated design systems reflecting fashion designers’ work processes. 

Despite AIGC’s immense potential, significant challenges accompany its application. A prominent issue is 

aesthetic convergence, where AI-generated works exhibit monotony and repetition in style (Figure 1), as 

discussed by Kalpokas [22] regarding art in the age of AI reproduction, which limits true design innovation. 
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Figure 1. Convergence of imagery and aesthetics in AI-generated characters 

 

A more serious concern is algorithmic bias. Due to the lack of diversity in training data, AIGC systems often 

produce content with biases and stereotypes, reflecting a mainstream—typically Western—aesthetic 

standard (Figure 2), thereby neglecting the diversity and identity of peripheral cultural groups. Gui Bonsiepe’s 

center-periphery theory highlights longstanding cultural and economic imbalances in the design field [23,24]. 

Consequently, specific groups, such as East Asian elderly populations, are frequently overlooked in both 

mainstream fashion and emerging technology applications. Furthermore, a significant gap exists between 

the rapid development of AIGC technology and its integration into design education. Adeshola et al. [25] 

emphasize the disconnect between AI tools and design curricula. McCardle [26] discussed challenges in 

integrating smart technology as early as 2002, while Luckin and Cukurova [27] identified a general lack of AI 

literacy among educators and students. Luo and Wang [28] analyzed the crises facing design education in the 

AIGC era, and Gu et al. [29] raised ethical concerns about overreliance on AI potentially weakening students’ 

critical thinking, even as scholars like Zhang [30] propose curriculum integration strategies. 
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Figure 2. Exhibition of AI-generated image discrimination and stereotypes (Three Shadows, Xiamen, captured by the research team) 

 

This research addresses a central question: Despite AIGC’s vast potential for efficiency and personalization, 

how can we leverage this technology to address aesthetic convergence and algorithmic bias, thereby 

providing genuinely inclusive, culturally sensitive, and functional design solutions for groups marginalized by 

the mainstream fashion industry? We focus specifically on East Asian (Chinese) elderly populations. We 

acknowledge that Asia encompasses numerous distinct cultures, body types, and fashion sensibilities. Our 

study addresses the East Asian cultural context, with particular emphasis on Chinese elderly populations, 

from which our design representative and expert participants were drawn. The concept of cultural inclusivity 

derived here is limited to this specific context and cannot be generalized to all Asian elderly populations 

without further validation. 

Research applying AIGC to meet the specific needs of this group is currently insufficient, presenting a clear 

market and academic gap. To address this challenge, we propose and evaluate a human-centered AIGC 

fashion design framework. This framework combines technological innovation with social responsibility. 

Through two design experiments and Fuzzy Analytic Hierarchy Process (FAHP) validation, we explore how 

AIGC—particularly through deep personalization achieved with technologies like Low-Rank Adaptation 

(LoRA)—can empower designers to create fashion products that are both sustainable and tailored to the 

specific needs of East Asian (Chinese) elderly populations. This study provides a viable theoretical framework 
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and practical guidance for the inclusive application of AIGC in the fashion domain. 

RESEARCH QUESTIONS, OBJECTIVES, AND SCOPE 

Research Questions 

Based on the opportunities and challenges of AIGC technology in fashion as outlined above, this study 

investigates a core issue. While current AIGC technology offers significant potential for improving efficiency 

and personalization, inherent algorithmic biases and aesthetic convergence often result in the 

marginalization of specific social groups, such as East Asian (Chinese) elderly populations. Therefore, the 

central research question (RQ) of this study is: 

RQ: How can we construct and evaluate a human-centered AIGC fashion design framework to effectively 

meet the personalized, cultural, and functional needs of East Asian (Chinese) elderly populations, while 

addressing the biases and limitations of existing AIGC technologies? 

To systematically address this issue, we break it down into three interconnected sub-questions (SQs), 

examining the core question from technological, designer, and industry perspectives: 

• SQ1: How can we apply personalization technologies such as LoRA to mitigate representational 

algorithmic biases (e.g., Western aesthetic dominance and underrepresentation of East Asian 

elderly features) in mainstream AIGC models, thereby generating fashion designs with cultural 

resonance and personal style for East Asian elderly users?  

• SQ2: Within this human-centered framework, what are the key factors that fashion designers 

prioritize when using AIGC for creation? How does AIGC influence their creative ideation and 

decision-making processes?  

• SQ3: How does the proposed AIGC framework contribute to sustainable and inclusive design 

practices under the Industry 5.0 paradigm by supporting digital prototyping and iteration?  

Research Objectives 

To address the research goals and systematically answer the research questions, this study sets out four 

specific objectives. The primary objective is to develop and test a personalized AIGC design workflow, 

applying LoRA technology by fine-tuning a model based on the personal data of a representative user. The 

aim is to generate fashion concepts with high cultural and stylistic specificity, directly addressing the first 

sub-question regarding technological application (SQ1). 

The second objective is to identify and quantify the key factors designers consider when using AIGC. We 

employ the FAHP to systematically collect and analyze the elements and their relative importance that 

designers focus on when designing for a demographic such as East Asian (Chinese) elderly individuals, 

providing an in-depth answer to the designer’s perspective (SQ2). 
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The third objective evaluates the framework’s potential in promoting sustainable design. By analyzing its role 

in supporting rapid digital prototyping and reducing the need for preliminary physical sampling, we explore 

its practical value in minimizing material waste and enhancing design efficiency, providing empirical evidence 

for the sustainability aspect (SQ3). 

Ultimately, these steps converge into the fourth and final objective: to propose an integrated, human-

centered AIGC design framework. The study synthesizes practical experience from the design experiments 

and quantitative analysis from FAHP to distill a framework that is both theoretically robust and practically 

instructive. This provides a clear pathway for the fashion industry to leverage AIGC for more inclusive and 

socially responsible design, thus comprehensively addressing the central RQ. 

Research Scope 

To ensure the depth and feasibility of the research, we clearly define the scope as follows. The target 

population is the East Asian (Chinese) elderly community, treated as a representative user group 

marginalized by the mainstream fashion industry for an in-depth case analysis. We acknowledge that Asia is 

a vast and culturally diverse continent encompassing numerous distinct cultures, languages, body types, 

aesthetics, and fashion traditions. Our study’s focus on East Asian, specifically Chinese, elderly populations 

reflects the cultural and geographic context of our user representative and expert participants. The findings 

regarding cultural inclusivity are specifically applicable to this East Asian (Chinese) context and cannot be 

generalized to all Asian elderly populations without further validation across different Asian cultural contexts. 

Future research should extend this framework to other Asian regions (e.g., South Asian, Southeast Asian, 

Central Asian elderly populations) to validate broader applicability. 

Technologically, this study primarily investigates image generation AI tools, represented by Stable Diffusion 

and Midjourney, with LoRA as the core technology for deep personalization. Other AI algorithms are not 

considered in depth. Disciplinarily, this research is situated at the intersection of fashion design, human-

computer interaction, and artificial intelligence application research, aiming to foster interdisciplinary 

dialogue and integration. The evaluation focus is on the effectiveness of the design process and the 

professional perspective of designers (analyzed via FAHP), rather than conducting a large-scale market 

feasibility or consumer acceptance survey, thereby ensuring the research remains focused on design 

methodology innovation. 

METHODOLOGY AND DESIGN 

Overall Research Design 

To systematically answer the research questions, we adopted a mixed-methods approach, integrating 

qualitative design experiments with quantitative survey analysis to explore the topic from both practical and 
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theoretical perspectives. The overall research framework consists of two progressive design experiments 

followed by FAHP evaluation. The design experiments serve as the core exploratory tool for understanding 

AIGC’s potential and limitations in specific design contexts through hands-on practice. The first experiment 

focuses on digital prototyping feasibility for sustainability, while the second concentrates on deep 

personalization for bias mitigation. Subsequently, FAHP analysis quantifies and validates key consideration 

factors for designers observed during the experiments. This research trajectory, moving from “how to do it” 

(the experimental process) to “why it is done this way” (designer decision-making), enables comprehensive 

addressing of the central research questions. 

Operational Definitions of Key Framework Components 

For clarity and precision, we provide operational definitions for the core technical components of our 

framework: 

• Deep Personalization: Defined as the process of training user-specific LoRA (Low-Rank Adaptation) 

models on personal datasets containing at least 20 high-resolution images of the target user captured 

across various angles, expressions, and scenarios. This enables the generation of fashion concepts 

authentically reflecting (1) the user’s physical features (facial characteristics, body proportions, skin 

tone), (2) cultural background (traditional aesthetic preferences, symbolic meanings), and (3) 

individual aesthetic preferences (style directions, color preferences, formality levels). Deep 

personalization fundamentally alters the model’s learned representations to center on a specific 

individual, going beyond surface-level customization. 

• Designer-Centric Evaluation: Defined as a structured analytical approach to understanding designers’ 

decision-making processes and priorities when using AIGC tools in their creative workflow. 

Operationalized through FAHP analysis, this method systematically captures and quantifies designers’ 

relative preferences across 16 specific factors, organized into four major dimensions: (1) accurate 

understanding of user needs, (2) design innovation and diversity, (3) design efficiency and iteration 

speed, and (4) cultural adaptability and inclusiveness. This evaluation privileges professional 

designers’ expert judgment, recognizing that successful human-AI collaboration requires 

understanding how AI tools integrate into professional creative practices. 

• Algorithmic Bias Mitigation: Grounded in established human-computer interaction frameworks [31], 

we specifically address representational algorithmic bias, defined as the systematic 

underrepresentation or misrepresentation of East Asian elderly individuals in AI-generated fashion 

imagery. This bias manifests in three forms: (1) Western aesthetic dominance—AI models trained 

predominantly on Western fashion datasets generate elderly figures reflecting Western facial 

features, body proportions, and aging characteristics; (2) Youth-centric representation—mainstream 

AIGC models overwhelmingly depict younger demographics, with elderly individuals often 
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stereotyped; and (3) Cultural insensitivity—AI-generated clothing designs for elderly users reflect 

Western traditions, neglecting culturally specific preferences, symbolic meanings, and functional 

requirements relevant to East Asian elderly populations. 

Bias mitigation is evaluated through qualitative comparative analysis. Two sets of fashion design concepts 

were generated: (1) mainstream AIGC outputs using standard Stable Diffusion models with text prompts 

describing East Asian elderly fashion, and (2) LoRA-personalized outputs using a user-specific trained model. 

Two independent fashion design experts conducted blind comparative evaluations across five dimensions: 

facial feature authenticity, cultural appropriateness, age-appropriate representation, stylistic diversity, and 

functional suitability. We acknowledge the limitations of qualitative evaluation and the absence of 

standardized benchmarks for fashion-specific AIGC applications. Future research should develop quantitative 

bias metrics. 

We clarify that our claim is specifically about mitigating representational bias, not eliminating all forms of 

algorithmic bias. LoRA-based personalization mitigates representational underrepresentation by centering 

the AI model’s outputs on a specific individual’s actual characteristics. We do not claim to address other 

forms of algorithmic bias (e.g., allocation bias in recommendation systems). Our contribution lies in 

demonstrating a technically feasible pathway for reducing Western aesthetic dominance and youth-centricity 

in mainstream AIGC fashion applications. 

Design Experiment 1: Digital Prototyping for Sustainable Design 

The first experiment evaluated AIGC’s potential to support sustainable design practices through digital 

prototyping, directly addressing Industry 5.0’s sustainability pillar (SQ3). Rather than validating general AIGC 

feasibility (already established in literature [2,3,20]), we focused on demonstrating how digital prototyping 

can reduce physical sampling and material waste in the design iteration process for East Asian elderly fashion. 

We followed a streamlined Design Thinking process. In the Empathize stage, market research was conducted 

and a representative denim jacket popular among East Asian elderly consumers was selected (Figure 3). In 

the Define stage, the garment was analyzed using GPT-4 Vision to extract key design elements and generate 

style prompts. In the Ideate stage, Midjourney was used to generate approximately 100 digital concept 

images, enabling extensive design exploration without physical materials (Figure 4). These digital prototypes 

allowed designers to rapidly evaluate concepts in the Prototype stage. In the Test stage, five promising 

concepts were selected and one was physically realized through hand-painting modifications to the original 

garment (Figure 5). 
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Figure 3. Popular denim tops found in local markets (photo by the research team) 

 

  

Figure 4. Stylish Asian elderly individuals styled in denim tops (generated by Midjourney V5.1) 
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Figure 5. The research team generated a rendering based on AI, collected feedback, and then created a secondary design for the 

denim top 

 

Experiment 1 validated AIGC’s utility for sustainable digital prototyping but revealed two key limitations: (1) 

the design process was simplified and did not fully incorporate complex garment manufacturing details; and 

(2) the lack of direct user involvement meant outputs might deviate from the target group’s actual needs. 

These insights informed the deep personalization approach of Experiment 2. 

Design Experiment 2: Deep Personalization Design and Implementation with LoRA Technology 

To address the limitations identified in Experiment 1 and respond directly to SQ1, Experiment 2 focused on 

deep personalization design. The objective was to explore how LoRA technology can effectively mitigate the 

algorithmic biases of mainstream models. A representative real user—Ms. Chen, a senior fashion design 

lecturer over the age of 45—was invited to participate. Ms. Chen possesses a profound understanding of 

fashion and an independent aesthetic pursuit. Her explicit desire to explore her unique style in older age 

provided a valuable starting point for this experiment. 

The core process extended beyond training and applying a personalized LoRA model to encompass a 

complete, AIGC-integrated custom garment design and production workflow, divided into the following 

stages: 

Stage 1: Personalized Model Training and Initial Concept Generation: A dedicated training dataset was 

constructed by collecting 25 high-definition personal photos of Ms. Chen from various angles and 

scenarios (Figure 6). Each image was annotated with detailed keywords to train a LoRA model exclusive 

to Ms. Chen (Figure 7), ensuring that generated virtual likenesses were highly consistent with her facial 

features and expressions. 
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Figure 6. A collection of daily photo galleries used to train the LoRA model 

 

 

Figure 7. The process of generating LoRA: typing tagged words for each clip image 

 

Following in-depth interviews with Ms. Chen, her desired stylistic directions (e.g., “cyberpunk combined with 

Chinese elements,” “new Chinese style”) were identified. The research team translated these style needs 

into precise prompts. By combining the trained LoRA model with Stable Diffusion, over 50 complete fashion 

design concept images were initially generated, forming a comprehensive concept series (Figures 8 and 9). 
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Figure 8. A series of fashion styles for Ms. Chen’s elderly fashion 

 

 

Figure 9. Finalized clothing styles and looks 

 

Stage 2: Concept Deepening and Visual Reference (Look Book) Creation: Building on initial concepts, 

the research team utilized AIGC to enter a concept deepening phase for more precise communication 
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with the user. Midjourney’s /imagine function was used to generate multiple visual effect collections 

(Look Books), providing Ms. Chen with rich visual references. The -cref (character reference) and Vary 

(Region) functions enabled fine-tuning of clothing details. Photoshop was used for post-processing, 

quickly generating various looks for user selection (Figures 10 and 11). 

 

 

Figure 10. LOOK BOOK Sample 1 

 

 

Figure 11. LOOK BOOK Sample 2 
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Stage 3: Design Discussion and Direction Refinement: Based on the AI-generated Look Book, online 

discussions were held with Ms. Chen. Feedback on visual references gradually refined the design 

direction, culminating in a preference for a green suit (Figure 12). 

 

 

Figure 12. Style sketches organized from the discussion 

 

Stage 4: Detailed Design Development and Digital Rendering: Stable Diffusion’s ControlNet function was 

creatively applied to transform hand-drawn line art into realistic color renderings (Figure 13). Multiple 

color schemes and fabric texture renderings were generated, offering ample choice and new inspiration 

for the designers (Figures 14 and 15). 

 

 

Figure 13. Line art coloring achieved through the ControlNet function of Stable Diffusion 
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Figure 14. Simulated garment effects 1 

 

 

Figure 15. Simulated garment effects 2 
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Stage 5: Second Confirmation, Measurement, and Toile Production: After final design selection, an in-

person meeting with Ms. Chen confirmed the design (Figure 16). Precise body measurements were taken 

(Figure 17), used to create paper patterns and a muslin prototype (toile), enabling intuitive feedback and 

adjustments. 

 

 

Figure 16. The second-round requirement confirmation with Ms. Chen 

 

 

Figure 17. The measurement process for Ms. Chen 
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Stage 6: Fitting, Effect Evaluation, and AI-Assisted Iteration: During the toile fitting session (Figure 18), 

feedback was collected from Ms. Chen, and AIGC technology assisted iteration. Photos of the toile fitting 

were imported into Stable Diffusion, using img2img and ControlNet’s Tile functions (Figure 19) to recolor 

the photos while preserving garment structure, visually demonstrating different colors and fabrics 

(Figure 20). Ms. Chen proposed specific modifications, which were incorporated into the design and 

paper patterns (Figure 21). 

 

 

Figure 18. Photo of the toile being worn 

 

 

Figure 19. Processing the toile photo using Stable Diffusion 
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Figure 20. Simplified coloring effect images generated by Stable Diffusion 

 

 

Figure 21. Modified style drawings based on user feedback 
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Stage 7: Final Garment Production and Studio Photoshoot: The optimized patterns were used to 

produce the final garment, and Ms. Chen participated in a professional studio photoshoot (Figure 22), 

providing final feedback on garment details. 

 

 

Figure 22. Studio photos of the final ready-to-wear garment 
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This experiment deeply integrated AIGC technology with traditional bespoke tailoring, successfully creating 

a highly personalized garment for the target user. More importantly, it validated a comprehensive human-

computer collaborative design framework, from abstract requirements to physical garment. The framework 

effectively utilizes AI to overcome biases such as the “Western Gaze,” centering the user’s personal 

characteristics, cultural background, and aesthetic preferences within the design process. 

Quantitative Analysis: Fuzzy Analytic Hierarchy Process (FAHP) 

Following the two design experiments, we conducted a quantitative study to address SQ2: identifying and 

quantifying the key factors designers prioritize when using AIGC for creation. 

Justification for FAHP Methodology: While the finding that designers value efficiency and innovation may 

seem self-evident, FAHP provides critical insights beyond these expected results: (1) Quantified relative 

importance—FAHP reveals precisely how much more designers prioritize efficiency (global weight 0.3923) 

compared to other factors; (2) Unexpected hierarchies—FAHP revealed counterintuitive findings, such as 

“Accurate Understanding of User Needs” receiving relatively low priority (0.1486), suggesting designers 

currently view AIGC primarily as a tool for empowering their own creativity; (3) Structural insights—The high 

weight for “Inclusive Design Practices” (relative weight 0.3781) within the Cultural Adaptability dimension 

validates that our framework’s focus on marginalized demographics resonates with designers’ ethical 

priorities. 

Sample Size Considerations: FAHP analysis was conducted with 22 participants (10 senior fashion design 

experts and 12 designers from the experiments). While adequate for FAHP’s mathematical requirements, a 

larger sample would enhance generalizability. FAHP’s strength lies in handling the subjective ambiguity 

inherent in design decision-making and capturing nuanced trade-offs between competing priorities [32,33]. 

The pairwise comparison structure forces explicit trade-off judgments rather than independent ratings. 

However, findings should be regarded as exploratory. Future research should conduct larger-scale validation 

studies across diverse designer populations. 

Four major dimensions and 16 specific factors were distilled from literature review and qualitative 

observations from the experiments. These factors formed an online questionnaire completed by 22 

participants—10 senior experts in fashion design and engineering, and 12 designers from the experiments. 

The FAHP was used to process the responses. FAHP was chosen for its ability to handle subjective ambiguity 

in decision-making. By constructing judgment matrices and calculating weights, it quantifies the relative 

importance of design factors. While traditional Analytic Hierarchy Process (AHP) is effective for decision-

making relying on subjective judgment, its precise scales cannot fully capture ambiguity and uncertainty in 

expert opinions. FAHP, by incorporating fuzzy set theory, better reflects real-world situations. As 

demonstrated by Lee et al. [32] and Tian-xiang [33], FAHP is a powerful analytical tool in product design and 

complex system selection. 
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Ethical Considerations 

This research was conducted in strict adherence to academic ethical norms. Given the involvement of 

marginalized demographics (elderly populations) and AI technology with potential for bias amplification, 

comprehensive ethical protocols were implemented across four dimensions: 

• Data Privacy and Informed Consent: All participants were fully informed of the research purpose, 

methods, potential risks, and their rights prior to participation. Written informed consent was 

obtained, and strict anonymization and confidentiality protocols were implemented. For LoRA model 

training in Experiment 2, explicit consent was obtained from Ms. Chen regarding the use of her 

personal photos, with assurances of secure data handling and deletion after research completion. 

• Digital Exclusion Risks: The framework, while intended to serve elderly populations, paradoxically 

requires technological infrastructure and literacy that may exclude many elderly individuals. Ms. 

Chen, as a university lecturer with high digital literacy, is not representative of the broader East Asian 

elderly population. Future research should explore intermediated models where designers or family 

members facilitate AIGC-based personalization for elderly individuals with limited digital literacy. 

• Algorithmic Discrimination Risks: Hyper-personalization based on individual characteristics could 

reinforce stereotypes if not carefully implemented. For example, LoRA models trained on elderly 

individuals could consistently generate conservative or traditional styles, reinforcing ageist 

assumptions. This was mitigated by encouraging diverse style exploration and maintaining designer 

agency, but ongoing monitoring for emergent biases is recommended. 

• Long-term Ethical Implications: AI-mediated identity representation raises questions about 

authenticity, consent boundaries, and potential misuse. While the research context was controlled 

and consensual, commercial deployment of such technologies raises concerns about deepfakes, 

unauthorized use of personal likenesses, and psychological impacts. Robust governance frameworks 

and ethical guidelines are necessary for AIGC applications in fashion and beyond. 

Multiple measures were taken to reduce researcher bias, ensuring fairness, objectivity, and scientific integrity. 

DATA COLLECTION AND EVALUATION 

Derivation of Designer’s Key Consideration Factors 

To address SQ2 (“What are the key factors designers prioritize when using AIGC?”), a comprehensive 

evaluation framework was constructed. Factors were systematically derived from literature review and 

qualitative data collected in the design experiments. In-depth interviews with participating designers 

captured specific concerns and challenges encountered in practical AIGC tool operation. Synthesizing 

theoretical and practical sources, four core dimensions and 16 specific consideration factors were identified 
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(Figure 23), laying the foundation for subsequent quantitative analysis. 

 

 

Figure 23. Key factors that designers focus on during the process of integrating AIGC, derived from literature review and qualitative 

feedback in Experiments 1 and 2 

 

Research Method: Fuzzy Analytic Hierarchy Process (FAHP) 

FAHP was used to process the 22 valid questionnaire responses. Unlike traditional AHP, FAHP incorporates 

fuzzy set theory to better handle subjective ambiguity in expert decision-making [32,33], making it suitable 

for quantifying nuanced aesthetic and functional trade-offs in fashion design. 

The optimization process for analyzing design factors begins with the foundational mathematical theorem of 

the fuzzy matrix. An n-dimensional square matrix is defined, adhering to the criteria of a fuzzy 

complementary matrix, and consistent fuzzy matrix criteria, where matrix elements satisfy specific relational 

properties: 

• 0 ≤ rij ≤ 1, (i, j = 1, 2, …, n): R is a fuzzy matrix. 

• rij + rji = 1, (i, j = 1, 2, …, n): R is a fuzzy complementary matrix. 

• rii = 0.5, rij = rik - rjk + 0.5, (i, j, k = 1, 2, …, n): R is a consistent fuzzy matrix. 

To quantitatively assess the importance of various design factors, the fuzzy hierarchical analysis method 
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constructs a scoring matrix using a 0.1–0.9 scaling method, with each score reflecting the relative importance 

of one factor over another [33]. The matrix is processed to derive the weights of each factor, followed by a 

consistency test to ensure reliable results (CI < 0.1 indicates consistency). 

Due to strong subjectivity in expert scoring, inconsistencies or omissions often occur. Particle Swarm 

Optimization (PSO), developed by Dr. Eberhart and Dr. Kennedy in 1995, is utilized to rectify these issues. 

PSO, inspired by bird flocking behavior, guides the collective search for optimal solutions. Each particle 

updates its velocity and position according to established equations, with learning factors influencing 

trajectory and a maximum velocity limit imposed for controlled exploration. 

FAHP Analysis Results 

The 16 derived factors were converted into an online questionnaire and distributed to 22 participants, 

including 10 senior fashion design experts and 12 designers from the experiments. After obtaining consent, 

FAHP analysis was performed on the collected data. The calculated Consistency Index (CI) was 0.041, 

confirming reliability and logical consistency. 

The analysis revealed significant differences in the degree of attention designers pay to various factors when 

using AIGC for East Asian elderly fashion design. Global and relative weights of all factors are summarized in 

Table 1, with Figure 24 providing a Bubble Chart visualization. “Design Efficiency and Iteration Speed” (global 

weight 0.3923) is the core dimension of greatest concern to designers, followed by “Design Innovation and 

Diversity” (0.2962), “Cultural Adaptability and Inclusiveness” (0.1628), and “Accurate Understanding of User 

Needs” (0.1486). 

 

Table 1. FAHP Analysis Results of Design Factors in the Application of AIGC for Asian Elderly Fashion Design 

Design Factors Global Weight Relative Weight 

Accurate understanding of user needs and preferences 0.1486 - 

Personalized needs analysis 0.0564 0.3792 

Cultural and aesthetic tendencies 0.0293 0.1969 

Functionality and practicality needs 0.0322 0.2167 

Social and psychological needs 0.0308 0.2073 

Design innovation and diversity 0.2962 - 

Creative generation and inspiration 0.1240 0.4188 

Design style diversity 0.0811 0.2740 

Innovative use of materials and colors 0.0549 0.1854 

Combining traditional elements with modern aesthetics 0.0361 0.1219 

Design efficiency and iteration speed 0.3923 - 

Rapid prototyping and adjustment 0.1602 0.4083 

Automated design process 0.0981 0.2500 

Data-driven decision-making 0.0445 0.1135 
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Real-time feedback and iteration 0.0895 0.2281 

Cultural adaptability and inclusiveness 0.1628 - 

Cultural sensitivity 0.0297 0.1823 

Algorithm bias identification and mitigation 0.0404 0.2479 

Cross-cultural design concepts 0.0312 0.1917 

Inclusive design practices 0.0616 0.3781 

 

 

Figure 24. Bubble Chart visualization of the FAHP analysis data 

 

DISCUSSION OF RESULTS 

The FAHP results provide significant insights into designers’ perceptions of AIGC, directly addressing SQ2 and 

aligning with decision-making models in engineering design [32]. Efficiency is the primary driver for designer 

adoption of AIGC, with “Design Efficiency and Iteration Speed” (global weight 0.3923) as the most important 

dimension. “Rapid prototyping and adjustment” (relative weight 0.4083) and “Automated design process” 

(0.2500) are particularly prominent, indicating that designers view AIGC as a powerful productivity tool that 

accelerates creative validation and iteration. 
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AIGC is also regarded as a catalyst for creativity, not a substitute. “Design Innovation and Diversity” is the 

second most important dimension, with “Creative Generation and Inspiration” (0.4188) having the highest 

weight within it. Designers expect AI to help break through existing thought patterns and explore diverse 

design styles (0.2740), gaining new sources of inspiration. 

Interestingly, while the study’s context is “human-centered,” the weight for “Accurate Understanding of User 

Needs” is relatively low. This may reflect a practical reality: designers currently perceive AIGC as primarily 

empowering their own creativity rather than directly understanding users. They are more inclined to use 

AIGC to efficiently realize their creative ideas. However, within “Cultural Adaptability and Inclusiveness,” 

“Inclusive Design Practices” (0.3781) and “Algorithm Bias Identification and Mitigation” (0.2479) received 

high weights, indicating designers’ awareness of the ethical and practical importance of inclusivity and bias 

mitigation when using AIGC. 

Scalability and Production Considerations 

A critical practical challenge for our framework is scalability: How can highly personalized, LoRA-based 

fashion designs be efficiently produced and distributed for an economically diverse elderly market? Moving 

from a single-case study to broader implementation requires addressing several interconnected challenges. 

Not all users require the same depth of personalization. A tiered approach could balance customization with 

production efficiency. Basic tier personalization might use demographic adjustments—adapting standard 

models for East Asian facial features and body proportions without individual LoRA training. Intermediate 

tier personalization could employ shared LoRA models trained on small groups with similar characteristics. 

Deep tier personalization, as demonstrated in Experiment 2, would be reserved for premium services or 

special needs cases. This structure allows broader market access while maintaining deep personalization 

when justified. 

The digital nature of AIGC-generated designs offers advantages for on-demand manufacturing integration. 

Once a personalized design is approved, digital patterns can be transmitted directly to automated cutting 

systems, 3D knitting machines, or digital textile printing equipment, bypassing traditional batch production 

and enabling small-batch or single-unit production. Several fashion technology companies are developing 

such digital-to-physical pipelines, indicating technical feasibility. 

Highly personalized fashion production carries higher costs than mass production, creating barriers for 

economically disadvantaged elderly individuals. Models to address this tension include subsidized 

personalization programs through government healthcare or social welfare systems, collaborative 

consumption enabling cost-sharing among users, and hybrid approaches using AIGC personalization for 

critical elements while employing standard components elsewhere. Each model presents trade-offs between 

accessibility and customization depth. 

A modular approach offers another pathway to scalability. AIGC could generate personalized elements—
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custom prints with culturally meaningful symbols, adjusted proportions for individual body types—combined 

with standardized base garments, enabling mass customization rather than mass production. 

These scalability solutions require further research and development. Future studies should conduct cost-

benefit analyses, pilot production runs, and market validation to determine practical and economic viability 

across market segments. 

CONCLUSION AND RECOMMENDATIONS 

Summary of Findings 

This study explored the construction and application of a human-centered AIGC fashion design framework 

to address algorithmic bias and aesthetic convergence in mainstream AIGC applications, particularly for the 

often-overlooked East Asian (Chinese) elderly user group. Employing a mixed-methods approach that 

combined two design experiments and quantitative evaluation using FAHP, the study systematically 

answered predefined research questions and arrived at the following core conclusions: 

• In response to SQ1 (applying personalization technology to mitigate representational algorithmic 

bias), Experiment 2 validated the effectiveness of LoRA technology in achieving deep personalization. 

Fine-tuning a model on a representative user’s personal dataset enabled the generation of fashion 

designs highly consistent with her characteristics, cultural background, and unique aesthetic (e.g., 

“cyberpunk combined with Chinese elements”). User-centric, personalized model training is a viable 

technical pathway for overcoming biases such as the “Western Gaze” in mainstream AIGC models 

and achieving culturally inclusive design for East Asian (Chinese) elderly populations. 

• Regarding SQ2 (key factors for designers using AIGC), FAHP analysis provided profound insights. 

Designers primarily view AIGC as a tool for enhancing “Design Efficiency and Iteration Speed” (global 

weight 0.3923), and secondarily as a source of inspiration for “Design Innovation and Diversity” 

(0.2962). The core value of AIGC is currently perceived as “empowering the designer.” Designers also 

emphasized “Inclusive Design Practices” and “Algorithm Bias Identification,” indicating awareness of 

ethical responsibilities in technology application. 

• For SQ3 (the contribution of the AIGC framework to sustainable design), both experiments 

demonstrated the immense potential of digital prototyping in early design stages. Rapid generation 

of visual concepts with AIGC enables extensive creative exploration and concept screening without 

consuming physical materials, accelerating iteration and reducing material waste—aligning with 

Industry 5.0 sustainability requirements. 

  



CHEN H et al.                                                                                                                       TEXTILE & LEATHER REVIEW | 2025 | 8 | 1013-1043 
 

https://doi.org/10.31881/TLR.2025.1013                                                                                                                                                         1039 

Main Contributions 

The principal contribution is the proposal of an integrated, human-centered AIGC fashion design framework. 

This framework places the “human” (the user) at the center through deep personalization technologies (e.g., 

LoRA), while understanding and respecting the “human” (the designer) via quantitative analysis (e.g., FAHP) 

of creative habits and decision-making logic. The framework provides a practical method for addressing the 

inclusivity problem of AIGC and offers theoretical guidance for future human-computer collaboration in 

creative fields. 

Limitations, Future Directions, and Recommendations 

Several critical limitations shape our contributions and inform recommendations for researchers and 

practitioners: 

• Findings regarding “Asian elderly” apply specifically to East Asian (Chinese) contexts. Asia’s vast 

cultural diversity means the framework’s effectiveness for other populations remains unvalidated. 

Future research must extend validation to other regions, with cultural adaptations as necessary [23]. 

• Methodologically, three limitations constrain generalizability: (1) Experiment 2 involved a single case 

(Ms. Chen, with high digital literacy), who is not representative of broader East Asian elderly 

populations; (2) FAHP analysis involved only 22 participants; (3) Bias mitigation was evaluated 

qualitatively rather than with quantitative metrics. Future research should include larger-scale user 

studies, expanded designer samples, and development of standardized bias evaluation metrics. 

• Practically, sustainability claims rest on inference rather than measured evidence, and the framework 

culminated in a single personalized garment, not scalable production. Scaling personalized 

production for broader markets remains an open challenge. 

Recommendations include: 

• For researchers: Develop quantitative evaluation frameworks—bias metrics, lifecycle analyses—and 

validate scalability through pilot studies. Address accessibility by developing intermediated models 

for elderly individuals with limited digital literacy. 

• For industry practitioners: Strategically adopt AIGC to enhance efficiency and creativity, build diverse 

datasets, implement tiered personalization approaches, and maintain human oversight for cultural 

sensitivity and bias mitigation. 

• For design educators: Integrate AIGC tools and critical discussions on AI ethics, data bias, and 

algorithmic fairness into curricula. Emphasize technical proficiency and ethical judgment. 

• For policymakers: Establish data privacy standards for personalized AI models, create accessibility 

programs to prevent digital exclusion, and support research into bias metrics for fashion AI 

applications. Recognize that culturally appropriate clothing contributes to elderly wellbeing, 
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potentially justifying public investment. 

This study opens pathways for human-centered AIGC applications in fashion. Future research and practice 

must advance from demonstration to validation, from single cases to populations, and from technological 

capability to responsible deployment. 
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