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Abstract 

Artificial intelligence (AI) is reshaping the global fashion industry, yet its adoption within 
the Australian market (a geographically isolated, SME-dominated sector) remains under-
researched. This study explores the current state of AI implementation, the principal bar-
riers, and the perceived opportunities in Australian fashion businesses, with particular 
attention to sustainability. Using a qualitative, exploratory design, we conducted semi-
structured interviews with nine professionals spanning fashion-technology start-ups, sus-
tainable manufacturing, textile recycling, ethical certification, and global retail planning, 
and analyzed them thematically through the Technology–Organization–Environment 
(TOE) framework. The findings indicate that AI adoption is nascent and fragmented, typ-
ically entering firms through vendor-embedded features rather than deliberate strategy. 
Contrary to international studies that foreground cost and data infrastructure as primary 
barriers, participants in this sample identified a risk-averse organizational culture and 
limited perceived need as the dominant constraints. Sustainability emerged as the most 
significant yet largely unrealized opportunity, spanning reduced overproduction, fewer 
size-related returns, and improved textile recycling. These exploratory insights offer a 
context-specific reading of the TOE framework, suggesting that organizational culture 
may weigh more heavily than technological capability in isolated, SME-dominated mar-
kets, and that cultural change, supported by tiered education and industry-specific value 
propositions, is needed to realize AI’s sustainability potential. 

Keywords: Artificial Intelligence (AI); fashion industry; Technology–Organization– 
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1. Introduction 
The fashion industry, long criticized for its environmental footprint and inefficient 

supply chains, is at a critical juncture [1,2]. Characterized by overproduction, high return 
rates, and complex global logistics, the sector is responsible for a significant portion of 
global carbon emissions and textile waste [3]. In response, a paradigm shift towards sus-
tainability and circularity is gaining momentum, pressuring brands to rethink every as-
pect of the value chain, from material sourcing to end-of-life [4]. This shift is increasingly 
underpinned by a tightening global and domestic regulatory landscape. Legislative pres-
sures such as the European Union’s Strategy for Sustainable and Circular Textiles and the 
Ecodesign for Sustainable Products Regulation (ESPR) are compelling businesses to move 
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beyond voluntary “green” initiatives toward mandatory compliance and transparent re-
porting [4]. In the Australian context, policy discussions surrounding the “Seamless” 
product stewardship scheme and the Modern Slavery Act 2018 are further intensifying 
the need for accountability [5,6]. These regulatory concerns, centered on transparency and 
waste reduction, act as primary drivers for rethinking material sources and establishing 
robust end-of-life practices to ensure long-term market access and ethical compliance [7]. 

Concurrently, the rapid advancement of Artificial Intelligence (AI) has emerged as a 
powerful transformative force, offering a suite of technologies, from machine learning 
(ML) and computer vision (CV) to generative AI, capable of addressing these endemic 
challenges [8,9]. 

However, the narrative of AI as a universal panacea warrants critical interrogation. 
While AI promises unprecedented efficiency, its adoption carries significant socio-tech-
nical risks that remain insufficiently explored within the fashion industry’s discourse. 
These include potential job displacement within creative and administrative roles, the re-
inforcement of systemic biases through opaque algorithmic decision-making, and pro-
found concerns regarding data privacy and intellectual property [10]. Furthermore, the 
environmental cost of the computational power required to train large-scale AI models 
creates a paradoxical tension with the industry’s sustainability goals [11]. 

Despite these complexities, the Australian fashion industry presents a unique con-
text. As detailed by the Australian Fashion Council [12], the industry is a vital $27 billion 
sector dominated by Small to Medium Enterprises (SMEs). It operates with geographic 
isolation, a unique seasonal calendar, and a distinct business culture [13,14]. Much of the 
existing literature focuses on cost or data complexities as primary barriers [15], often as-
suming the benefits of AI without critically assessing the trade-offs. This study seeks to 
fill that gap by providing empirical, qualitative data from professionals working within 
the industry, explicitly weighing the perceived opportunities against these underlying 
risks. 

The aim of this study is to examine how AI is being adopted in Australian fashion 
businesses and to identify the factors that enable or constrain that adoption, with particu-
lar attention to sustainability. To this end, the study addresses the following research 
questions: 

1. How is AI currently being implemented within Australian fashion businesses? 
2. What are the primary challenges and barriers hindering wider AI adoption? 
3. What are the most significant opportunities for AI to enhance business performance? 

This paper examines the current state of AI adoption within the fashion industry us-
ing the TOE framework to explore how technological, organizational, and environmental 
contexts influence the adoption process. Rather than presupposing the nature of the bar-
riers, the analysis treats their relative weight as an empirical question, building on prior 
work that identifies organizational culture and readiness, not only cost or infrastructure, 
as decisive in SME technology adoption [8,15]. 

2. Literature Review and Theoretical Framework 
2.1. Artificial Intelligence as a Strategic Enabler in Fashion 

Artificial intelligence (AI) has evolved into a general-purpose technology transform-
ing how organizations operate, innovate, and create value. It encompasses multiple sub-
fields, including machine learning (ML), deep learning, natural language processing 
(NLP), and computer vision (CV), which enable machines to learn from data, identify pat-
terns, and make autonomous decisions [8]. Existing literature on AI adoption is helpfully 
categorised through the Technology–Organization–Environment (TOE) framework, 
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which distinguishes between the characteristics of the innovation itself, the internal read-
iness of the firm, and the external market pressures [16]. 

In the fashion industry, AI integrates creativity, production, retail, and sustainability 
by supporting data-driven design, accelerating product development, and enabling pre-
dictive insights that enhance efficiency and reduce waste [1,2]. Generative design systems 
such as Generative Adversarial Networks (GANs) and diffusion models allow designers 
to experiment with silhouettes, colours, and textures derived from extensive datasets, 
shortening design cycles and reducing sampling costs [17,18]. However, AI’s ‘black box’ 
nature poses a significant barrier for designers who value creative agency [19], particu-
larly for Australian boutique labels where algorithmic opacity threatens the artisanal au-
thenticity central to their value proposition [10]. The environmental cost of training large-
scale models is also frequently overlooked, suggesting the technological pillar must be 
balanced against its sustainability footprint [20]. 

AI also raises philosophical questions regarding authorship and artistic autonomy. 
Marku [21] argues that algorithmic co-creation may dilute designer identity, while 
Särmäkari and Vänskä [22] conceptualise designers as hybrid entities combining human 
intuition with computational intelligence. This tension reflects the organisational dimen-
sion of the TOE framework, where internal culture and creative identity determine a 
firm’s readiness to integrate machine-generated output [10]. 

In retail, virtual fitting rooms, style recommendation systems, and conversational 
shopping assistants are redefining customer interaction through computer vision and pre-
dictive analytics [23,24]. Platforms such as ASOS and Zara employ AI to predict purchas-
ing patterns and optimise merchandising [25], while agentic AI automates omnichannel 
processes and delivers personalised shopping experiences [26]. However, deployment is 
mediated by the regulatory environment: data privacy and consumer consent are gov-
erned by frameworks such as the GDPR and Australia’s Privacy Act [27], demonstrating 
that AI adoption is as much a response to environmental pressures as a technological 
choice. For Australian firms, geographic isolation and high domestic operational costs 
make predictive accuracy a survival requirement rather than a competitive luxury [28,29]. 

AI’s contribution to sustainability is also significant. Predictive analytics reduce over-
production and unsold inventory, while AI-enabled defect detection enhances quality 
control [3,30]. Blockchain and IoT integrations enable supply chain traceability and ethical 
compliance [31]. Legislative shifts such as the EU’s Ecodesign for Sustainable Products 
Regulation (ESPR) and Australia’s stewardship schemes are increasingly compelling 
firms to adopt AI for mandatory traceability rather than purely competitive reasons [32]. 

Global market projections underscore AI’s strategic importance, with the AI in fash-
ion segment forecast to grow at a compound annual growth rate of 38.5% from 2021 to 
2028 [33]. Yet adoption remains uneven: large multinationals lead innovation while SMEs 
struggle with financial and infrastructural constraints [34]. Organisational readiness, cul-
tural attitudes, technical capability, and cost pressures, rather than technology alone, are 
the decisive factors shaping this transition. Table 1 consolidates these insights across re-
gions. 

Table 1. Summary of International Studies on AI Adoption. 

Study Type Region Key Findings 

Quantitative empirical study (surveys & 
modelling) 

China  
AI adoption is driven by organizational climate and 
employee readiness; behavioral and cultural factors 

shape implementation [35]. 

Empirical study (global manufacturing 
firms) 

Multi-region  
Identifies major barriers including high implementation 
cost, lack of technical capability, insufficient digital in-
frastructure, and resistance to organizational change. 
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Emphasizing the role of environmental pressures and 
regulatory demands [36]. 

Mixed-methods empirical study Europe 

Shows that creative industries face unique cultural and 
ethical concerns, including fear of losing creative au-

thorship, low digital literacy, and hesitation around au-
tomation [37]. Notes that SME resource limitations slow 

adoption. 

Survey study USA Designers hesitate to adopt AI due to skill gaps, con-
cerns about originality, and limited training access [38]. 

Empirical study India 
SMEs identify high cost, lack of data infrastructure, and 
workforce capability gaps as primary adoption barriers; 

benefits emerge once implemented [39].  

Across these studies, cost, infrastructure, and skills recur as the dominant barriers in 
survey-based and manufacturing contexts (China, India, USA), whereas the European cre-
ative-industry evidence foregrounds cultural and authorship concerns. None of these 
studies examine a geographically isolated, SME-dominated market in which cultural dis-
position might outweigh cost and infrastructure, which is the gap this study addresses. 

2.2. The Australian Fashion Industry 

The Australian fashion industry contributes more than AUD 27 billion annually to 
the national economy and employs over 220,000 people across design, manufacturing, re-
tail, and creative services [13]. The sector encompasses established global labels, heritage 
brands, independent designers, Indigenous fashion collectives, and rapidly growing 
SMEs [40]. 

Within the TOE framework, Australia’s geographic isolation and distinct seasonal 
calendar have traditionally served as structural barriers to global market integration, 
though recent literature suggests these are increasingly mitigated by AI-driven logistics 
and digital visibility [41]. Legislative pressures such as the ‘Seamless’ clothing product 
stewardship scheme are compelling brands to adopt AI-enabled traceability to meet man-
datory sustainability benchmarks [4,32]. In the Indigenous fashion space, ensuring that 
data-driven tools do not compromise cultural intellectual property presents a critical or-
ganizational challenge, positioning AI adoption as a socio-cultural process where ethics 
must govern technological use [42]. 

Despite its strengths, the industry faces structural constraints. SMEs struggle with 
scalability, high production costs, and fragmented supply networks [14], with adoption 
further hindered by risk-averse culture and insufficient technological capability [43,44]. 
Within the TOE framework, environmental pressures including regulatory expectations 
and sustainability mandates act as key adoption drivers, while resource constraints and 
limited digital skills serve as significant barriers to diffusion [44,45]. 

2.3. Theoretical Frameworks for AI Adoption 

Understanding the adoption of AI within the Australian fashion industry requires 
both structural and behavioural perspectives. This study integrates the Technology–Or-
ganisation–Environment (TOE) framework [16], which offers a comprehensive lens to an-
alyse the multidimensional drivers and barriers of AI adoption across fashion enterprises. 

Alternative models were considered but found insufficient for this study’s purposes. 
The Technology Acceptance Model (TAM) explains adoption through two individual, at-
titudinal constructs (perceived usefulness and perceived ease of use) and therefore omits 
firm-level resources, leadership, and external regulatory pressure, which dictate corporate 
technology decisions [46]. The Unified Theory of Acceptance and Use of Technology 
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(UTAUT) adds facilitating conditions and social influence but remains an individual-ac-
ceptance model validated largely on end-users rather than organisational decision units 
and still lacks an explicit environmental or regulatory dimension [47]. Rogers’ Diffusion 
of Innovations (DOI) similarly under-weights the external environment [44]. 

Because AI adoption in Australian fashion is shaped decisively by compliance pres-
sures (the Seamless stewardship scheme, the Modern Slavery Act 2018, and evolving pri-
vacy law), the TOE framework is retained: it models the firm as the adopting unit and 
incorporates the environmental context that the individual-level models cannot. By ap-
plying TOE, this research moves beyond descriptive accounts of what AI can do, to a crit-
ical interrogation of how internal organisational readiness and external market pressures 
intersect to shape adoption pathways. 

The Technology–Organization–Environment (TOE) Framework 

The TOE framework explains technology adoption as a function of three contextual 
dimensions: technological, organizational, and environmental. The technological context 
considers the relative advantage, compatibility, and complexity of innovations [48]. In 
fashion, this involves assessing whether AI tools such as generative design platforms, pre-
dictive analytics, and intelligent inventory systems align with existing processes and en-
hance creative, operational, or sustainability performance [49]. The organizational context 
focuses on internal capabilities, including firm size, leadership commitment, digital liter-
acy, and resource availability. While large fashion enterprises can allocate infrastructure 
and capital toward advanced AI systems, smaller firms often depend on agile practices, 
collaborative decision-making, and leadership vision to drive digital transformation [50]. 
The environmental context encompasses external pressures such as market competition, 
regulatory frameworks, consumer expectations, and sustainability imperatives [51]. In 
Australia, the growing emphasis on ethical production, transparency, and AI governance 
frameworks has intensified both the opportunities and compliance requirements for fash-
ion businesses [52]. 

The strength of the TOE framework lies in its ability to assess the interplay between 
technological capability, organizational readiness, and environmental dynamics. It is par-
ticularly relevant to the Australian fashion ecosystem, where diverse business models and 
resource disparities coexist within an environment of rapid digital change. Figure 1 illus-
trates the interrelationship between these three dimensions, highlighting how technolog-
ical, organizational, and environmental factors collectively influence decision-making in 
AI adoption within fashion businesses. 

The three dimensions, Technological Context (characteristics of the innovation itself, 
including relative advantage, compatibility, and complexity), Organizational Context (in-
ternal firm-level factors such as size, leadership, digital literacy, and resource availability), 
and Environmental Context (external pressures including market competition, regulation, 
and sustainability mandates) are represented as overlapping domains. The bidirectional 
arrows indicate that these dimensions do not operate in isolation: technological capability 
shapes and is shaped by organizational readiness, while both are continuously influenced 
by the external environment. AI adoption outcomes emerge from the intersection of all 
three contexts. 
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Figure 1. TOE Framework adapted from Baker [16]. 

Applied to the Australian fashion sector, the TOE framework provides a holistic un-
derstanding of how digital innovation unfolds across varying scales of enterprise. Large 
retailers implement advanced analytics and automation while SMEs rely on accessible 
third-party AI tools. The fashion sector’s creativity-driven culture can both encourage and 
inhibit adoption depending on managerial openness and workforce digital literacy, while 
shifting consumer demand for personalization, sustainability, and traceability further 
drives AI adoption across the value chain [52,53]. Taken together, the three literature 
strands map directly onto the three research questions: Section 2.1’s review of AI capabil-
ities informs RQ1 (implementation); Section 2.2’s analysis of the Australian industry con-
text underpins RQ2 (challenges and barriers); and Section 2.3’s framework justification 
establishes the analytical scaffold for RQ3 (opportunities), with the TOE framework serv-
ing as both the deductive basis for the interview protocol  and the organizing principle 
for thematic analysis (Section 3.4). 

3. Methodology 
3.1. Study Context 

This study is situated within the Australian fashion industry, selected as the empiri-
cal setting for several reasons that align with the research objectives. Approximately 85% 
of Australian fashion businesses are classified as SMEs operating with annual revenues 
under AUD 10 million [12], making the sector representative of the resource-constrained 
organizational profile at the center of this inquiry. 

Objective data establishes a measurable baseline for AI adoption dynamics in this 
context. Fewer than one in three small Australian businesses had implemented any form 
of digital automation as of 2023, compared with over 60% of large enterprises [54]. Aus-
tralia’s Productivity Commission has identified slower digital technology diffusion 
among smaller firms as a persistent structural challenge, with SMEs disproportionately 
affected by the lag behind the global productivity frontier [55]. Research from the Reserve 
Bank of Australia further confirms that larger firms adopt emerging digital technologies 
including cloud computing and AI at substantially higher rates, with scale advantages, 
liquidity constraints, and fixed adoption costs identified as key drivers of this divide [45]. 
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Consumer demand remains robust, with Australians among the highest per capita 
apparel consumers globally, purchasing an average of 27 kg of clothing annually [56], a 
pattern that intensifies sustainability pressures on the industry. Brands such as Zimmer-
mann, Camilla and Marc, and Dion Lee have demonstrated international market penetra-
tion through strategic branding and digital visibility [57], while government and industry 
bodies including the Australian Fashion Council and Creative Victoria support innova-
tion and export readiness [12,58]. Together, these conditions, namely high SME concen-
tration, measurable digital adoption gaps, regulatory pressure, and an active support eco-
system, make the Australian fashion industry a theoretically appropriate and empirically 
tractable context for examining AI adoption. 

This study employed a qualitative and exploratory research design to gain deep, con-
text-rich insights into the implementation, challenges, and opportunities surrounding AI 
adoption within the Australian fashion industry. A qualitative approach was considered 
appropriate because the study aimed to explore complex and context-dependent pro-
cesses of technological change rather than to test predetermined hypotheses [59]. It is im-
portant to note that the study does not formulate or test causal hypotheses; consequently, 
concerns regarding endogeneity, a condition arising when an independent variable cor-
relates with the error term in a regression model, are not applicable to this qualitative, 
non-causal design. The aim is to generate theoretically grounded, context-specific insights 
rather than to establish causal relationships. The research design is theoretically grounded 
in the TOE framework, which serves as the deductive foundation for both data collection 
and thematic development. This method allows for the interpretation of meaning from 
participants’ experiences and captures the organizational, cultural, and structural factors 
that shape technology adoption in creative industries [60,61]. Given the evolving and un-
der-researched nature of AI integration in fashion, an exploratory design offered the flex-
ibility to identify emergent themes and interpret varying perspectives across design, man-
ufacturing, retail, and sustainability contexts [52,53]. This approach aligns with inductive 
reasoning principles, enabling theory generation grounded in real-world practices and the 
lived experiences of industry professionals [62,63]. 

3.2. Participants 

Participants were selected through purposive sampling to ensure a broad spectrum 
of professional experiences and organizational contexts were represented. Participants 
were eligible if they held a decision-making or specialist role bearing on technology or 
sustainability, had at least 5 years’ experience, and worked within an organization oper-
ating in the Australian fashion value chain. Candidates were identified through industry 
networks/professional associations/RMIT industry contacts and approached directly. 
Twelve were invited and nine consented. The sample was constructed to capture the tech-
nological, organizational, and environmental vantage points central to the TOE frame-
work (from an AI-native start-up and independent SMEs to a global retailer and an ethi-
cal-certification body) rather than to achieve statistical representativeness. Table 2 pre-
sents the demographic distribution of interview participants. 

Table 2. Demographic spread of the interview participants. 

Participant 
Number 

Role in the Australian Fashion In-
dustry 

Sector/Specialization Business Type 

P1 Founder 
Fashion technology and 

AI innovation Tech start-up 

P2 Founder & Creative Director Accessories design SME 
P3 Founder  Accessories design SME 
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P4 Brand Strategist Fashion branding and 
creative direction 

Consultancy/Enterprise 

P5 Sustainability Coordinator Ethical production  SME 

P6 Project Manager 
Circular economy and 

textile recycling  Textile recycling/Manufacturing  

P7 Manufacturing Specialist 
Textile production and 

recycling Manufacturing/Supply chain 

P8 Program Director 
Supply chain traceability 

and compliance 
Ethical certification  

organization 

P9 Planner/Merchandiser 
Fashion retail planning 

and analytics  
Global retail  
organization 

Organizations in this sample range from individual consultants and SMEs to large 
global retailers, reflecting the study’s focus on the full Environmental TOE context shap-
ing Australian SME decision-making (see Section 3.1). Given this range, firm characteris-
tics are reported descriptively rather than through a single standardized size metric. 

The diversity in roles and business models enriched the dataset, providing a multi-
dimensional understanding of how AI adoption manifests across strategic, operational, 
and creative domains. The sample size of nine participants was deemed appropriate based 
on preliminary thematic saturation appropriate to an exploratory design, a principle in 
qualitative research that indicates sufficient data has been collected when no new themes 
or insights emerge from additional interviews [62,63]. Recurrence of these core patterns 
(cultural hesitation, limited local technical expertise, and the pace of technological inte-
gration) was evident from approximately the seventh interview onward, after which fur-
ther interviews produced variations on existing themes rather than new ones. We there-
fore claim preliminary thematic saturation for these recurring cross-segment themes, 
while acknowledging that single-participant segments, such as global retail and ethical 
certification, cannot be considered individually saturated and are treated as illustrative 
rather than representative. 

3.3. Procedures 

Data was collected through semi-structured interviews conducted via online video 
conferencing platforms. This method provided flexibility and accessibility, allowing par-
ticipants from different geographical regions to contribute to the study. Each interview 
lasted approximately 30 to 45 min and was recorded with the participants’ consent to en-
sure the accuracy of data capture. 

3.4. Measures 

The interviews followed a guiding protocol that focused on three key areas: (1) im-
plementation of AI technologies within business operations, (2) challenges and barriers to 
adoption, and (3) opportunities and perceived future potential. To ensure rigorous theo-
retical grounding, the interview questions were derived directly from the constructs of 
the TOE framework. This linkage ensures that each question is anchored in established 
literature regarding technological relative advantage, organizational readiness, and envi-
ronmental/regulatory pressures. This deductive approach allowed for a transparent con-
nection between the literature review and the empirical investigation [59,60]. Coding was 
conducted by two researchers. Where two coded, a subset of transcripts was coded inde-
pendently, and discrepancies were resolved through discussion until consensus. An audit 
trail of coding decisions was maintained, and reflexive memos recorded; interpretive peer 
debriefing was undertaken with the research team. Open coding generated approximately 
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three initial codes, which collapsed through constant comparison into the sub-themes re-
ported in Table 3 and clustered under the three TOE dimensions. 

3.4.1. Interview Protocol Development 

This set of interview questions was specifically designed to examine the implemen-
tation, challenges, and opportunities associated with artificial intelligence (AI) in Austral-
ian fashion businesses. The question framework was adapted and expanded from Siddhu 
and Mohibi [64], who investigated AI adoption in the Indian fashion industry. The instru-
ment of Siddhu and Mohibi provided the conceptual baseline. It was revised for the Aus-
tralian context by replacing references to India-specific policy and market conditions with 
the Australian regulatory environment (the Seamless clothing product-stewardship 
scheme and the Modern Slavery Act 2018); adding probes on geographic isolation and 
seasonal inversion as adoption drivers, adding items on sustainability, circularity, and 
textile recycling to reflect local stewardship obligation; and removing items not relevant 
to Australian SMEs. Each item was then mapped to a TOE construct as shown in Table 3. 

Table 3. Mapping of Interview Questions to TOE Constructs. 

TOE Construct Measure/Dimension Ad-
dressed 

Interview Question 

Technological Context 
Industry discourse, adoption 

status, and technological 
drivers. 

Q1, Q2, Q3 

Organizational Context 
Internal barriers, cul-

tural/ethical challenges, and 
resource needs. 

Q4, Q5, Q6 

Environmental Context 
Sustainability opportunities, 
external stakeholder roles, 

and market outlook. 
Q7, Q8, Q9, Q10 

3.4.2. Interview Questions 

Technological Context 

1. From your perspective, how is AI currently being discussed or explored within the 
Australian fashion industry? 

2. Has your business or professional network considered or implemented any AI tech-
nologies? If so, what areas were targeted (e.g., design, retail, supply chain)? 

3. What factors influence the decision to adopt or not adopt AI tools in your organiza-
tion? 

Organizational Context 

1. What are the most significant challenges in implementing AI, whether technical, cul-
tural, or ethical? 

2. Are there any specific barriers you believe are preventing wider adoption of AI in 
Australian fashion businesses? 

3. What kind of support (e.g., training, funding, policy guidance) would help fashion 
businesses implement AI more effectively? 

Environmental Context 

1. What opportunities do you see for AI to enhance business performance, creativity, 
or sustainability in fashion? 

2. How do you think AI could support ethical or climate-conscious innovation in the 
industry? 
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3. In your view, what role should designers, entrepreneurs, or educators play in shap-
ing the future of AI in fashion? 

4. Is there anything else you’d like to share about your experience or observations re-
garding AI and digital transformation in fashion? 

3.5. Data Analysis 

To address the requirement for transparency in theme development, this study uti-
lized a hybrid deductive-inductive approach. Data analysis followed the reflexive the-
matic analysis approach outlined by Braun and Clarke [65]. The emergence of themes fol-
lowed a structured four-stage process: 

(1) Familiarization and Deductive Framework Mapping: Verbatim transcripts were re-
viewed against the three core pillars of the TOE framework (Technology, Organiza-
tion, Environment). 

(2) Systematic Open Coding: Data segments were coded to capture specific industry nu-
ances, such as creative hesitation or regulatory anxiety. 

(3) Thematic Clustering linked to Literature: Codes were clustered into potential catego-
ries based on themes identified in the literature review, such as the ‘black box’ para-
dox (Technological) and sustainability mandates (Environmental). 

(4) Refining and Proposition Linking: Emergent themes were reviewed to ensure they 
were directly linked to the research questions and theoretically grounded. For exam-
ple, the theme of passive adoption emerged from the intersection of Organizational 
constraints and Technological complexity. 

This systematic process demonstrates how the themes did not emerge in a vacuum 
but were developed as a direct response to the gaps identified in the literature review, 
specifically the need to interrogate the socio-technical barriers in the Australian context. 
The final themes were structured according to the three contextual dimensions of the TOE 
framework: Technological, Organizational, and Environmental. 

4. Findings 

The thematic analysis of nine semi-structured interviews demonstrates that AI adoption within 
the Australian fashion industry is shaped by a complex interplay of technological, organizational, 
and environmental factors. Table 4 consolidates participant perspectives into three overarching 
themes and their corresponding sub-themes, structured according to the TOE framework. The 
following sections interpret each theme in depth through participant evidence. 

Table 4. Summary of overarching themes and sub-themes identified in thematic analysis. 

Overarching Theme Sub-Themes Analytical Focus 

Technological Implementation Fragmented, functional, and third-party adoption through ven-
dor-embedded AI systems. 

Organizational Challenges Cultural resistance, creative hesitation, and leadership fatigue 
constrain digital transformation. 

Environmental  Opportunities Efficiency, personalization, and sustainability as emerging driv-
ers of future competitiveness. 

4.1. Implementation: Fragmented, Functional, and Third-Party 

AI integration across Australian fashion businesses is fragmented and largely func-
tional rather than transformative. Participants described adopting AI through embedded 
features of existing platforms instead of purpose-built strategies. P3 explained that 
“Shopify is our website, Klaviyo is our email system… all of those have got AI underpinning them, 
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it just comes with the program now.” Most respondents used AI to automate marketing and 
operations. P2 stated, “In the past we need to hire an agency that will require a retainer fee like 
$1000 and it’s on top of that. So, implementing AI is great. So instead of having an agent, we use 
AI.” P5 relied on an AI-powered carbon-accounting platform, describing it as “a massive 
endeavor that helps us spend less time on compliance and more on the work that creates on-ground 
impact.” P8 reported using AI systems to “verify data” and “automate traceability checks” 
across supply chains, noting that “We use AI tools to verify data in real time, which significantly 
reduced manual verification efforts.” 

The use of AI for design or creative work was minimal. P2 stated, “I prefer to stretch 
my brain; I want a good brain when I’m 80,” and P3 resisted generative tools because they 
“flatten individuality.” P4 observed that “AI can be creative and strategic, but right now, people 
see it as a tool for marketing or analytics, not design.” 

One exception was the AI-native start-up represented by P1, whose company devel-
oped a body-scanning and sizing algorithm. The participant explained, “We recreate all 
your measurements and recommend your size across brands; returns dropped between 20 and 40 
percent in pilot stores.” 

Across all cases, AI was described as a support mechanism rather than a strategic 
capability, indicating that most Australian fashion businesses remain at an early stage of 
digital maturity. 

4.2. Challenges: Organizational Culture 

All nine participants identified cultural resistance rather than financial or technical 
constraints as the dominant obstacle to AI adoption. P1 remarked, “We’re a very risk-averse 
country… we like to follow. If everyone else has done it and it’s a sure thing, then sure, that’s our 
mentality.” P7 observed that companies “don’t want to do anything different; they’d rather stick 
to the same old practices,” while P3 summarized the prevailing sentiment: “If it’s not broken, 
why reinvent it?” 

Cultural resistance manifested differently by firm size. Among the SMEs and 
founder-led businesses (P2, P3, P5), resistance was bound up with creative identity, lim-
ited founder bandwidth, and a pragmatic “if it’s not broken” disposition. Among the 
larger consultancy and global-retail participants (P4, P9), resistance presented instead as 
transformation fatigue and the change-management load of moving a larger workforce. 
This distinction is consistent with the structural digital divide quantified by the ABS [54, 
in which scale, liquidity, and fixed adoption costs separate small from large firms. 

Participants also highlighted transformation fatigue stemming from repeated digital 
transitions. P7 noted that “the hardest part isn’t the technology, it’s the change management… 
that’s where you get the most resistance,” while P1 recalled that “They’ve got so much to do. 
Everyone’s burnt out… they’re exhausted to set time aside to actually learn.” A shortage of local 
AI expertise compounded these issues. P7 said, “I’ve probably been approached by one com-
pany in the last four years, there’s nobody bringing solutions that actually solve our problems.” P8 
added that most traceability platforms are “built for global frameworks, not Australian regu-
lations.” 

Emotional and ethical apprehension further reinforced organizational inertia. P3 and 
P9 reported employee fears of job loss. P2 warned that “AI makes us lazy, dulls our senses, 
and takes away individuality,” while P4 reflected that “data-driven decision-making can dis-
connect us from emotional design.” 

4.3. Opportunities: Efficiency, Personalization, and Sustainability 

Despite limited implementation, participants unanimously viewed AI as a powerful 
enabler of future competitiveness. P3 reported that “AI saves so much time it automates tasks 
that used to take days,” while P1 noted that it “lets one person do the job of three to five people.” 
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P5 described how automation in environmental reporting “frees people to focus on strategic 
impact instead of data entry.” 

Personalization represented another major opportunity. P1 explained that AI sizing 
tools can “solve the billion-dollar problem of fit and returns,” while P4 identified “huge poten-
tial in virtual try-ons and hyper-personalization.” P9 described using predictive analytics 
to “match products to local demand.” 

Sustainability was perceived as the most significant unrealized opportunity. P9 ar-
gued that improved forecasting “could drastically reduce overproduction,” while P7 cited au-
tomated textile-sorting technologies that “detect fabrics and separate them for recycling.” P8 
explained that AI “verifies and accelerates data audits.” 

Participants also raised concerns about creativity and employment. P2 stated, “It 
makes people lazy; it dulls our senses, and we lose individuality,” and cautioned that the indus-
try risks becoming “too reliant on convenience.” P3 observed that “there’s a fear that AI will 
replace junior roles,” while P9 noted that staff are “worried about being replaced by systems that 
can plan faster or cheaper.” 

5. Discussion 
This study examined AI adoption across nine Australian fashion businesses through 

the TOE framework, revealing that technological capability, organizational culture, and 
environmental pressures operate as distinct but interrelated forces shaping adoption out-
comes. The following sections interpret the findings against each dimension of the frame-
work. 

5.1. Technological Dimension 

Within the technological dimension of the TOE framework, readiness is typically un-
derstood as the degree to which a firm’s existing infrastructure enables or constrains adop-
tion [48]. The findings suggest that while AI technology is present across most participat-
ing organizations, it is embedded passively within third-party platforms rather than de-
ployed as a deliberate strategic capability. This aligns with AlSheibani et al.’s [51] passive 
adoption maturity model, where small enterprises engage with AI indirectly through ven-
dor-supplied systems, limiting their ability to leverage it as a source of competitive ad-
vantage. Ortiz-Ospino [52] similarly found that firms dependent on external AI vendors 
achieve only incremental innovation outcomes, as they lack control over data architecture 
and model training. 

The one exception, P1’s body-scanning start-up, illustrates what purposeful techno-
logical investment can yield. Angelbratt [66] and Ramos et al. [3] both document measur-
able reductions in return rates and logistics waste through AI-based fit technology, out-
comes consistent with P1’s reported results. This contrast between passive and purposeful 
adoption underscores that technological readiness in Australian fashion is unevenly dis-
tributed and largely unrealized as a strategic asset. 

5.2. Organizational Dimension 

The organizational dimension of the TOE framework encompasses leadership, firm 
size, and internal readiness [50]. Traditional applications of the framework emphasize re-
source availability and infrastructure as the primary organizational determinants of adop-
tion. However, the findings here indicate that cultural factors override these structural 
considerations. Status quo bias, transformation fatigue, and ethical apprehension 
emerged consistently across all nine participants as stronger inhibitors than cost or capa-
bility gaps. 

Arangath [67] explains that psychological resistance rooted in fear of the unknown 
frequently leads organizations to avoid innovation even when the case for change is clear, 
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a pattern directly reflected in participants’ accounts. The transformation fatigue described 
by P7 and P1 is consistent with evidence that repeated digital transitions increase em-
ployee burden and neutralize productivity gains when change is experienced as disrup-
tive rather than enabling [68]. The emotional dimension, captured in P2’s concern that AI 
“dulls creativity” and P4’s fear of disconnection from emotional design, reflects what 
Manchiraju [10] termed ethical dissonance, and mirrors Marku’s [21] finding that creative 
culture in fashion can override evidence of technological advantage. 

This study therefore broadens the organizational dimension of the TOE framework 
by foregrounding mindset, creative identity, and cultural risk aversion as critical variables 
alongside the structural factors conventionally examined. In the Australian fashion con-
text, organizational culture is not a secondary consideration but the primary determinant 
of adoption outcomes. 

5.3. Environmental Dimension 

The environmental dimension of the TOE framework encompasses external market 
conditions, regulatory pressures, and competitive dynamics [47]. The findings extend this 
dimension in two important ways. First, they confirm that regulatory and sustainability 
mandates are functioning as active adoption drivers, with participants citing compliance 
obligations and traceability requirements as motivators for AI investment. Second, they 
reveal that these pressures are not purely market-driven but ethically and socially con-
structed, shaped by consumer expectations, industry scrutiny, and government steward-
ship obligations. 

Chen et al. [1] documented productivity improvements of up to 30% in fashion firms 
using AI analytics, consistent with participants’ efficiency observations, while Karmali 
[69] found that machine-learning textile sorters improve fiber-recycling accuracy by over 
90%, giving empirical weight to P7’s vision of automated fabric sorting. Ramos et al. [3] 
reported a 25% reduction in human error in ESG reporting through AI, corroborating P8’s 
experience of accelerated data audits. Rahman et al. [24] further found that AI-driven per-
sonalization enhances brand loyalty, reinforcing P4’s observations about its commercial 
potential. 

Taken together, these findings position sustainability not merely as an external com-
pliance burden but as a strategic opportunity that environmental pressures within the 
TOE framework are beginning to activate. This expands the conventional understanding 
of the environmental dimension beyond market and regulatory forces to include the eth-
ical and social construction of adoption incentives. 

5.4. Ethical Dimensions and Responsible AI Integration 

Interpreted collectively through the TOE framework, the findings position AI as a 
latent catalyst rather than an active driver of innovation in Australian fashion. Technolog-
ically, capability exists but is passively embedded. Organizationally, cultural resistance 
overrides structural readiness. Environmentally, sustainability pressures are emerging as 
genuine drivers but have yet to translate into widespread strategic adoption. 

Jobin et al. [70] emphasize that responsible AI governance depends on transparency, 
inclusivity, and human oversight, suggesting that addressing the ethical concerns raised 
by participants is not peripheral but central to building the organizational trust necessary 
for deeper adoption. The sector’s advancement will therefore depend on coordinated cul-
tural, educational, and infrastructural reform that reframes AI not as an external utility 
but as an embedded creative and ethical partner, one capable of enhancing innovation, 
upholding human creativity, and accelerating the transition toward circular and respon-
sible fashion systems [71]. 
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6. Limitations and Future Research 
This study provides critical empirical insights into AI implementation, challenges, 

and opportunities within Australian fashion businesses, yet six key limitations should be 
acknowledged. 

First, the research was based on a small qualitative sample of nine participants. While 
this approach allowed for rich, contextual insights into organizational and cultural factors, 
it limits the generalizability of the findings across the wider industry [59]. Future research 
should adopt mixed-method or longitudinal designs, incorporating large-scale surveys or 
longitudinal case studies to test and extend these qualitative results [62]. 

Second, the study relied primarily on self-reported experiences, which may introduce 
interpretive or recall bias. As participants’ perspectives reflect personal and organiza-
tional viewpoints rather than measurable outcomes, the data capture perceived meaning 
rather than objective performance [60]. Future studies should triangulate interview data 
with observational evidence or business performance indicators to evaluate the practical 
impact of AI adoption on innovation, productivity, and sustainability outcomes [60]. 

Third, the sample does not include representatives from Australia’s top-tier fashion 
brands or from Indigenous fashion organizations. Top-tier brands operate with substan-
tially greater resources and international market exposure, while Indigenous fashion en-
terprises navigate unique socio-cultural considerations around data sovereignty and cul-
tural intellectual property [36,38]. The absence of these voices limits the generalizability 
of the findings to these segments, and future research should specifically target their ex-
periences of AI adoption and resistance through dedicated studies of each group. 

Fourth, this study does not systematically address the environmental cost of AI itself 
as a potential barrier to adoption within a sustainability-focused industry. The computa-
tional demands of training and operating large-scale AI models generate substantial car-
bon emissions, creating a paradoxical tension for fashion businesses motivated by sustain-
ability imperatives [27]. Participants were not specifically probed on this dimension, and 
the extent to which awareness of AI’s carbon footprint shapes adoption intent among sus-
tainability-oriented Australian fashion businesses remains unknown. Future research 
should conduct a dedicated investigation into whether this “AI sustainability paradox” 
constitutes a meaningful barrier within this sector. 

Fifth, data privacy regulation represents an underexplored environmental factor in 
this study. Australia’s Privacy Act 1988 (Cth) and its recent reform, culminating in the 
Privacy and Other Legislation Amendment Act 2024 (Cth), impose evolving constraints 
on the data collection, storage, and processing practices that underpin many AI applica-
tions [72]. While participants referenced transparency and compliance as concerns, the 
specific implications of domestic privacy law for AI adoption strategy were not deeply 
explored. Future research should conduct a dedicated data-governance study examining 
how evolving privacy frameworks shape AI investment decisions within Australian fash-
ion SMEs. 

Finally, the findings highlight a capability and ethics gap that warrants further inves-
tigation. Sustainable AI transformation depends not only on technological readiness but 
also on building human capability, ethical oversight, and institutional trust [73,74]. Future 
studies should explore collaborative university–industry capacity-building models in-
volving policymakers and fashion enterprises to enable responsible and culturally aligned 
AI innovation in the Australian fashion sector. 
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7. Conclusions 
This study provides an empirical overview of AI adoption within Australian fashion 

businesses, showing that current implementation remains limited and primarily facili-
tated through accessible, third-party tools supporting marketing, basic analytics, and op-
erational tasks. Advanced applications such as predictive forecasting, generative design, 
and intelligent inventory systems are largely absent, reflecting an early and uneven stage 
of adoption across the sector. The findings identify organizational and cultural barriers, 
particularly risk aversion, resistance to change, and limited digital literacy as the most 
significant constraints, outweighing cost or technical challenges commonly cited in exist-
ing literature. Despite this, the research highlights clear opportunities for AI to enhance 
business performance, including improved forecasting accuracy, reduced waste, opera-
tional efficiency, and strengthened sustainability practices. 

The integration of the TOE framework provides a valuable theoretical lens for inter-
preting these dynamics. TOE clarifies how technological capability, organizational readi-
ness, and environmental pressures collectively shape adoption decisions, helping explain 
the sector’s uneven digital maturity and the influence of sustainability expectations and 
transparency demands. Overall, the study demonstrates that meaningful progress re-
quires cultural and organizational transformation for AI to support long-term competi-
tiveness and sustainability in Australian fashion. 

Translating these findings into practice requires differentiated recommendations tai-
lored to the structural realities of different enterprise types. For SMEs, which constitute 
most of the Australian fashion sector, the most impactful intervention is a tiered, low-
barrier AI education program delivered through industry bodies such as the Australian 
Fashion Council and Creative Victoria. These programs should prioritize demonstrable, 
immediate ROI in cost reduction and sustainability compliance (for example, AI-assisted 
carbon accounting or automated order forecasting), rather than abstract capability-build-
ing. Government-backed digital adoption vouchers and subsidized pilot schemes would 
lower the financial threshold that currently prevents SMEs from trialing AI tools. For fash-
ion technology start-ups, the priority is incentivized research and development partner-
ships with universities and research bodies such as CSIRO to develop Australia-specific 
AI solutions designed for the country’s geographic constraints, seasonal inversion, and 
domestic regulatory environment, rather than repurposing global platforms that do not 
fit local contexts. For larger enterprises and global retail operations, the evidence points 
to a need for structured, leadership-driven change management programs that explicitly 
address transformation fatigue and create psychological safety for digital experimenta-
tion. Formalized internal AI champions, cross-functional digital literacy workshops, and 
transparent communication about how AI tools complement rather than replace human 
roles are the mechanisms most likely to shift the cultural inertia identified in this study. 
Across all firm types, practitioners and policymakers should foreground AI’s direct link 
to sustainability compliance outcomes under schemes such as the Seamless product stew-
ardship program, reframing AI investment not as discretionary innovation expenditure 
but as a prerequisite for long-term regulatory license to operate. 

Author Contributions: Conceptualization, S.I. and C.S.L.T.; methodology, A.B., S.I. and C.S.L.T.; 
software, A.B.; validation, A.B., S.I. and C.S.L.T.; formal analysis, A.B.; investigation, A.B.; resources, 
S.I. and C.S.L.T.; data curation, A.B., S.I. and C.S.L.T.; writing—original draft preparation, A.B., S.I. 
and C.S.L.T.; writing—review and editing, A.B., S.I. and C.S.L.T.; visualization, A.B.; supervision, 
S.I. and C.S.L.T.; project administration, S.I. and C.S.L.T. All authors have read and agreed to the 
published version of the manuscript. 

Funding: This research received no external funding. 



Systems 2026, 14, 825 16 of 19 
 

https://doi.org/10.3390/systems14070825 

Institutional Review Board Statement: The study was conducted in accordance with the National 
Statement on Ethical Conduct in Human Research (NHMRC, 2023). Ethics approval (Project ID: 
29514) was obtained from the Design and Social Context College Human Ethics Advisory Network, 
a subcommittee of the Royal Melbourne Institute of Technology (RMIT University) on 14 October 
2025. Informed consent for participation was obtained from all subjects in1volved in the study. All 
data, including focus group transcripts, were anonymized in accordance with the approved proto-
col to ensure participant confidentiality. 

Informed Consent Statement: Informed consent was obtained from all subjects involved in the 
study. 

Data Availability Statement: Available on request. 

Acknowledgments: During the preparation of this manuscript/study, the author(s) used Gemini 2.5 
Flash for the purposes of editing English. The authors have reviewed and edited the output and 
taken full responsibility for the content of this publication. 

Conflicts of Interest: The authors declare no conflicts of interest. 

Abbreviations 
The following abbreviations are used in this manuscript: 

AI Artificial Intelligence 
ML Machine Learning 
CV Computer Vision 
NLP Natural Language Processing 
GAN Generative Adversarial Networks 
SME Small Medium Enterprises 

References 
1. Chen, H.J.; Shuai, H.H.; Cheng, W.H. A Survey of Artificial Intelligence in Fashion. IEEE Signal Process. Mag. 2023, 40, 63–72. 

https://doi.org/10.1109/MSP.2022.3233449. 
2. Singh, S. Artificial Intelligence in the Fashion and Apparel Industry. Tekstilec 2024, 67, 225–240. 

https://doi.org/10.14502/tekstilec.67.2024001. 
3. Ramos, L.; Rivas-Echeverría, F.; Pérez, A.G.; Casas, E. Artificial Intelligence and Sustainability in the Fashion Industry: A Re-

view from 2010 to 2022. SN Appl. Sci. 2023, 5, 387. https://doi.org/10.1007/s42452-023-05587-2. 
4. Strategy for Textiles—Internal Market, Industry, Entrepreneurship and SMEs. Available online: https://single-market-econ-

omy.ec.europa.eu/sectors/textiles-ecosystem/strategy-textiles_en (accessed on 11 June 2026). 
5. Pastran, A.; Colli, E.; M.; Nor, H. Public Policy and Legislation in Sustainable Fashion. In Sustainable Fashion and Textiles in Latin 

America; Gardetti, M.Á., Larios-Francia, R.P., Eds.; Springer: Singapore, 2021; pp. 171–189. 
6. Redmond, P. Regulating through Reporting: An Anticipatory Assessment of the Australian Modern Slavery Acts. Aust. J. Hum. 

Rights 2020, 26, 5–26. https://doi.org/10.1080/1323238X.2020.1774844. 
7. Islam, M.; Benstead, A.V.; Gill, S. Implementing Environmentally Sustainable Practices in Multi-Tier Fashion Supply Chains: 

The Influence of Institutional Pressures. Supply Chain. Manag. Int. J. 2026, 31, 145–164. https://doi.org/10.1108/SCM-02-2025-0095. 
8. Schwaeke, J.; Peters, A.; Kanbach, D.K.; Kraus, S.; Jones, P. The New Normal: The Status Quo of AI Adoption in SMEs. J. Small 

Bus. Manag. 2025, 62, 1297–1331. https://doi.org/10.1080/00472778.2024.2379999. 
9. Paramasivan, P.; Rajest, S.S.; Chinnusamy, K.; Regin, R.; John Joseph, F.J. Cross-Industry AI Applications; IGI Global Scientific 

Publishing: Palmdale, PA, USA, 2024. 
10. Manchiraju, S. The Ethical Thread: AI’s Role in the Tapestry of Fashion. AI Soc. 2025, 40, 4029–4034. 

https://doi.org/10.1007/s00146-024-02151-3. 
11. Dhar, P. The Carbon Impact of Artificial Intelligence. Nat. Mach. Intell. 2020, 2, 423–425. https://doi.org/10.1038/s42256-020-0219-9. 
12. Australian Fashion Council. Fashion Evolution: From Farm to Industry; EY: London, UK, 2022. Available online: 

https://www.ausfashioncouncil.com/wp-content/uploads/2022/06/2022-Industry-Modelling-Report.pdf (accessed on 12 No-
vember 2025). 



Systems 2026, 14, 825 17 of 19 
 

https://doi.org/10.3390/systems14070825 

13. Klemm, C.; Kaufman, S. The Importance of Circular Attributes for Consumer Choice of Fashion and Textile Products in Aus-
tralia. Sustain. Prod. Consum. 2024, 45, 538–550. https://doi.org/10.1016/j.spc.2024.01.021. 

14. DHL Express. Navigating Growth in Australia’s Fashion Industry; DHL Express: Bonn, Germany, 2024. Available online: 
https://www.dhl.com/discover/en-au/e-commerce-advice/e-commerce-sector-guides/navigating-growth-in-australias-fashion-
industry (accessed on 11 June 2026). 

15. Marshall, J.; Thompson-Whiteside, S.; Jan, T. Barriers to the Adoption of Industry 4.0 Technologies within the Australian Fash-
ion Industry. Int. J. Fashion Design Technol. Educ. 2024, 18, 321–331. https://doi.org/10.1080/17543266.2024.2409895. 

16. Baker, J. The Technology–Organization–Environment Framework. In Information Systems Theory; Dwivedi, Y.K., Wade, M.R., 
Schneberger, S.L., Eds.; Springer: New York, NY, USA, 2012; Volume 28, pp. 231–245. 

17. Hussain, A.; Malik, J.A.; Rani, A.; Aslam, N.; Soomro, A.M. Generative Adversarial Networks (GANs) in Modern Fashion De-
sign: Creativity vs. Automation. South. J. Arts Humanit. 2025, 3, 45–56. 

18. Sayem, A.S.M. Digital Fashion Innovations for the Real World and Metaverse. Int. J. Fash. Des. Technol. Educ. 2022, 15, 139–141. 
https://doi.org/10.1080/17543266.2022.2071139. 

19. Hollanek, T. AI Transparency: A Matter of Reconciling Design with Critique. AI Soc. 2023, 38, 2071–2079. 
https://doi.org/10.1007/s00146-020-01110-y. 

20. Liu, V.; Yin, Y. Green AI: Exploring Carbon Footprints, Mitigation Strategies, and Trade Offs in Large Language Model Training. 
Discov. Artif. Intell. 2024, 4, 49. https://doi.org/10.1007/s44163-024-00149-w. 

21. Marku, E. AI and the Growth of the Creative Potential of Designers in the Fashion Industry. Interdiscip. J. Archit. Built Environ. 
2023, 25, 33–41. https://doi.org/10.37199/F40002708. 

22. Särmäkari, N.; Vänskä, A. ‘Just Hit a Button!’—Fashion 4.0 Designers as Cyborgs, Experimenting and Designing with Genera-
tive Algorithms. Int. J. Fash. Des. Technol. Educ. 2022, 15, 211–220. https://doi.org/10.1080/17543266.2021.1991005. 

23. Brubacher, K.; Tyler, D.; Apeagyei, P.; Venkatraman, P.; Brownridge, A.M. Evaluation of the Accuracy and Practicability of 
Predicting Compression Garment Pressure Using Virtual Fit Technology. Cloth. Text. Res. J. 2023, 41, 107–124. 
https://doi.org/10.1177/0887302X21999314. 

24. Rahman, M.S.; Bag, S.; Hossain, M.A.; Abdel Fattah, F.A.M.; Gani, M.O.; Rana, N.P. The New Wave of AI-Powered Luxury 
Brands Online Shopping Experience: The Role of Digital Multisensory Cues and Customers’ Engagement. J. Retail. Consum. 
Serv. 2023, 71, 103273. https://doi.org/10.1016/j.jretconser.2023.103273. 

25. Goti, A.; Querejeta-Lomas, L.; Almeida, A.; de la Puerta, J.G.; López-de-Ipiña, D. Artificial Intelligence in Business-to-Customer 
Fashion Retail: A Literature Review. Mathematics 2023, 11, 2943. https://doi.org/10.3390/math11132943. 

26. Burnstine, A. Agentic AI and the Future of Fashion: Autonomous Creativity and Intelligent Systems. Arch. Bus. Res. 2025, 13, 
51–63. https://doi.org/10.14738/abr.1304.18608. 

27. AI’s Carbon Footprint Is Bigger than You Think. Available online: https://www.technologyreview.com/2023/12/05/1084417/ais-
carbon-footprint-is-bigger-than-you-think/ (accessed on 12 November 2025). 

28. Taddeo, M.; Floridi, L. How AI Can Be a Force for Good. Science 2018, 361, 751–752. https://doi.org/10.1126/science.aat5991. 
29. Piller, L.W. Designing for Circularity: Sustainable Pathways for Australian Fashion Small to Medium Enterprises. J. Fash. Mark. 

Manag. 2023, 27, 287–310. https://doi.org/10.1108/JFMM-09-2021-0220. 
30. de Lima, M.L. The Influence of Artificial Intelligence on the fashion industry: Creativity, Sustainability and Innovation. Int. 

Seven Multidiscip. J. 2023, 2. https://doi.org/10.56238/isevmjv2n1-018 
31. Alam, T. Blockchain and Its Role in the Internet of Things (IoT). Int. J. Sci. Res. Comput. Sci. Eng. Inf. Technol. 2019, 5, 151–157. 

https://doi.org/10.32628/cseit195137  
32. European Commission. Implementing the Ecodesign for Sustainable Products Regulation; Green Forum, European Commission: 

Brussels, Belgium, 2024. Available online: https://green-forum.ec.europa.eu/implementing-ecodesign-sustainable-products-
regulation_en (accessed on 11 June 2026). 

33. Grand View Research. AI in Fashion Market Size, Share and Trends Report 2024–2030; Grand View Research: San Francisco, CA, 
USA, 2024. Available online:  Artificial Intelligence (AI) - Fashion technology market outlook (accessed on 12 November 2025). 

34. Silva, E.S.; Hassani, H.; Madsen, D.Ø. Big Data in Fashion: Transforming the Retail Sector. J. Bus. Strategy 2019, 41, 21–27. 
https://doi.org/10.1108/JBS-04-2019-0062 

35. Wang, Z.; Li, J.; Yang, M.; Wang, Y.; Chen, X. Organizational Artificial Intelligence Adoption and Employees Taking Charge in 
Chinese Manufacturing Industry: A Moderated Mediation Model. Asia Pac. J. Hum. Resour. 2025, 62, e70026. 
https://doi.org/10.1111/1744-7941.70026. 



Systems 2026, 14, 825 18 of 19 
 

https://doi.org/10.3390/systems14070825 

36. Gazzola, P.; Pavione, E.; Hillebrand, R.; Vota, V.; Rosa, R. The Circular Economy and the Role of Technology in the Fashion 
Industry: A Comparison of Empirical Evidence. Sustainability 2025, 17, 3104. https://doi.org/10.3390/su17073104. 

37. Qu, C.; Kim, E. Artificial-Intelligence-Enabled Innovation Ecosystems: A Novel Triple-Layer Framework for Micro, Small, and 
Medium-Sized Enterprises in the Chinese Apparel-Manufacturing Industry. Sustainability 2025, 17, 5019. 
https://doi.org/10.3390/su17115019. 

38. Liu, Y.J.; Zhao, L. Understanding Fashion AI Evolution: A Systematic Literature Review of AI Research in the Fashion Industry. 
Int. Text. Appar. Assoc. Annu. Conf. Proc. 2025, 81, 1. https://doi.org/10.31274/itaa.18555. 

39. Rao, V.V.; Sagar, B. The Role of Artificial Intelligence in Enhancing Retail Supply Chain Efficiency. Scriptora Int. J. Res. Innov. 
2026, 2, 36–44. https://doi.org/10.65579/sijri.2026.v2i4.04 

40. Zeng, L.; Lo, C.K.Y.; Chen, Z. Fashion Innovation through an Innovation Ecosystem—A Research Agenda. Int. J. Fash. Des. 
Technol. Educ. 2024, 17, 61–75. https://doi.org/10.1080/17543266.2023.2247421. 

41. Chen, W.; Men, Y.; Fuster, N.; Osorio, C.; Juan, A.A. Artificial Intelligence in Logistics Optimization with Sustainable Criteria: 
A Review. Sustainability 2024, 16, 9145. https://doi.org/10.3390/su16219145. 

42. Roberts, J.S.; Montoya, L.N. Decolonisation, Global Data Law, and Indigenous Data Sovereignty. arXiv 2022, arXiv:2208.04700. 
https://doi.org/10.48550/arXiv.2208.04700 

43. Pinto, A.S.; Abreu, A.; Pérez Cota, M.; Paiva, J. Exploring the Drivers of AI Adoption: A Meta-Analysis of Technological, Or-
ganizational and Environmental (TOE) Factors. Preprints 2024, 202412.0740. https://doi.org/10.21203/rs.3.rs-5634577/v1 

44. Sánchez, E.; Calderón, R.; Herrera, F. Artificial Intelligence Adoption in SMEs: Survey Based on TOE–DOI Framework, Primary 
Methodology and Challenges. Appl. Sci. 2025, 15, 6465. https://doi.org/10.3390/app15126465. 

45. Kewalramani, P.; Kaur, J.; Srivastava, S. Digital Technology at the Core: Facilitating Adoption for Enhanced SME Performance 
and Sustainability. J. Entrep. 2026, 35, 106–153. https://doi.org/10.1177/09713557261423721. 

46. Oliveira, T.; Martins, M.R. Literature Review of Information Technology Adoption Models at Firm Level.  The Electronic Journal 
Information Systems Evaluation, Vol. 14, Issue 1, pp. 110–121.  

47. Arıcıoğlu, M.A.; Yiğitol, B.; Demir, S.; Paksoy, T. Evaluating Firm-Level Technology Adaptation: An Integrated Geometric Mean 
Model Based on the TOE Framework (M-BOOST). Five Zero 2024, 4, 153–187. https://doi.org/10.54486/fivezero.2024.41  

48. Motjolopane, I.; Chanza, M. Digital Transformation Dimensions for Evaluating SMEs’ Readiness for Big Data Analytics and 
Artificial Intelligence: A Review. Int. J. Res. Bus. Soc. Sci. 2023, 12, 583–595. https://doi.org/10.20525/ijrbs.v12i7.2837. 

49. Wang, M. The Role of Interactive Technologies in the Physical Retail Fashion Store. Ph.D. Thesis, University of Leeds, Leeds, 
UK, 2024. 

50. Fachrunnisa, O.; Adhiatma, A.; Lukman, N.; Majid, M.N.A. Towards SMEs’ Digital Transformation: The Role of Agile Leader-
ship and Strategic Flexibility. J. Small Bus. Strategy 2020, 30, 64–85. 

51. Al Sheibani, S.; Cheung, Y.; Messom, C. Artificial Intelligence Adoption: AI-Readiness at Firm Level; Monash University Research 
Repository: Melbourne, Australia, 2025. Available online: https://research.monash.edu/en/publications/artificial-intelligence-
adoption-ai-readiness-at-firm-level/ (accessed on 13 November 2025). 

52. Ortiz-Ospino, L.; González-Sarmiento, E.; Roa-Perez, J. Technology Trends in the Creative and Cultural Industries Sector: A 
Systematic Literature Review. J. Innov. Entrep. 2025, 14, 39. https://doi.org/10.1186/s13731-025-00497-6. 

53. Creswell, J.W.; Poth, C.N. Qualitative Inquiry and Research Design: Choosing among Five Approaches, 4th ed.; SAGE Publications: 
Thousand Oaks, CA, USA, 2018. 

54. Australian Bureau of Statistics. Business Characteristics Survey: Business Use of Information Technology, 2022–2023; Australian Bu-
reau of Statistics: Canberra, Australia, 2023. Available online: https://www.abs.gov.au/statistics/industry/technology-and-inno-
vation/business-use-information-technology/latest-release (accessed on 5 May 2026). 

55. Badghish, S.; Soomro, Y.A. Artificial Intelligence Adoption by SMEs to Achieve Sustainable Business Performance: Application 
of Technology–Organization–Environment Framework. Sustainability 2024, 16, 1864. https://doi.org/10.3390/su16051864. 

56. Ernst & Young Australia. From High Fashion to High Vis: The Economic Contribution of Australia’s Fashion and Textile Industry; 
Australian Fashion Council: Sydney, Australia, 2021. Available online: https://ausfashioncouncil.com/wp-content/up-
loads/2021/05/From-high-fashion-to-high-vis-EY-final-report-31-May-2021.pdf (accessed on 11 June 2026). 

57. 200 Years of Australian Fashion|NGV. Available online: https://www.ngv.vic.gov.au/essay/200-years-of-australian-fashion/ 
(accessed on 12 November 2025). 

58. Shahadat, M.M.H.; Nekmahmud, M.; Ebrahimi, P.; Fekete-Farkas, M. Digital Technology Adoption in SMEs: What Technolog-
ical, Environmental and Organizational Factors Influence in Emerging Countries? Glob. Bus. Rev. 2023, 24, 09721509221137199. 
https://doi.org/10.1177/09721509221137199. 



Systems 2026, 14, 825 19 of 19 
 

https://doi.org/10.3390/systems14070825 

59. Denzin, N.K.; Lincoln, Y.S. The SAGE Handbook of Qualitative Research, 4th ed.; SAGE Publications: Thousand Oaks, CA, 
USA, 2011; ISBN 978-1-4129-7417-2. 

60. Marshall, C.; Rossman, G.B. Designing Qualitative Research, 7th ed.; SAGE Publications: Thousand Oaks, CA, USA, 2021. 
61. Strauss, A.; Corbin, J. Basics of Qualitative Research: Techniques and Procedures for Developing Grounded Theory, 4th ed.; SAGE Pub-

lications: Thousand Oaks, CA, USA, 2015. 
62. Yin, R.K. Case Study Research and Applications: Design and Methods, 7th ed.; SAGE Publications: Thousand Oaks, CA, USA, 2023. 
63. Guest, G.; Bunce, A.; Johnson, L. How Many Interviews Are Enough? An Experiment with Data Saturation and Variability. Field 

Methods 2006, 18, 59–82. https://doi.org/10.1177/1525822X05279903. 
64. Siddhu, M.; Mohibi, S. AI Application and Fashion Industry: A Case Study of Emerging Economies. In Illustrating Digital Inno-

vations Towards Intelligent Fashion; Raj, P., Rocha, A., Dutta, P.K., Fiorini, M., Prakash, C., Eds.; Springer Nature: Cham, Switzer-
land, 2024; pp. 537–552. https://doi.org/10.1007/978-3-031-71052-0_22. 

65. Braun, V.; Clarke, V. Using Thematic Analysis in Psychology. Qual. Res. Psychol. 2006, 3, 77–101. 
https://doi.org/10.1191/1478088706qp063oa. 

66. Angelbratt, S. Reducing Size- and Fit-Related Returns in Fashion E-Commerce: Exploring AI-Driven Virtual Fitting Solutions—
A Study on the Benefits and Challenges from the Retailer’s Perspective. Masterʹs Thesis, University of Borås, Borås, Sweden, 
2025.  

67. Arangath, C. The Psychology of Resistance to Change in Organizations; Neurofied: Amsterdam, The Netherlands, 2025. Available 
online: https://neurofied.com/the-psychology-of-resistance-to-change/ (accessed on 12 November 2025). 

68. Susskind, R.; Susskind, D. The Future of the Professions: How Technology Will Transform the Work of Human Experts; Oxford Uni-
versity Press: Oxford, UK, 2015.ISBN 978-0-19-871339-5. 

69. Karmali, I.M.; Valilai, O.F. Exploring the Role of Artificial Intelligence for Pattern Recognition of Textile Sorting and Recycling 
for Circular Economy. Procedia Comput. Sci. 2025, 253, 346–356. https://doi.org/10.1016/j.procs.2025.01.097. 

70. Jobin, A.; Ienca, M.; Vayena, E. The Global Landscape of AI Ethics Guidelines. Nat. Mach. Intell. 2019, 1, 389–399. 
https://doi.org/10.1038/s42256-019-0088-2. 

71. Nisa, H.; Van Amber, R.; English, J.; Islam, S.; McCorkill, G.; Alavi, A. A Systematic Review of Reimagining Fashion and Textiles 
Sustainability with AI: A Circular Economy Approach. Appl. Sci. 2025, 15, 5691. https://doi.org/10.3390/app15105691. 

72. Commonwealth of Australia. Privacy and Other Legislation Amendment Act 2024 (Cth); Commonwealth of Australia: Canberra, 
Australia, 2024. Available online: https://www.ag.gov.au/rights-and-protections/privacy (accessed on 28 April 2026). 

73. UNESCO. Recommendation on the Ethics of Artificial Intelligence; United Nations Educational, Scientific and Cultural Organ-
ization (UNESCO): Paris, France, 2021. Available online: https://unesdoc.unesco.org/ark:/48223/pf0000380455 (accessed on 6 
July 2026). 

74. Dwivedi, Y.K.; Hughes, L.; Ismagilova, E.; et al. Artificial Intelligence (AI): Multidisciplinary perspectives on emerging chal-
lenges, opportunities, and agenda for research, practice and policy. Int. J. Inf. Manag. 2021, 57, 101994. 
https://doi.org/10.1016/j.ijinfomgt.2019.08.002 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-
thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to 
people or property resulting from any ideas, methods, instructions or products referred to in the content. 


