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Abstract: Digitalization, as well as sustainability, are gaining increased relevance and have attracted
significant attention in research and practice. However, the research already published about this topic
examining digitalization in the retail sector does not consider the acceptance of related innovations,
nor their impact on sustainability. Therefore, this article critically analyzes the acceptance of customers
towards digital technologies in fashion stores as well as their impact on sustainability in the textile
industry. The comprehensive analysis of the literature and the current state of research provide
the basis of this paper. Theoretical models, such as the Technology-Acceptance-Model (TAM) and
the Unified Theory of Acceptance and Use of Technology 2 (UTAUT 2) enable the evaluation of
expectations and acceptance, as well as the assessment of possible inhibitory factors for the subsequent
descriptive and statistical examination of the acceptance of digital technologies in fashion stores. The
research on this subject was examined in a quantitative way. The key findings show that customers
do accept digital technologies in fashion stores. The final part of this contribution describes the
innovative Digitalization 4 Sustainability Framework which shows that digital technologies at the
point of sale (PoS) in fashion stores could have a positive impact on sustainability. Overall, this paper
shows that it is particularly important for fashion stores to concentrate on their individual strengths
and customer needs as well as to indicate a more sustainable way by using digital technologies, in
order to achieve added value for the customers and to set themselves apart from the competition
while designing a more sustainable future. Moreover, fashion stores should make it a point of their
honor to harness the power of digitalization for sake of sustainability and economic value creation.

Keywords: sustainability; digital technologies; customer acceptance; fashion industry

1. Introduction

Although large vertical players and online giants are gaining ever-increasing mar-
ket share, many fashion stores are struggling to adapt to the structural and disruptive
changes caused by digitalization [1]. Digital disruption, which describes the devaluation
and marginalization of existing business models by digitalization, is forcing the stationary
retail trade to adapt and develop accordingly [2]. Moreover, it also has a significant impact
on the customer’s needs and expectations when it comes to digitalization [3]. Therefore,
it is necessary to understand how consumers accept digital innovations in the form of
in-store technologies at the PoS and to get to know the impact of those on sustainability,
since digitalization, as well as sustainability are gaining increased relevance and have
attracted significant attention in research and practice. Moreover, the fashion industry
belongs to critical industries that often do not comply with ecological, social, and economic
standards. Digitalization not only substantially contributes to better, faster, and leaner
processes, but also to efficient and sustainable resource disposition and consumption in the
fashion industry. This paper shows the implications of digitalization for fashion retail stores
from the viewpoint of sustainability. Thus, it strikes the balance between digitalization and
sustainability showing that both strands of the contemporary management discussion are
fully compatible. Adopting a conceptual point of view, the novelty of this paper stems from
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the co-alignment of these topics. While the digitalization and sustainability debate often
incorporated juxtaposing positions, this research endorses a framework for creating shared
value (CSV), when harmonizing stakeholder and shareholder interests in a self-enforcing
way [4,5]. This paper evidences that store management in the fashion industry may greatly
benefit from sustainable digitalization options. The latter incorporates a full range of tools
and techniques that foster platform-based transactions and personalized, individualized,
and localized communication processes. Digitalization tools represent a portfolio of digi-
tally supported devices ranging from apps to hardware and software solutions, such as
automized processes. This article defends the point of view that digitalization tools reflect
a class of applications that take advantage of digitalization to a high degree. For sure,
they may enter different maturity stages with respect to the technological level: Baseline
digitalization versus rocket science digitalization in the shape of AI-promoted business and
customer solutions. In this case, a broader viewpoint of digitalization was chosen because
this fancy term evokes a flurry of connotations among interviewees. Furthermore, this
article is also a plea for sustainable digitalization due to smarter resource management
and (invisible) asset disposition such as time, convenience, and service. Beyond the two
dimensions of digitalization and sustainability, economic value creation may be propelled
by the aforementioned dimensions. Sustainable digitalization sounds akin to a buzzword
but may usher in a new era of philanthropic and profitable business models [4,5].

However, the research already published about these topics, for example, those by
Deloitte, McKinsey, and other researchers which have examined digitalization in the
retail sector, do not consider the acceptance of related innovations, nor their impact on
sustainability [6–11]. Hence, this study explores the acceptance of customers towards
digital technologies in fashion stores and what impact they have on sustainability. The
goal of the investigation is therefore outlined with the following research questions: “Do
customers accept digital technologies in fashion stores?” and “Which impact do digital
technologies in fashion stores have on sustainability?”. Hereby, this article adds to what is
already known in the field of research concerning sustainability and digital technologies in
the context of digitalization. Further, this research adapts constructs of the well-established
technology acceptance model, the UTAUT 2.

This paper is structured as follows: In Section 2, a short literature review with a brief
background about the terms and used theories are provided. Section 3 contains the method-
ology developed in order to identify the research gaps. The following section shows the
research outcomes, whereas Section 5 describes the Digitalization 4 Sustainability Frame-
work. The research outcomes will then be discussed in Section 6. Sections 7 and 8 include
the conclusion, as well as limitations and implications.

2. Literature Review
2.1. Digitalization Imperative for Management and Marketing

Digitalization is now sweeping through every aspect of people’s lives and can be
regarded as a cross-sectional platform technology. In a dynamic world where speed—more
than quality or cost efficiency—is the key to success, digital technology makes processes
faster, more accurate, sometimes smarter, and more convenient. In several ways, the twenty-
first century is different from previous ones, because digital technology is evolving in such
a way that everyone is part of the change, and “the Future” arrived suddenly, bringing new
developments with it. The new normal is closely linked with digitalization and ensuing
topics, such as augmented realities, machine learning, or artificial intelligence.

The beginnings of the digital era can be traced back to the early 2000s, specifically to
2002, when the transition from analog to digital information increased significantly com-
pared to previous years [12]. Although the term digitalization is omnipresent, it remains
a controversial topic in theory and practice [13,14]. No consistent understanding of the
term has yet been established in the business literature. The terms “digital” or “digitaliza-
tion” are still undefined, as their meanings depend on the industry, the context, and the
profession of the competence field [14,15]. In this article, the term digitalization describes
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a process in which formerly analog information is digitized by information technology or
the existing digital information is stored digitally but not processed. The fundamentals are
the structured attitude of the data and the automation of processes [16]. Within this context,
digital innovations play an important role because they enable the structuring, standard-
ization, and automation of processes [17]. Digitalization may contribute to efficient and
resilient processes by means of better resource disposition and machine-executed standard
operation procedures.

Concerning the digitalization of companies, there are various potentials that have to
be worked on to realize these increases in effectiveness and efficiency with reduced cost
structures and higher quality standards. As part of the currently evolving digital transfor-
mation, companies are encouraged to automate and parallelize operational processes and to
improve the quality of information. The starting points for versatile integration in various
areas of the company and the removal of restrictions to save time and space by utilizing dig-
ital tools also belong to these potentials. Digitalization thus establishes new structures and
processes in companies that are supposed to achieve outcomes that increase effectiveness
and efficiency [16,18]. A digital transformation occurs as companies exploit technological
innovations to shift their value chains and business models with the aim of providing
more efficient service and fulfilling customer requirements as effectively as possible. The
dimensions of the digitalization process could be of a temporal, financial, spatial, and
qualitative nature. This requires employing the latest technologies in all areas of the com-
pany’s value-creation process [19]. In addition, businesses need to have data acquisition,
exchange, analysis, and conversion skills. The information obtained from the processed
data is used for the decision-making process and therefore for the company’s strategic and
operational orientation. The so-called “enablers” (technologies) that lead to new services
or applications also function as instruments of a digital transformation. The degree of
digitalization of the transformation of the business model can mean incremental or even
radical changes for the company. The degree of innovation that the transformation entails
is measured, for example, by the benchmarks of customers, partners, and industries [20].
When adopting a sustainability standpoint, ecological and economic responsibility may be
in conflict with social responsibility, because resource-efficient digitalization kills the jobs
of the working poor. On the one hand, digital progress corresponds with ecological and
economic targets, because scarce resources are deployed in a very productive way as retail
and platform giant Amazon prove relentlessly. On the other hand, intelligent digitalization
bears the seeds of human labor devaluation by means of algorithms, artificial intelligence,
and applied software and service engineering [21]. Since those digital innovations are
often driven by employees, they must be highly willing to accept those. Even though
there are already several companies with a high propensity to innovate, a large proportion
of established retail companies still show room for improvement. For these companies,
there is a risk of missing the opportunity to keep up with the very dynamic transformation
processes. The resulting loss of market share leads to a lack of future viability and a loss of
customers [17].

2.2. Digital Technologies as Change Agents

There are various definitions when it comes to digital technologies, therefore it is
difficult to find a proper definition of this term. According to Loebbecke [22], digi-
tal technologies refer to all technologies that are used to create, process, transmit, and
utilize digital commodities, which are grouped together under the term “Information,
Communication, and Media Technologies (ICMT)”. Furthermore, Yoo et al. [23] indicate
that digital technologies differentiate from past technologies in the following three ways:
(1) re-programmability, which isolates a device’s functional logic from its physical represen-
tation; (2) data homogenization, which permits the storage, transmission, and processing
of digital contents using the same tool and networks; and (3) self-referential nature, which
yields positive network externalities that speed up the production of digital contents. More-
over, he invokes a modular architecture for digital technologies, comprising the four layers
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of service, content, network, and device. This facilitates the delimitation of units and
services due to re-programmability and the delimitation of network and content due to
the homogenization of data [23]. Those digital technologies can enable important business
advancements such as improved customer experience and engagement, operational sim-
plicity, and corporate innovation [14,24]. Digital tools employed stand for a full range of
devices, techniques, or companions resembling assisting systems of decision and transac-
tion support. They incorporate a class of problem solutions rather than a digital solitaire.

Since the present research article deals with the fashion industry, we are focusing
on those kinds of digital technologies, which can be found at the PoS in fashion stores.
Today, digital technologies are wearable, smart-phone based, connected, and may become
implanted service solutions as medical tracking vividly evidence. Rasche, Margaria, and
Floyd [25] sketched out the TTTPPP framework that stands in a digital age of tracing,
tracking, tapping, profiling, predicting, and ensuing profits due to professional sequences of
data transformation that lead to better, quicker, and smarter decision making. Technologies
like digital price tags, beacons, QR codes as well as mobile payment are rather basic
tools for the purpose of endorsing retailing processes, which lead to a higher convenience
for the customer [26,27]. Geofencing resembles an advanced tool that is operated with
satellite technology used over a range of up to several kilometers. Aided by this technology,
potential customers in the vicinity of the correspondingly equipped store receive push
messages regarding special offers or discount campaigns [28]. This kind of precision
marketing excels in a personalized, individualized, and localized customer approach that
assures high-quality communication [29–32]. Click-and-collect technologies stand for
a self-enhancing ecosystem of stationery and internet-based channels. When employing
these technologies professionally, resource-saving and efficiency gains may be possible
due to a lean and smart philosophy [33]. Furthermore, large stores can be transformed
with the help of digital technologies like virtual reality glasses or augmented technologies
into showrooms that feature only a few physical products. The products can then be
purchased via QR code scanning through a smartphone and then either delivered to the
store or to the customer’s home. This method combines the stationary advantage of haptics
with the trend of shopping online directly at the PoS [34]. Virtual reality glasses enable
the customer to be transferred to a product world in a personalized, individualized, and
localized manner. This technology might increase the likelihood of a purchase, for example,
with kitchens or sports products that can be experienced virtually by customers [35,36].
Digital companions assist consumers and store staff alike. Think of digital changing rooms
using RFID tags to identify the items selected by the customer. Beyond fast-track selection,
AI-based algorithms may profile the client and predict prospective wants, wishes, and
transactions. Product information such as size offers, color packages, cross-selling offers,
or details regarding the item’s availability provides enhanced value to the customer. The
magic mirror application takes advantage of sensors recording the surroundings in a 3D
format. The latter employs intuitive gesture control as a means to make the client dress
his or her image in a 2D format while not being forced to change clothes. Individual
styling is easy, convenient, and fast saving time while boosting customer value [27,31]. This
software can also be synchronized with the ERP (enterprise resource planning) system and
the online shop so that consumers can learn about prices, sizes, or colors to make them
order directly [37]. Digital shop window provides customers with a 24/7 opportunity
because they may shop in front of the store while standing outside. Strict opening hours
are softened [38]. In-store navigation corresponds with indoor positioning systems (IPS)
helping the customer to shop lean, fast, and smart [39]. Moreover, self-checkouts and
autonomous scanning via a 360-degree barcode scanner developed by Wincor and Fujitsu
lead to lean and mean transaction processes being fully automated [40]. Drone-triggered
retail-bot solutions as well as service bots or robotic inventory management usher in
a new era of super-efficient standard operation procedures that qualify for digitalization,
automation, and standardization on a large-scale format [41–43]. Additionally, artificial
intelligence is heralded as the next big bang technology incorporating all features of
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disruptive innovations. In-store cameras that measure consumer reactions to product
placements and layouts, as well as the dwell and gaze time are examples of AI-induced
customer observation. This gives insights to the store owners on which products consumers
are most interested in and helps to improve their purchasing decisions and to create tailor-
made problem solutions [32,44]. AI inventory management is another promising option
to get a close grip on consumer purchasing data for the purpose of the three Ps, profiling,
prediction, and profit, after having accomplished tracing, tracking, and tapping beforehand.
As a result, the system could start prioritizing manual auditing of some regions over
others. When demand is predicted precisely, items can be produced and crafted alongside
consumer wants in a tailor-made fashion [45,46].

2.3. Sustainability

Not only do managers nowadays increasingly place sustainability operations at the
center of their company [47,48], but also 300 years ago there was already a concept of
sustainability, which states that only those quantities of wood could be cut that could also
grow again through planned reforestation [49]. Therefore, both scientific and institutional
debates have long focused on sustainability. The 2030 Agenda developed by the United
Nations reaffirmed the need for a paradigm shift in the approach to sustainable develop-
ment. In this agenda, a global plan for the preservation and promotion of prosperity, as
well as peace and the protection of the environment is established. Additionally, it has
a set of guidelines that oblige the governments of the member nations to honor people
and subsequently our planet. The alleged sustainable development goals (SDGs), include
17 objectives and 169 goals that must be accomplished by 2030. [50,51]. These SDGs have
their focus on three different sustainability aspects: economic growth, social inclusion,
and, environmental protection [52]. Additionally, Balderjahn [49] states that the extent of
sustainable action is divided into three basic dimensions: ecological, social, and economic
dimensions. Sustainable economic activity and global environmental protection are thus
based on the preservation of social prosperity, the protection of resources and the climate,
the protection of biodiversity, and the socially responsible behavior of people. From a social
perspective, corporate social responsibility (CSR), is of great importance for the corporate
sector. The guiding principle formulated according to this is seen in a commitment by com-
panies to a comprehensive assumption of responsibility towards society, stakeholders, and
the natural environment. In this context, the reaction of companies to sustainability-related
demands and expectations of stakeholders should be taken into account, as well as the
requirements of sustainable development by the company’s management [49].

Since this research article is focused on sustainability in the fashion industry, it is
indispensable to have a look at its impact on sustainability: With a market size of 1.5 trillion
US dollars, the fashion industry is one of the largest industries in the world. It is currently
undergoing an enormous transformation process from “fast fashion” to “more sustainable
fashion”. This change is triggered by devastating effects on the environment and on a large
number of participants along the production chain. As a result, producers are experiencing
enormously high-water consumption, pollution from toxic chemicals, an increase in human
rights violations, and rising greenhouse gas emissions [53]. Recent research shows that
by raising the CSR commitment further, companies and manufacturers will have a great
benefit compared to their competitors [54]. Within the context of digital technologies at the
PoS, the question arouses, whether those can have a positive impact on the environment.

2.4. Technology-Acceptance

Regarding acceptance, there are numerous different definitions and accommodating
concepts. For instance, the Cambridge Dictionary defines it as people’s willingness to use
a new product, service, or idea [55]. Conversely, the Oxford Dictionaries describe accep-
tance as the act of consenting to obtain or pursue an offer [56]. Therefore, acceptance lacks
a clear definition, given that it is defined differently depending on the business field. As
this study is concerned with digitalization and innovative technologies, it is important to
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understand more about customers’ reasons for accepting or rejecting both. Technological
acceptance, diffusion, and utilization often go hand in hand representing a technology
cascade starting with technological awareness. The latter shares common ground with
technology and innovation marketing because the mere existence and availability of
a promising technology is only a necessity, but not a sufficient condition for market success.
The construct of acceptance and adoption has been extensively studied and presented in
various ways. Figure 1 shows the models that have been constructed based on the research
to help to understand how people perceive and accept various technologies:
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Figure 1. Development of technology acceptance models.

Within this paper, the focus lies on the first and last models, the TAM and UTAUT 2,
which are further described in what follows.

2.4.1. Technology-Acceptance-Model

The TAM was originally developed with the aim of analyzing the effects of system
features on user acceptance of information systems. It seeks to gain a further understanding
of the process of user acceptance to achieve a corresponding improvement in acceptance
levels, as well as to gain new insights for the design and implementation of technologies.
This model also explains the motivational processes that mediate between user behavior
and system characteristics [57]. The term acceptance is understood as a repeated action.
With this in mind, attitudes are seen as motivation, combined with cognitive assessment
and evaluation. Motivation is the perception of the environment, which is linked to the
incentive to react to behavior [58]. The motivation to use the system is influenced by two
fundamental elements the perceived ease of use and the perceived usefulness. The latter is
causally influenced by ease of use [57]. Perceived usefulness describes the extent to which
the user perceives a revision of the work performed, whereas perceived ease of use means
the application is free of any effort. The premise for achieving the perceived ease of use is,
on the one hand, the self-confidence of the users and, on the other hand, the adaptation
of the system-related usability with the target system [59]. Figure 2 demonstrates, among
other things, the consequences of the perceived usefulness and user-friendliness, which
can facilitate a positive attitude toward the intended use of the technology [57].
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If all influencing factors are assessed positively or customer expectations are met, this
outcome can lead to a shopping experience [60]. Since this model is only based on two
drivers that influence user acceptance and does not include social and hedonistic factors,
further developments of the model were devised in subsequent research.

2.4.2. Unified Theory of Acceptance and Use of Technology 2

The previous model of the unified theory of acceptance (UTAUT) developed from
eight models, which were used to explain the usage behavior of information systems. It
extended the TAM with four determinants: performance expectancy, effort expectancy,
social influence, and facilitating conditions. These determinants stimulate behavioral
intention and user behavior [61].

In the latest model, the UTAUT2 (Figure 3), the hedonic motivation factors fun and
pleasure and the factors purchase price and habit have been added, while the moderator
voluntariness of use is left out [60]. The first determinant of this model, performance
expectancy, stands for the perceived benefits of the customers derived from using tech-
nologies. The determinant effort expectancy describes the effort that a person has to put
into using technologies. The social influence emerges from the family environment, which
can influence the use of technology by being open or reluctant to use digital technologies.
The facilitating conditions describe the general infrastructure, which is perceived as assis-
tance by the customer. The hedonistic motivators, which are defined as joy in the usage
of technology, can also lead to an application of technology for this reason alone. The
purchase price factor is seen as a cognitive assessment that compares the perceived benefits
of the application and the costs of its use. If the perceived benefit exceeds the costs of use,
a behavioral intention is more likely to be induced. The aspect of habit is described as the
extent to which an individual adopts behavioral modification as a result of learning [62].
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To avoid possible failures, it is important that users are introduced to the technology
since they tend to overestimate their own capabilities. The operation of technological
innovations requires special knowledge that must be learned in a lengthy process. However,
following a first failure, many consumers may develop a generally negative attitude
towards the technology concerned. This response can subsequently lead to poor product
reviews or even the complete rejection of the technologies. Due to the lack of time in
daily business, strategic decisions for the implementation of digital technology are often
not sufficiently thought through. The prospect of a model that enables structuring and
comparability of different technologies, and identifies both the needs and potential obstacles
in dealing with technologies, can facilitate the decision regarding a new strategic direction.
Assessing the potential of digital touchpoints and the associated strategic investment
planning is not only important for brick-and-mortar retail. The use of technology can satisfy
the increased need for information and the need for shopping experiences of customers
and thus sustainable competitive advantages can be achieved [58].
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The TAM and the extension to UTAUT2 are considered instruments for testing the
probability of success for the introduction of new technologies, and both models facil-
itate the analysis of the various drivers that lead to acceptance [61]. Accordingly, the
initial model TAM is not used to record current developments in the course of the new
strategic orientation during the evaluation. Furthermore, this model only inaccurately
records technology acceptance, since it was originally utilized in the application of infor-
mation technologies in the corporate environment. Therefore, the UTAUT2 model will
be employed as a theoretical framework for this article to better understand the customer
acceptance of digital technologies in department stores. Based on this model the following
hypotheses were formulated for the first research question and presented in the theoretical
framework below.

Hypothesis 1 (H1). Performance expectancy positively influences customers’ behavioral intention
to use digital technologies in fashion stores.

Hypothesis 2 (H2). Effort expectancy positively influences customers’ behavioral intention to use
digital technologies in fashion stores.

Hypothesis 3 (H3). Social influence positively influences customers’ behavioral intention to use
digital technologies in fashion stores.

Hypothesis 4 (H4). Facilitating conditions positively influences customers’ behavioral intention
to use digital technologies in fashion stores.

Hypothesis 5 (H5). Hedonic motivation positively influences customers’ behavioral intention to
use digital technologies in fashion stores.

Hypothesis 6 (H6). Price value positively influences customers’ behavioral intention to use digital
technologies in fashion stores.

Hypothesis 7 (H7). Habit positively influences customers’ behavioral intention to use digital
technologies in fashion stores.

3. Methodology
3.1. Research Design

In order to answer RQ1, a quantitative methodology from the customer’s viewpoint
was utilized. Finally, a quantitative analysis of data is performed [63]. In this study, the
required database was collected with the help of an anonymous online survey in the form of
a questionnaire with mainly closed questions to ensure comparability of the results, using
the questionnaire tool SoSci Survey [64]. The questions were constructed based on before
mentioned hypotheses in order to prove them right or wrong and draw conclusions [65].
This online survey was shared via a link in social networks, such as Facebook and LinkedIn,
and through emails or WhatsApp to reach a large sample size. Furthermore, social networks
were asked to share the link to the survey with their friends, so that a variety of age and
interest groups could be obtained for the sample. Hence, the convenience sampling method
was executed to ensure that a broad range of questionnaire respondents was included in
the sample [66]. With the convenience sampling method, everyone who came across the
online questionnaire could open the link and participate. Since potential participants could
decide independently if and when they would open the link to the survey, this sample can
also be categorized as a self-selection sample [67].

The resulting sample consist initially of 257 participants. After eliminating question-
naires that were not fully filled out, a total of N = 202 (95 females, 107 males), ranging in
age from under 18 to over 56 years remained. Of which, 71% of the respondents are from
Europe, 18% from Asia, 6% from North America, and the remaining 5% from Africa. The
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data set with N = 202 respondents provided a solid basis and the sample chosen for the
study has also been well reflected, as the aim was to get as many participants as possible
from different countries and different ages. However, the results do not allow general
statements based on the limited number of data sets.

3.2. Measuring Instruments

This questionnaire is based on the previously described UTAUT2 model, which mea-
sures customer acceptance of technologies. Twenty-seven questions (see Supplementary
Material S1) were developed based on the original items from Venkatesh et al. [62]. These
questions were adapted and modified to address the topic of acceptance of digital technolo-
gies in fashion stores and were developed for the following scales: performance expectancy,
effort expectancy, social influence, facilitating conditions, hedonic motivations, price value,
habit, and behavioral intention. The participants had to rate the statements using a six-point
Likert scale (1 = strongly agree; 6 = strongly disagree) in order to avoid a clear center. At
least three items were used for each variable.

3.3. Data Analysis

All calculations were conducted by using the statistic programs SPSS (IBM, Version
27) and RStudio (Version 2022.07.2 with the lavaan package) [68]. First of all, we calculated
Cronbach’s alpha in order to test the internal invariance of all scales (see Table 1). All of the
factors exhibited reasonable internal consistency with values above 0.80 [69]. Then the de-
scriptive statistics, such as mean and SD, as well as bivariate correlations of all variables (see
Table 1) were estimated. Thus, before examining the impact of one independent variable on
a dependent one, we calculated intercorrelations that display undirected relationships. This
gives a first overview of the relationships between the variables. In order to test hypotheses
H1 to H7 of RQ1, a linear regression analysis was made with the goal to examine the cause-
and-effect relationships of the variables. To be able to make statements and conclusions
about the usability of the outcome, the determination coefficient R-squared (R2) and the
standard estimations error (SE) served as measures for identifying the quality of prediction.
R2 represents the amount of explained variance for a dependent variable that is explained
by at least one independent variable. Based on the results, we calculated a path model
using RStudio to answer RQ1 and to examine the direct and indirect relationships among
variables in a complex model. The theoretical assumptions ( ) were combined with the
results of the regression analysis to construct a model that was to be validated by the path
analysis. With RMSEA ≤ 0.06, CFI between 0.90 and 0.95, and SRMR ≤ 0.08, a reasonable
model fit is stated [70,71]. Finally, the Artificial Neural Networks (ANN) Technique and
a sensitivity analysis were conducted.

Table 1. Descriptive statistics and intercorrelations for all variables.

Variable 1 2 3 4 5 6 7 8

1. BI 1 0.738 *** 0.678 *** 0.583 *** 0.592 *** 0.701 *** 0.722 *** 0.855 ***
2. Perf. Expect. 1 0.669 *** 0.521 *** 0.550 *** 0.733 ** 0.739 *** 0.737 ***
3. Effort Expect. 1 0.496 *** 0.827 *** 0.686 *** 0.722 *** 0.663 ***
4. Social Influence 1 0.408 *** 0.554 *** 0.597 *** 0.627 ***
5. Facil. Conditions 1 0.649 *** 0.678 *** 0.571 ***
6. Hedonic Motiv. 1 0.763 *** 0.728 ***
7. Price Value 1 0.790 ***
8. Habit 1

Number of items 3 4 4 3 3 3 3 4
Mean 4.03 4.74 4.69 3.80 4.70 4.46 4.48 4.10
SD 1.28 1.10 1.08 1.22 1.08 1.14 1.12 1.17
Cronbach’s α 0.94 0.94 0.94 0.95 0.89 0.96 0.89 0.88

Notes: BI = Behavioral intention; Expect. = Expectancy; Facil. Conditions = Facilitating Conditions; Hedonic
Motiv. = Hedonic Motiviation; *** p < 0.001; ** p ≤ 0.01.
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4. Results

Table 1 shows that all of the variables correlated positively with each other with
medium to strong effect sizes. The significant relationships with the behavioral intention
all had high effect sizes. Overall, the strongest relationship was found between behavioral
intention and habit (r = 0.86, p < 0.001). Besides habit, the performance expectancy, hedonic
motivation, and price value were significantly positively correlated with the behavioral
intention (r = 0.74, r = 0.70, and r = 0.72, p < 0.001) with an effect size above 0.70. Social
influence was significantly related to behavioral intention (r = 0.58, p < 0.001), but this rela-
tionship showed the weakest effect size out of the relationships with behavioral intention.

Consequently, based on the theoretical framework, linear and multiple regression
analyses were carried out (Figure 4). The standardized regression coefficients of the model
to forecast consumers’ behavioral intention to use digital technologies in fashion stores are
shown in Figure 5. Moreover, it should be considered that the results presented are based
on linear regression analyses and therefore display no related model.

In order to build upon the results, two multiple regression analyses were conducted.
The first multiple regression analysis shows a highly significant model for behavioral
intention as a dependent variable (see Table A1). The variables accounted for about 80% of
the variance of behavioral intention (F (7,194) = 112.786). Habit could be identified as the
only strong predictor for behavioral intention (β = 0.75, p ≤ 0.001).

Due to habit having a high impact on behavioral intention, another multiple regres-
sion analysis was conducted. In this analysis, the variable habit has been excluded as
an independent variable. The aim was to have an insight into other variables that may
have an impact on behavioral intention without habit as a strong influencing factor. The sec-
ond multiple regression analysis shows one possible highly significant model for behavioral
intention as a dependent variable. By excluding habit, the remaining variables accounted
for about 68% of the variance of behavioral intention (F (6,195) = 73.312). Social influence
and price value were the most significant predictors of habit (p < 0.001). The strongest
predictor was price value (β = 0.27, p < 0.001), followed by effort expectancy (β = 0.26,
p < 0.01). Performance expectancy and hedonic motivation also had an—even if the lowest
—impact on behavioral intention (See Table A2).
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After the descriptive and regression analyses, a path model initially based on the
theoretical background (Figure 4) was constructed. Combining regression analysis and
path analysis provides a more nuanced and complete understanding of the relationships
among variables that affect behavioral intention. The regression analysis identified the
individual effects of independent variables on the dependent variable, while the path
analysis examined how these variables interact with each other and how their combined
effects lead to changes in the intention. Figure 6 shows the standardized path coefficients
of the final model of the path analysis.
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This final model indicates that habit is a mediating factor and thus a solid model fit
was indicated by the fit indices (robust RMSEA = 0.08; SRMR = 0.02; robust CFI = 0.99).
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The overall model explained about 79% of the variance of the intention to use digital
technologies in fashion stores (R2 = 0.785) and 76% of the variance of habit (R2 = 0.764). The
path model shows, in contrast to the initial theoretical model (Figure 4), that everything
is mainly mediated by habit; price value (β = 0.41, p < 0.001), social influence (β = 0.17,
p < 0.001), and hedonic motivation (β = 0.22, p < 0.01) were positive predictors of habit.
The price value had the strongest effect on habit. Facilitating conditions, performance
expectancy, and effort expectancy showed no predictive power (p > 0.05).

Finally, the path model shows that habit (β = 0.89, p < 0.001) has the strongest predictive
power on behavioral intention to use digital technologies in department stores.

Finally, the ANN Technique in SPSS was conducted, in order to assess the most
important variable for the behavioral intention to use digital technologies at the point
of sale and for the subsequent sensitivity analysis. With this technique, it is possible
to capture linear and nonlinear relationships and it also works for a non-normal data
distribution [72]. These artificial neural networks are trained using the Multi-Layer Percep-
tron (MLP) approach training technique. Values for the root mean square error (RMSE) is
used to evaluate the network model’s accuracy. Ninety percent of the data was used to train
the ANN model, while ten percent was used to evaluate the trained model’s accuracy. Errors
may be reduced, and prediction accuracy can be increased further through many learning
sessions [73]. Therefore, 10 cross-validations were employed and the root mean square
error (RMSE) was assessed in order to prevent the possibility of overfitting. Seven covari-
ates (performance expectancy, effort expectancy, social influence, facilitating conditions,
hedonic motivation, price value, and habit) were used with behavioral intention as the
dependent variable. Table 2 shows the results of the RMSE of the testing and training for
the different validations.

Table 2. RMSE values through Neural Networks.

Network Training Testing
N SSE RMSE N SSE RMSE Total Samples

ANN 1 186 20.748 0.334 16 1.221 0.276 202
ANN 2 180 15.515 0.294 22 3.746 0.413 202
ANN 3 178 18.306 0.321 24 1.015 0.206 202
ANN 4 181 20.871 0.340 21 2.048 0.312 202
ANN 5 182 20.834 0.338 20 0.79 0.199 202
ANN 6 180 15.439 0.293 22 2.053 0.305 202
ANN 7 184 22.722 0.351 18 0.882 0.221 202
ANN 8 177 13.524 0.276 25 3.142 0.355 202
ANN 9 181 17.858 0.314 21 2.093 0.316 202
ANN10 179 16.324 0.302 23 2.211 0.310 202
Mean 18.214 0.316 1.920 0.291
SD 3.0066 0.0246 0.9799 0.0678

Notes: SSE = Sum square of errors, RMSE = Root mean square of errors, N = sample size.

In addition, a sensitivity analysis (Table 3) was conducted in order to underline
the average importance of each variable in predicting the behavioral intention to use
digital technologies. By dividing the relative importance of each input by the maximum
importance in the form of a percentage. The result indicates that habit is the most important
predictor followed by performance expectancy with normalized importance of 36.5%, effort
expectancy (23%), hedonic motivation (22%), price value (20%), facilitating conditions
(13%), and social influence (12%).
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Table 3. Sensitivity Analysis.

NN PE EE SI FC HM PV H

NN 1 0.435 0.204 0.009 0.091 0.188 0.277 1.0
NN 2 0.297 0.098 0.069 0.074 0.293 0.155 1.0
NN 3 0.443 0.069 0.123 0.118 0.219 0.117 1.0
NN 4 0.15 0.315 0.264 0.088 0.338 0.118 1.0
NN 5 0.512 0.153 0.108 0.11 0.122 0.078 1.0
NN 6 0.425 0.274 0.059 0.193 0.147 0.136 1.0
NN 7 0.263 0.202 0.218 0.133 0.148 0.428 1.0
NN 8 0.567 0.375 0.19 0.189 0.262 0.312 1.0
NN 9 0.227 0.382 0.067 0.117 0.311 0.204 1.0
NN10 0.33 0.224 0.083 0.207 0.186 0.186 1.0

Averg. Importance 0.36 0.23 0.21 0.13 0.22 0.2 1
Normalized Importance (%) 36.49 22.96 11.9 13.2 22.14 20.11 100.0

Notes: PE = Performance Expectancy; EE = Effort Expectancy; SI = Social Influence; FC = Facilitating Conditions;
HM = Hedonic Motivation; PV = Price Value; H = Habit.

5. Digitalization 4 Sustainability Framework

What is still missing is a framework in order to answer the second research question
by outlining the impact of digital technologies in fashion stores on sustainability. The
fast fashion strategy epitomizes a non-sustainable way to boost profit while accepting
substantial negative side effects. Sustainability encompasses economic, social, and ecologi-
cal strands calling for a holistic concept. Digitalization is not only a matter of economic
efficiency but of smart resource disposition and asset utilization according to its highest
value. Digitalization is anything but a closed framework rather than representing a fuzzy
reflection of doing things in a highly automated, augmented, or artificially intelligent
way. We develop the idea of a digitalization maturity model starting with (1) supporting
store technologies (e.g., digital price tags, beacons, QR codes, mobile payment, geofencing
and click and collect technologies), (2) assisting store technologies (e.g., digital chang-
ing room, magic mirror, digital shop window, in-store navigation), and (3) augmenting
store technologies (e.g., augmented reality, virtual reality glasses) that complement hu-
man labor in a value-enhancing manner. Furthermore, (4) autonomous store technologies
(e.g., self-checkouts, drone or robot retail delivery, customer service robotics, robotic inven-
tory management) and (5) artificially intelligent store technologies (e.g., in-store cameras
that measure consumer reactions to products, inventory management provided by AI,
AI-driven demand forecasting) may endanger entrenched business models, routines and
legacies of conducting processes because they are disruptive, destructive and devaluating.
Hence this type of digitalization could create a conflict with the three sustainability pillars:
Economic, Social, and Ecological. Workers, customers, and stakeholders complain about
social dumping, environmental dumping, and tax dumping. We defend the standpoint
of co-alignment of sustainability and digitalization. Figure 7 regards the digitalization
maturity stages as an independent variable that may have a strong bearing on the three core
dimensions of sustainability. It is safe to argue that the aforementioned digitalization steps
pave the way for resource-efficient retail, as well as order and process management due to
precision marketing. Opposite to traditional marketing, precision marketing personalized,
individualized, and localized data about products, customers and services contribute to
valid profiling and predictions. Digitalization and sustainability can go in line with each
other if integrated into a holistic retail framework.
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Our concept resonates with the creating shared value logic and states a congruence
of shareholder value and stakeholder value. On the one hand, sustainability and digital-
ization may be in conflict with each other because of energy-consuming IT infrastructures
(i.e., servers, platform operation, 24/7 availability) or some critics argue that digitalization
destroys established workplaces by means of automation, rationalization, and AI-supported
process management, but on the other hand, digitalization options for marketing, retailing,
order fulfillment or store management take full advantage of time savings, decreasing trans-
portation costs and reduced stockpiling (see Figure 7). Looking at the assumed digital and
sustainable impacts of the different types of store technologies, it becomes clear that those
digital store technologies could have a positive impact on the three sustainability pillars.

6. Discussion

Even though digitalization already plays an important role for businesses and scholars,
there remains a lack of combining digital technologies with stationary retail in fashion
stores. The aim of this work was to contribute to the research in order to get to know
whether consumers accept digital technologies in fashion stores and to identify their impact
on sustainability. A lot of research is already existing on the digitalization of the fashion
industry, but none of them is applicable in the context of acceptance, nor about their impact
on sustainability.

The first research question examined the acceptance of customers towards digital
technologies at the PoS in fashion stores. The seven hypotheses (H1–H7) were constructed
and adapted based on the UTAUT2 Model by Vankatesh et al. [62], which is an instrument
that investigates the probability of the success of introducing new digital technologies
and analyzes which factors lead to acceptance. Therefore, the different hypotheses are
testing different factors that influence customers to use digital technologies at the PoS. H1
examined whether the performance expectancy, which stands for the perceived benefits
of the customer by using digital technologies, influences their intentions to use those
technologies in department stores. By conducting linear regressions, it shows, that the
perceived benefits of using digital technologies have a positive impact on the intention to
use them with β = 0.74, p ≤ 0.001. Additionally, the six other hypotheses (H2–H7), which
are testing whether the effort expectancy, the social influence, the facilitating conditions
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(e.g., a smartphone), the hedonic motivators (e.g., joy/fun), the purchase price or the habit
influence the customers’ intentions to use digital technologies in department stores, could
be confirmed. However, habit has the highest impact among all variables. This result goes
along with other similar studies, which were testing different technologies in the retail
sector (e.g., mobile payment, AI wearables, in-store smartphone use) [74–76], as well as
with the ANN and sensitivity analysis. Looking at the multiple regression, the determinant
habit has the only and biggest impact with β = 0.68, p ≤ 0.001. This shows that consumers
are more likely to accept technology, they have already used, which is proving the fact that
the more often a digital technology is used, the more likely people are to accept them [77].
Moreover, it speaks for itself, that the human is a creature of habit, where existence is resting
in a certain, constant having [62]. Another multiple regression model was conducted, with
the aim to have an insight into other variables that may have an impact on behavioral
intention without habits as a strong influencing factor. The strongest predictor was price
value with β = 0.27, p ≤ 0.001 in this model. This shows that perceived benefits exceed
the cost of use and therefore a behavioral intention is likely to be induced. Furthermore, it
demonstrates that it is important for a consumer to save money by examining the prices of
different products and searching for offers when using digital Technologies at the PoS in
fashion stores. The path model explained 79% of the variance of the intention to use digital
technologies in fashion stores and 76% of the variance of habit. Furthermore, it shows
again that habit is the only predictor of the behavioral intention to use digital technologies
in fashion stores, which goes along with the outcome from the first multiple regression
analysis. Even though the factors in the linear regression affect intention individually,
however, when considered in the overall framework in the form of a path model, habit
is the most important factor because it influences our actions the most [78]. Looking at
these results the question arouses of what influences habit, besides the factors performance
expectancy, effort expectancy, price value, facilitating conditions, hedonic motivation, and
social influence in order to get a higher impact on the behavioral intention to use digital
technologies in fashion stores. Since the aspect of habit is described as the degree to which
a person adopts an adaption of behavior resulting from a learning process [62], one can say
that the more digital technologies will be used in fashion stores, the more likely it is that
they will be accepted.

Since digitalization has a strong bearing on the future of the fashion industry, it
may change the DNA of conventional business models and fashion store concepts.
Charnley et al. [79] already indicated that digital solutions can be applied to overcome
barriers and create opportunities for consumers’ needs and expectations in the context
of circular business models. While past discussions circled around either operational
excellence or disruptive innovation by means of digital technology employment, we should
place special emphasis on the effects of digitalization with respect to sustainable issues
calling for an overarching framework. The fashion business incorporates many aspects
of non-sustainability when it comes to fast fashion, labor dumping or environmental
pollution, and harmful apparel. For this reason, the fashion industry resembles features
of critical industries that are inclined to be in conflict with the three sustainability pillars,
non-compliant with moral expectations, and breach of stakeholder interests. Chan et al. [54]
found out that it is in fact beneficial for companies and even for manufacturers to increase
their CSR commitment further by using disruptive technologies, which helps to increase
sustainability transparency along the supply chain [57]. Therefore, Digitalization may not
only contribute to economic KPI fulfillment, but also to sustainable resource management
with respect to human assets as well as physical assets and energy savings. It may foster
a more-for-less strategy since processes and products emerge as smart problem solutions
embodying platform economics as well as sharing economy features when renting, lending,
and access outperform ownership status. Digitalization plays out its usefulness in many
ways beyond economic efficiency and effectiveness. For sure, giga-servers and big data
storage are on the one hand energy consuming, but on the other hand, digitalization
not only contributes to lower physical traffic but also incorporates a set of virtualization
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technologies augmenting or replacing fashion shows, physical apparel, or over-sized store
capacities. It is safe to say, that the digital natives show a high acceptance level of new
technology formats opposite typical baby boomers, who were raised in the analogous
world of brick-and-mortar business models. For this reason, the proclaimed era of the
metaverse may usher a paradigm shift towards assisted and augmented retailing and
consumer realities.

7. Conclusions

This work shows that digitization is bringing changes in the business models of the
fashion retail trade. Thus, further development and adaptation for the preservation of
competition in the context of digitalization and sustainability are necessary for fashion
stores. While fashion online retail continues to gain market share, the turnover figures of
stationary retail are declining sharply. Consequently, brick-and-mortar fashion stores are
under pressure to act more effectively and sustainably against the competition. In order
to gain a constant competitive advantage, it is particularly important for fashion stores
to concentrate on their individual strengths and customer needs as well as to indicate
a more sustainable way by using digital technologies. Since customer needs have changed
increasingly in the course of digitalization and sustainability, fashion retailers must set
themselves the goal of meeting these needs in the best possible way. This is the only way
to achieve added value for the customers and to set oneself apart from the competition
while designing a more sustainable future. This argues in favor of hybrid and retail systems
incorporating the old normal of physical presence and the new normal of digitalized
processes, emulations, and virtual substance when it comes to the proclaimed advent of the
metaverse. Irrespective of the business model at hand, the sustainability debate has a strong
bearing on the fashion industry belonging to the so-called critical industries. The latter are
held responsible for big sustainable footprints. Fashion stores should make it a point of their
honor to harness the power of digitalization for sake of sustainability and sustainability
compliance. Digitalization, conscious consumption, and sustainability issues are no points
in dispute but can be harmonized in a self-enhancing fashion. The future of retailing is
digital, sustainable, and hybrid, because the classic store concepts take full advantage of
digitalization for the sake of resource efficiency, smartness, and minimized sustainable
footprints. Theoretically, this paper co-aligns the viewpoints of the resource-based view
and the market-based view calling for the accumulation of sustainability competences in
the retail industry. The latter can be nurtured and fostered by digitalization technologies
bridging the gap between online and offline stores.

This paper bridges the gap between sustainability and digitalization because it holds
evidence that sustainability compliance can be achieved by means of digitalization to
a high degree. Moreover, economic value creation as reflected by financial key performance
indicators may be fostered and nurtured by sustainable digitalization. Theoretically, this
paper goes hand in hand with the CSV approach and extends its logic to the alignment of
digitalization, sustainability, and economic value creation.

8. Implications and Limitations

The paper addresses fashion retail stores from the viewpoint of digitalization and
sustainability compliance. It is safe to say that conscious consumer behavior calls for
sustainable store management. Ethical, moral, and resource-efficient behavior is not in
conflict with shareholder value anymore but can boost the latter. For sure, the empirical
evidence of this study is limited because results cannot be transferred to other industries.
Furthermore, some countries, such as China, excel in digitalization, but not in sustainability.
Others, such as Germany, pay much attention to sustainability but “suffer” from a huge
digitalization gap. Despite the disadvantages of the convenience sampling method, such as
the lack of generalizability, it allowed to obtain basic data and trends regarding the study
resource- and time-efficiently. A 2 by 2 matrix originates, in which the best case displays
a high digitalization and sustainability level. Theoretically, this should add value to the



Sustainability 2023, 15, 4621 17 of 20

dominating market-based view and resource-based view by means of complementing
them with a digital- and sustainability-based view of the firm. Further, research should
be completed on the advent of advanced digitalization options such as AI devices and
the metaverse. Beyond this, the overarching effect of digitalization deserves special at-
tention since AI, machine learning and big data applications are very energy intensive
on the one hand while they reduce traveling costs to a high degree. Competing for the
future in fashion marketing often incorporates retailing systems and store innovations.
Omni-channel marketing goes far beyond multi-channel retailing because all elements
go for an integrated business model capitalizing on digital platforms. Sustainable omni-
channel management places special emphasis on the fulfillment of moral, ethical, and
ecological standards by means of digital resource management. The digital-based view of
the firm and the sustainability-based view of the firm is still in their infancy and should be
conceptually integrated into a strategic framework. While in the past digitalization was
often seen as a leaner, meaner, and faster concept, it can also contribute substantially to
sustainability progress due to better resource management decisions. Furthermore, digital
tools and technologies as employed by different market agents and stakeholders deserve
a deeper and more accurate understanding with respect to rapid technological progress.
For this reason, it should be promising to differentiate between excellence levels of digital-
ization, because employed tools range from cryptic and less advanced to sophisticated and
highly advanced.
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Appendix A

Table A1. Results of the multiple regression analysis for predicting behavioral intention.

Variables b SE β T p

Perf. Expect. 0.109 0.074 0.093 1.471 n.s.
Effort Expect. 0.142 0.093 0.119 1.518 n.s.

Social Infl. 0.079 0.045 0.075 1.754 n.s.
Facil. Cond. −0.030 0.078 −0.025 −0.384 n.s.
Hed. Motiv. 0.260 0.076 0.023 0.340 n.s.
Price Value −0.009 0.079 −0.008 −0.118 n.s.

Habits 0.746 0.072 0.683 10.396 ***
R2 (adj.) 0.796

Notes: Adj. = Adjusted R2 , *** p ≤ 0.001; n.s. = not significant (p > 0.05). B = Regression coefficient, SE B
standard error.

https://www.mdpi.com/article/10.3390/su15054621/s1
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Table A2. Results of the multiple regression analysis without the variable “habits“ for predicting
behavioral intention.

Variables b SE β T p

Perf. Expect. 0.182 0.092 0.156 1.988 *
Effort Expect. 0.312 0.114 0.263 2.733 **

Social Infl. 0.199 0.054 0.189 3.658 ***
Facil. Cond. −0.132 0.097 −0.111 −1.362 n.s.
Hed. Motiv. 0.191 0.092 0.170 2.073 *
Price Value 0.310 0.091 0.271 3.416 ***

R2 (adj.) 0.683

Notes: Adj. = Adjusted R2, *** p ≤ 0.001; ** p ≤ 0.01; * p ≤ 0.05; n.s. = not significant (p > 0.05). B = Regression
coefficient, SE B standard error.
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