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Abstract

Artificial intelligence (AI) is reshaping electronic retailing, yet many firms struggle to
translate AI adoption into a sustainable competitive advantage, and research still lacks an
integrative explanation of how digital maturity, AI implementation, AI-enabled benefits,
customer experience, and competitive outcomes are linked in this context. This study
develops and tests a capability-to-advantage framework proposing that digital maturity is
associated with AI implementation, that AI implementation is associated with qualitative
and quantitative AI benefits, and that these benefit streams are linked to digitally mediated
customer experience and to differentiation and cost-based competitive advantage. Using
survey data from retail employees and managers, we estimated the model with PLS-SEM
and applied cIPMA to identify actionable priorities by combining importance-performance
evidence with necessity-oriented insights. We triangulated the proposed mechanisms
through NVivo-based sentiment and thematic analysis of open-ended comments. Results
support all hypothesized relationships. Digital maturity strongly predicts AI implementa-
tion, which increases both benefit streams and directly improves the customer experience.
Customer experience was the strongest downstream driver of both competitive advantage
dimensions and partially mediated the effects of AI-enabled benefits. cIPMA identified
customer experience and AI implementation as the primary improvement priorities; qual-
itative evidence was predominantly positive and highlights efficiency/cost gains and
decision support alongside the capability constraints. The study integrates capability-based
and customer-experience perspectives to offer a theory-guided explanation of how digital
maturity and AI implementation are associated with competitive outcomes in electronic
retailing while also offering guidance for managers seeking AI-driven advantage.

Keywords: artificial intelligence; digital maturity; AI implementation; customer experience;
competitive advantage; electronic retailing; e-commerce

1. Introduction
Retailers increasingly compete in digitally mediated commerce environments where

customers move fluidly across channels and touchpoints, making the orchestration of
interactions throughout the customer journey strategically important [1,2]. In electronic
retailing, much of this orchestration occurs through digitally mediated interactions (e.g.,
search, recommendation, checkout, delivery, and service recovery), making data-driven
coordination across touchpoints especially consequential. Retail scholarship has empha-
sized that digital technologies and data-driven decision-making are reshaping competition
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and pushing firms to rethink value creation in both customer-facing and operational do-
mains [3]. Against this backdrop, AI has become a focal technology for retail transformation,
promising improvements across digital interactions, physical touchpoints, and supply chain
operations [4,5]. In this article, we focused on electronic retailers (e-retailers), defined as
retail firms whose primary customer interactions and transactions occur through digital
channels, often complemented by physical touchpoints in omnichannel models.

AI in retail refers to the deployment of algorithmic systems such as machine learning-
based predictive models, recommender systems, and natural language processing appli-
cations (e.g., conversational agents) to support and automate decisions across frontline
and back-office retail processes [6,7]. Retail-focused research suggests that AI is reshaping
retailing by enabling more precise personalization, improved payments and customer
relationship management, and enhanced logistics and inventory management, all capa-
bilities that can fundamentally alter how retailers compete [8]. Complementing this retail
perspective, marketing scholarship argues that AI will change marketing strategy and
customer behavior by extending firms’ ability to sense, predict, and respond to customers
at scale [9,10]. However, the same literature cautions that AI also introduces pitfalls related
to data, governance, and unintended consequences, reinforcing that outcomes depend on
how AI is implemented and managed rather than on adoption alone [11,12].

An important problem for both research and practice is that AI value creation is fre-
quently framed in technology-centric terms, even though the broader digital transformation
literature emphasizes that performance benefits arise when technologies are embedded into
organizational routines, processes, and complementary investments [13]. This view is con-
sistent with classic IT business value research showing that organizational transformation,
namely skills, governance, and process redesign, conditions the returns from advanced
technologies [14]. More recent economic evidence on general-purpose technologies further
indicates that productivity gains often follow a “J-curve”, emerging only after complemen-
tary intangible investments accumulate and organizations learn how to restructure work
around the new technology [15]. In AI contexts, this implies that implementation depth,
routinization across functions, integration with data and workflows, and organizational
alignment, should be more predictive of realized benefits than surface-level adoption. In
this study, we distinguish analytically between AI implementation and AI-enabled ben-
efits. AI implementation refers to the extent to which AI applications are embedded in
organizational processes and routines across retail activities, indicating deployment depth
and functional breadth rather than simply favorable attitudes toward AI. In contrast, AI-
enabled benefits refer to the outcomes respondents associate with that implementation. We
further separate these benefits into qualitative benefits, such as improved decision quality,
personalization, and service outcomes, and quantitative benefits, such as efficiency gains,
cost reductions, speed improvements, and risk reduction. This distinction is important
because organizations may implement AI broadly without perceiving equivalent benefits,
and the benefits that do emerge may differ in kind rather than only in magnitude. For
electronic retailers, this implementation logic is particularly salient because AI must be
embedded into digitally mediated processes (e.g., personalization, pricing, fulfillment, and
customer support) that directly structure the online customer journey.

This logic highlights the importance of digital maturity as a foundational antecedent
of AI implementation. Digital maturity is commonly understood as the degree to which an
organization has developed integrated digital infrastructure, interoperable systems, data
governance, digitally enabled processes, and a culture that supports experimentation and
change, being conditions that enable scalable digital initiatives rather than fragmented dig-
itization [13,16]. Evidence from transformation research similarly emphasizes that strategy,
talent, and culture shape whether advanced digital technologies can be implemented at
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scale [17], while work on large firms’ transformations underscores the role of building an
operational backbone that supports enterprise-wide deployment of digital solutions [18].
In retail specifically, digital maturity has been empirically mapped as a multidimensional
capability spanning strategy, operations/processes, technology integration, and culture,
aligning closely with the organizational complements required to implement AI across the
retail value chain [19]. Moreover, AI-readiness research suggests that AI implementation
depends on data-related resources, organizational enablers, and managerial commitment,
implying that digitally mature firms should be better positioned to initiate, integrate, and
scale AI initiatives beyond isolated pilots [20,21]. In addition, recent retail work explicitly
documents socio-technical barriers in AI integration and stresses that change management
is pivotal for embedding AI across retail activities [22]. In electronic retailing, digital
maturity is therefore expected to function as an enabling capability for integrating AI
into both customer-facing digital touchpoints and back-end commerce operations, beyond
isolated pilots.

However, organizational readiness and operational gains do not automatically trans-
late into sustained market advantage, especially in retail, where competitive advantage
is increasingly mediated by customer-facing value [23]. This is amplified in electronic
retailing, where value delivery and evaluation are heavily shaped by digitally mediated
touchpoints and the end-to-end online customer journey. Customer experience (CX) is
widely conceptualized as a holistic, multi-touchpoint evaluation formed across the cus-
tomer journey and influenced by touchpoint qualities and contexts [1,2,24]. Management
research further positions customer experience as a strategic discipline through which firms
can build defensible advantage by institutionalizing experience design, orchestration, and
governance [25]. Importantly, AI can influence CX directly through AI-enabled touchpoints
(e.g., personalization, conversational interfaces) and indirectly through operational im-
provements that reduce friction (e.g., fewer stockouts, faster delivery, more reliable service).
Retail and omnichannel evidence indicates that AI can reconfigure key dimensions of the
omnichannel customer experience, affecting how customers evaluate and navigate journeys
across channels [26]. Therefore, a customer-centric lens suggests that AI-generated benefits
become strategically meaningful when they enhance customer experience and translate
into competitive positioning.

Despite growing interest in AI-enabled commerce, research still lacks an integrative
explanation of how upstream digital maturity translates into realized AI benefits, and
how those benefits become competitively meaningful through customer experience in
electronic retailing. Motivated by these gaps, this study develops and tests a theory-driven
directional model that links digital maturity, AI implementation, AI-enabled qualitative and
quantitative benefits, customer experience, and competitive advantage in retail. Building on
the resource-based view and dynamic capabilities theory [27,28], we conceptualize digital
maturity as a higher-order capability that enables retailers to deploy AI systematically
across operations and customer-facing activities. We distinguish AI qualitative benefits (e.g.,
improved decision quality, personalization, and service outcomes) from AI quantitative
benefits (e.g., efficiency gains and cost reductions), and we theorize that both benefit types
enhance customer experience. Finally, we model customer experience as a key mechanism
through which AI-enabled benefits translate into two distinct competitive outcomes in
retail: differentiation competitive advantage and cost competitive advantage.

This study contributes in three ways. First, it integrates insights from digital trans-
formation, AI readiness, and customer-experience research into a single capability-to-
advantage framework tailored to electronic retailing [13,20,21]. Rather than proposing a
radically new theoretical logic, the study brings these streams together to explain how up-
stream organizational conditions are linked to downstream competitive outcomes. Second,
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it refines the explanation of AI value creation by distinguishing between qualitative and
quantitative AI-enabled benefits, consistent with broader evidence that complementary
organizational investments shape realized technological benefits [14,15]. Third, it pro-
vides a customer-centric and context-specific explanation of AI-enabled competitiveness
by positioning customer experience as a mediator between AI-enabled benefits and both
differentiation and cost-based competitive advantage in electronic retailing [2,24,25].

2. Literature Review and Hypotheses Development
2.1. Digital Maturity and AI Implementation

Digital maturity captures how far a retailer has progressed from fragmented digitiza-
tion toward enterprise-wide digital integration, typically reflected in modern IT architecture,
interoperable systems, data availability and governance, digitally enabled processes, and
a culture that supports experimentation and change [29]. In digital transformation re-
search, maturity is not simply “having technology”, but having the organizational and
technological conditions that allow digital technologies to be scaled and translated into
operational and strategic routines [13]. In electronic retailing, these maturity elements typi-
cally manifest in integrated commerce platforms and data stacks (e.g., product, customer,
and transaction data), enabling consistent execution across digitally mediated journeys.

From a dynamic capabilities lens, digital maturity represents a higher-order capability
that helps firms sense opportunities (through data and analytics), seize them (through
coordinated investments), and reconfigure resources and processes to embed new tech-
nologies [13,28]. In the AI context, this matters because AI implementation is inherently
socio-technical: it requires high-quality and accessible data, cross-functional process integra-
tion, governance, skills, and change management and not only algorithms. The AI readiness
literature explicitly argues that the probability of successful AI adoption/implementation
rises when organizations have the necessary assets, capabilities, and commitment in place.
For example, Jöhnk et al. [21] identified categories of AI readiness factors (e.g., data-related,
organizational, and managerial enablers) that closely align with what digital maturity
frameworks seek to capture. Similarly, Holmström [20] conceptualizes AI readiness as
an organization’s ability to deploy AI technologies to enable digital transformation, thus
implying that mature digital foundations are a prerequisite for meaningful AI deployment
beyond isolated pilots.

Empirical and practice-oriented evidence reinforces this logic. Digital transformation
research highlights that strategic alignment, talent, and culture, which are elements com-
monly associated with digital maturity, shape whether advanced digital technologies can be
implemented at scale [17]. Work on navigating digital transformation in established firms
further shows that companies pursuing enterprise digitization (e.g., digitized solutions
and customer engagement strategies) build the operational backbone that makes advanced
technologies implementable across functions [18]. Importantly for retail, Pinto et al. [19]
empirically mapped digital maturity levels in retail and showed that maturity is multi-
dimensional (strategy, operations/processes, technology/integration, culture), which are
precisely the organizational complements needed to implement AI broadly in forecasting,
inventory, logistics, and customer-facing analytics.

Taken together, the literature converges: digitally mature retailers are better positioned
to initiate, integrate, and scale AI across the retail value chain, whereas low-maturity
retailers are more likely to face barriers (e.g., siloed data, lack of integration, insufficient
governance, and limited absorptive capacity) that constrain AI implementation. Therefore,
we hypothesize:

H1. Digital maturity has a positive effect on AI implementation.
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2.2. AI Implementation and AI-Enabled Benefits

In retail, AI implementation refers to embedding AI technologies (e.g., machine learn-
ing models, recommender systems, conversational agents, forecasting/decision engines)
into frontline and back-office processes so that they become routinized capabilities rather
than isolated pilots. Conceptually, AI implementation is distinct from the benefits attributed
to AI. Implementation captures deployment depth, breadth of use, and process embedding
across organizational activities, whereas AI-enabled benefits capture the outcomes respon-
dents associate with that deployment. In other words, implementation addresses whether
and how extensively AI is used in organizational routines, while benefits address what AI
is perceived to improve once implemented. This distinction is important because broad
implementation does not automatically guarantee equivalent benefits, and because realized
benefits may emerge in different forms. For e-retailers, implementation is especially visible
in the embedding of AI into core digital commerce processes such as search and discovery,
recommendation, merchandising, pricing, checkout, fraud/risk controls, fulfillment, and
customer support. Digital transformation research argues that value is realized when
digital technologies are integrated into organizational processes and decision-making,
triggering new routines, learning, and strategic responses [13]. In the AI context, firms that
invest in AI-specific resources and integrate them into workflows develop higher-order “AI
capability”, enabling more advanced sensing/interpretation and knowledge creation [30].

From a service and retailing perspective, AI implementation particularly expands
qualitative benefits such as better personalization, improved decision quality, enhanced ser-
vice consistency, and more innovative customer-facing solutions [31]. AI can increasingly
perform analytical and even intuitive tasks that support service innovation and experience
design, shifting how firms create value in customer interactions [7]. In retail, change-
management research on AI integration emphasizes that once AI is embedded across the
value chain, firms can better exploit AI-enabled improvements in decision-making and
service design [22]. Empirically, AI capability has been shown to positively relate to orga-
nizational creativity and firm performance, consistent with the idea that implementation
yields qualitative gains [30]. Therefore, stronger AI implementation should translate into
stronger perceived qualitative benefits, so we hypothesize:

H2. AI implementation has a positive effect on AI qualitative benefits.

Beyond qualitative improvements, AI implementation is also expected to generate
quantitative benefits, as efficiency, productivity, accuracy, speed, and cost reductions, espe-
cially salient in retail operations (e.g., demand forecasting, inventory optimization, dynamic
pricing, automation of routine service tasks). Economic research on general purpose tech-
nologies highlights that productivity gains materialize when complementary intangible
investments and organizational changes accompany technology adoption, precisely what
“implementation” captures better than mere adoption [15]. Thus, implementation depth
should correlate with measurable operational returns.

In addition, the broader analytics literature indicates that advanced analytics capabili-
ties improve firm performance and process outcomes when integrated into routines and
paired with dynamic capabilities [32]. For example, big data analytics capability has been
linked to performance effects through organizational capabilities that convert analytics
into action [33]. Translating this logic into AI, implementation creates the process-level
embedding and governance needed for automation and scale effects. In retail-specific
AI-integration work, organizational alignment and systematic change management are pre-
sented as prerequisites to move from experimentation to consistent operational gains [22].
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Hence, the more thoroughly AI is implemented, the greater the quantitative benefits firms
should report, so we hypothesize:

H3. AI implementation has a positive effect on AI quantitative benefits.

2.3. AI Implementation and Customer Experience

Customer experience is widely conceptualized as a holistic, multi-touchpoint evalu-
ation shaped across the customer journey and omnichannel environments [1,2]. In elec-
tronic retailing, CX is often shaped by the usability and relevance of digitally mediated
touchpoints that structure the end-to-end online journey. When AI is implemented in
customer-facing processes, recommendations, search, personalization, chatbots, service
recovery, and assisted selling, it directly changes the nature and quality of touchpoints
and the journey logic that customers perceive. Contemporary CX research emphasizes
that experience is formed through touchpoints and their qualities (e.g., ease, enjoyment,
perceived control, relevance), which can be redesigned via digital technologies [24].

Recent evidence in marketing and retailing further supports the idea that AI-driven
personalization and AI-enabled touchpoints materially shape CX. For instance, research
examining AI-driven personalized journeys shows that such AI applications influence
perceived tensions (personalization vs. empowerment) and customer experience outcomes,
highlighting AI’s ability to alter experiential evaluations [34]. Conceptual synthesis work
also shows that personalized touchpoints affect CX responses, contingent on trust/privacy
concerns and journey stage, factors highly relevant to retail omnichannel strategies [35].
In sum, as AI moves from isolated tools to implemented routines across touchpoints, it
should improve (or at least systematically shape) CX, therefore, we hypothesize:

H4. AI implementation has a positive effect on customer experience.

2.4. AI-Enabled Benefits and Customer Experience

AI qualitative benefits, such as improved personalization relevance, better decision
quality in service interactions, more consistent service, and enhanced problem resolution,
map directly onto core CX drivers identified in CX theory. CX is not merely satisfaction; it
reflects multi-dimensional evaluations of interactions and journey coherence, influenced by
the service interface and experience management strategies [2]. When AI yields qualitative
improvements (e.g., more context-aware recommendations, better frontline decision sup-
port), it can increase perceived relevance, reduce friction, and strengthen emotional and
cognitive responses that constitute CX [31].

Service research suggests that AI can progressively perform not only mechanical
and analytical tasks but also support more intuitive service elements, enabling better
experience design [7]. Empirical work on AI-driven personalization similarly suggests that
well-designed AI recommendations and personalized advertising can enhance experiential
responses while also revealing boundary conditions such as empowerment concerns [34].
Likewise, the CX literature stresses that improving touchpoint qualities (e.g., usefulness,
engagement, reduced effort) is central to superior experience; AI qualitative benefits are
essentially mechanisms to lift these qualities [24]. Thus, greater AI qualitative benefits
should lead to better CX, so we hypothesize:

H5. AI qualitative benefits have a positive effect on customer experience.

In retail, many determinants of CX are operationally grounded: waiting time, avail-
ability, accuracy, convenience, and consistency across channels. Quantitative AI benefits,
faster service, better stock availability through forecasting, fewer errors, shorter resolution
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time, and scalable service capacity, can improve the experience by reducing customer effort
and increasing reliability [5]. CX frameworks explicitly recognize that experience emerges
from touchpoints within contexts and is shaped by functional as well as affective quali-
ties [24]. Accordingly, operational gains that customers directly feel (speed, convenience)
can enhance CX even when they are not “flashy” innovations.

Recent omnichannel CX research offers measurement and application logic consistent
with this claim: experience is multi-dimensional and sensitive to performance across
channels and touchpoints [36]. In addition, service/AI research notes that AI’s early
strengths (mechanical/analytical intelligence) are particularly effective at improving speed,
accuracy, and consistency, precisely the quantitative levers that can elevate experienced
service quality and reduce friction [7]. Therefore, AI quantitative benefits should contribute
positively to customer experience, so we hypothesize:

H6. AI quantitative benefits have a positive effect on customer experience.

2.5. Customer Experience and Competitive Advantage

Differentiation competitive advantage arises when customers perceive meaningful
uniqueness that supports preference, loyalty, and willingness to pay. Strategy research
frames differentiation as building superior value through distinct attributes that are valued
by buyers [37]. In retail, CX is a primary carrier of such uniqueness because offerings are
often easily imitated, while experience, across channels, brand interface, and service ecosys-
tem, can remain idiosyncratic and hard to replicate [2]. CX management has therefore
been positioned as a strategic marketing imperative and a basis for competitive advantage,
not merely as an operational metric [25]. This mechanism is particularly salient in elec-
tronic retailing, where search costs are low and assortment transparency is high, making
experience-driven value a key basis for preference and loyalty.

From a resource-based view, sustained advantage depends on valuable, rare, and hard-
to-imitate resources and capabilities [27]. Retailers that design and manage superior CX
effectively develop embedded routines (experience governance, touchpoint orchestration,
analytics-driven personalization) that can fit the VRIN logic more plausibly than single
technologies. Empirically and conceptually, top retailing scholarship highlights that retail-
ers increasingly compete on experience design and engagement, reinforcing differentiation
through superior customer interactions [3]. Thus, stronger CX should be associated with
stronger differentiation competitive advantage, therefore we hypothesize:

H7. Customer experience has a positive effect on differentiation competitive advantage.

Cost competitive advantage is traditionally associated with lower cost structures and
superior efficiency relative to competitors [37]. While CX is often linked to differentiation, it
can also support cost advantage through mechanisms such as reduced service failures and
complaints, lower returns, higher self-service adoption, and more efficient customer service
processes [38]. In other words, better experience can reduce the firm’s cost-to-serve while
sustaining demand, particularly in high-volume retail contexts where service operations
and returns logistics are material cost centers.

Information systems research provides process-level evidence consistent with this
logic: IT resources and capabilities can improve the performance of customer service
processes, supporting efficiency and effectiveness outcomes that are economically con-
sequential [39]. Translating to CX, when experience management reduces friction and
improves process outcomes, retailers can achieve lower operational costs (fewer escalations,
faster resolutions) while maintaining customer satisfaction and retention. CX management
scholarship also frames experience as an organizational discipline linked to improved firm
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outcomes, implying pathways to both differentiation and efficiency-based advantage [25].
Therefore, superior CX should also contribute positively to cost competitive advantage,
therefore we hypothesize:

H8. Customer experience has a positive effect on cost competitive advantage.

2.6. The Mediating Role of Customer Experience

AI qualitative benefits are not inherently “competitive advantage” unless they trans-
late into customer-perceived value that changes market behavior. In electronic retailing,
this translation is reflected in journey-level outcomes through which AI-enabled improve-
ments become competitively consequential. Digital transformation research emphasizes
that technologies create disruptions and possibilities, but advantage is realized through
organizational responses and value creation mechanisms [13]. CX offers that mechanism:
qualitative AI benefits reshape touchpoint qualities (relevance, engagement, perceived
control), which cumulatively build superior experience across the journey [1,24].

Once CX is elevated, differentiation advantage becomes more plausible: CX is explicitly
presented as a basis for competitive advantage in marketing strategy and is central to how
retailers differentiate in technology-intensive environments [2,25]. Recent work on AI-
driven personalized journeys underscores that qualitative AI outputs (recommendations,
personalization) affect experiential evaluations, as a direct precursor to differentiation in
customers’ minds [34]. Therefore, it is theoretically coherent that AI qualitative benefits
improve CX, which then drives differentiation competitive advantage, yielding a mediated
effect, so we hypothesize:

H9. Customer experience mediates the relationship between AI qualitative benefits and differentia-
tion competitive advantage.

Similarly, AI quantitative benefits should yield cost advantage primarily when they
are converted into superior process outcomes and customer-facing efficiencies that re-
duce cost-to-serve without eroding value. This aligns with the economic view that the
productivity effects of advanced technologies appear when complementary changes and
process integration occur [15]. In retail service systems, quantitative gains often manifest in
touchpoints that customers directly experience. As such, quantitative benefits can improve
CX via reduced friction and effort, consistent with CX theory emphasizing functional
touchpoint qualities [24,36].

At the same time, process-level evidence suggests that technology-enabled improve-
ments in customer service processes enhance performance, which is a plausible bridge
from operational AI benefits to cost advantage [39]. When CX improves because service is
faster and more reliable, retailers may experience fewer costly failures and higher opera-
tional efficiency (lower returns/complaints and more scalable service). Thus, CX plausibly
mediates the relationship between AI quantitative benefits and cost competitive advantage,
therefore we hypothesize:

H10. Customer experience mediates the relationship between AI quantitative benefits and cost
competitive advantage.

Figure 1 presents the conceptual framework of this study. Drawing on the resource-
based view and dynamic capabilities theory, the framework illustrates how digital maturity
enables the effective implementation of artificial intelligence in retail organizations. Digital
maturity is conceptualized as a higher-order organizational capability that provides the
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technological, organizational, and cultural foundations necessary to deploy AI across the
retail value chain.

Figure 1. Conceptual framework. Source: Authors based on the literature review.

The model proposes that AI implementation generates both qualitative and quantita-
tive benefits. AI qualitative benefits reflect improvements in decision quality, personaliza-
tion, and service outcomes, whereas AI quantitative benefits capture efficiency gains, cost
reductions, and operational performance improvements. In line with customer-centric per-
spectives in retailing, the framework further posits that these AI-enabled benefits enhance
customer experience, which represents a key mechanism through which AI-driven value is
translated into competitive outcomes.

Finally, customer experience is modeled as a mediator linking AI-enabled benefits
to competitive advantage. Specifically, the framework suggests that improved customer
experience strengthens both differentiation-based and cost-based competitive advantage.
Together, the proposed relationships depict a process through which digital maturity and
AI implementation contribute to competitive advantage in electronic retail organizations
(e-retailers) via AI-enabled benefits and customer experience.

3. Methods
3.1. Conceptual Model and Analytical Strategy

To test the proposed dual-path model linking digital maturity, AI implementation,
AI-enabled qualitative and quantitative benefits, customer experience, and competitive
advantage in retail, with a specific focus on electronic retailing contexts (pure-play and om-
nichannel e-retailers), the study employed a primarily quantitative analytical strategy com-
plemented by NVivo-based analysis of open-ended responses (Figure 2). PLS-SEM is used
to estimate the hypothesized relationships among latent constructs in a prediction-oriented
framework, including direct effects and the model’s mediating mechanisms [40,41]. Con-
sistent with recent methodological guidance, this design moves beyond single-technique
inference by combining PLS-SEM with complementary approaches to strengthen inter-
pretability and practical relevance [42].
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Figure 2. Mixed-method analytical workflow integrating PLS-SEM, cIPMA, and NVivo. Source:
Authors’ elaboration; procedural logic informed by Hauff et al. [43] and Richter et al. [44].

To translate structural results into actionable priorities, the study applied combined
IPMA and NCA through the integrated cIPMA procedure, which unifies sufficiency and
necessity logic [43–46]. IPMA identifies antecedents that are highly important but under-
performing, highlighting where managerial intervention may yield the largest gains, while
NCA indicates whether specific antecedent levels are necessary for achieving target out-
comes. In electronic retailing, this prioritization is especially useful because improvements
in digitally mediated customer journeys can translate quickly into observable commerce
outcomes. The cIPMA output situates antecedents across the four IPMA quadrants and
simultaneously flags necessity and the share of cases that fall below the required thresh-
olds [43,45]. PLS-SEM and cIPMA were conducted in SmartPLS 4.1.1.6 [47].

To provide limited contextualization and illustrative support for the quantitative re-
sults, open-ended survey comments were analyzed in NVivo 15. The qualitative corpus
comprised 105 responses imported with case identifiers and a pre-assigned sentiment at-

https://doi.org/10.3390/jtaer21040119

https://doi.org/10.3390/jtaer21040119


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 119 11 of 30

tribute (positive/neutral/negative). Analysis followed a two-layer procedure: (1) sentiment
distribution on the full set of responses to capture overall polarity, and (2) theory-guided
thematic coding using a structured codebook aligned with the model (AI implementation;
AI qualitative benefits; AI quantitative benefits; customer experience; barriers/enablers). In
practice, comments frequently referenced e-retail AI applications such as personalization
and recommendations, customer support automation, forecasting and inventory-related
decisions, and fulfillment/service efficiency, which were captured within the existing
codebook categories rather than treated as separate constructs. To avoid inflating theme
prevalence through repeated identical statements, theme-frequency reporting was based on
a de-duplicated subset of 75 unique responses, while sentiment profiling retained all 105.

3.2. Data Collection and Scales

Data were collected using a self-administered online questionnaire targeting employ-
ees and managers of electronic retailers (including omnichannel and pure-play e-commerce
retailers), designed to capture perceptions of digital maturity, AI implementation, AI-
enabled benefits, customer experience, and competitive positioning. Because the respon-
dent pool includes both operational and managerial roles, the measures should be inter-
preted as perception-based organizational assessments rather than as objective indicators
of firm-level strategy or market performance. Accordingly, the customer experience and
competitive advantage constructs in this study reflect employees’ and managers’ percep-
tions of these organizational outcomes rather than direct customer evaluations or objective
market-based measures. Respondents were screened to ensure that they worked for retail-
ers whose primary sales and customer interactions occurred through digital channels. The
survey was administered during July–December 2025. The study used a non-probabilistic
survey approach targeting employees and managers working in electronic retail organi-
zations operating in Romania. An online format was chosen to reach respondents across
retail formats and regions efficiently while reducing interviewer influence and supporting
standardized administration. As shown in Table A1, the sample included a larger share
of operational employees than senior executives. This composition is informative for
evaluating process-level AI use and perceived organizational outcomes.

The survey combined structured Likert-type items with an open-ended question that
invited participants to describe how AI is used in retail and what effects they perceive.
All measurement items were developed based on prior literature and tailored to the retail
context. Where necessary, items were adapted to reflect AI-specific applications. Impor-
tantly, the measurement model distinguishes between AI implementation and AI-enabled
benefits at different analytical levels. AI implementation was operationalized through
items capturing the extent to which AI is used across concrete retail activities and organi-
zational processes (e.g., forecasting, procurement, delivery, inventory, sales, relationship
management, and collaboration). In contrast, AI qualitative benefits were operationalized
through perceived improvements in demand anticipation, product/service quality, cus-
tomer satisfaction, and personalization, while AI quantitative benefits captured perceived
improvements in cost, efficiency, delivery time/logistics, risk reduction, and process ef-
ficiency. Thus, the implementation items focus on embedded use, whereas the benefit
items focus on perceived consequences of that use. The constructs and questionnaire items
used to operationalize the conceptual model are detailed in Table A2; for the downstream
constructs, these items capture the respondents’ perceptions of customer experience and
competitive advantage rather than direct customer or market-performance measures. Par-
ticipation was voluntary and anonymous, and no monetary or material incentives were
provided to encourage candid responses. After screening and data cleaning, the final
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dataset used for the quantitative analyses comprised 338 valid cases. The open-ended item
yielded 105 comments, which formed the qualitative corpus.

4. Results
4.1. Data Screening and Preliminary Checks

Data quality was assessed prior to model estimation. The final dataset comprised
338 complete cases, with no missing values across the 33 measurement items. We screened
for suspicious response patterns (e.g., identical response vectors and straightlining). No
duplicate cases or perfect straightlining profiles were detected, and only two responses
showed near-invariant answering patterns, which were retained following review. Sam-
ple size adequacy for PLS-SEM was confirmed by a power analysis (f2 = 0.15, α = 0.05,
power = 0.80, five predictors), indicating a minimum of 92 cases, and by the inverse square
root method (β_min = 0.20, α = 0.05, power = 0.80), indicating a minimum of 155 cases [48].
The presence of outliers and distributional properties were also examined; no univariate or
multivariate outliers were identified, and skewness (−0.118 to 0.086) and kurtosis (−1.371
to −1.233) did not suggest problematic deviations from normality. Finally, Harman’s single-
factor test indicated that the first factor accounted for 32.73% of the variance [49]. Although
this test should not be treated as a stand-alone diagnostic, the result, together with the
satisfactory discriminant validity of the measurement model, does not suggest that the
findings are driven primarily by a single common factor.

4.2. Measurement and Structural Model Evaluation

To address the study objectives, we first estimated the proposed model using PLS-
SEM and subsequently applied cIPMA to identify actionable priorities by integrating
sufficiency- and necessity-based insights. The PLS-SEM assessment followed established
guidelines [40], comprising the evaluation of the measurement model, assessment of the
structural model, and hypothesis testing.

Indicator reliability and internal consistency were confirmed through strong outer
loadings (>0.70) and satisfactory reliability coefficients (Table A3). Collinearity concerns
were examined using VIF values, which did not indicate problematic multicollinearity
for the reflective indicators. Convergent validity was supported by average variance
extracted (AVE) values above the recommended threshold, while discriminant validity was
established using both the Fornell–Larcker criterion and the heterotrait–monotrait ratio
(HTMT). Specifically, the square roots of AVE exceeded the inter-construct correlations [50],
and all HTMT values were below 0.85 [51], indicating adequate discriminant validity
(Table A4). This is particularly relevant for the distinction between AI implementation,
AI qualitative benefits, and AI quantitative benefits, which were modeled as theoretically
related but empirically distinct constructs.

In-sample explanatory power was assessed using the coefficients of determination
(R2) for the endogenous constructs aligned with the proposed directional chain from digital
maturity to AI implementation, AI-enabled benefits, customer experience, and competitive
advantage in electronic retailing contexts (Figure 3). Using the Hair et al. [40] benchmark,
the model explains a meaningful share of variance in AI implementation (R2 = 0.325) and in
the downstream outcomes, showing moderate explanatory power for customer experience
(R2 = 0.387) and differentiation competitive advantage (R2 = 0.374), and weak-to-moderate
explanatory power for cost competitive advantage (R2 = 0.294). The explained variance was
lower for the two benefit constructs, AI qualitative benefits (R2 = 0.265) and AI quantitative
benefits (R2 = 0.275), suggesting that additional drivers beyond AI implementation may
contribute to these perceived benefits. Overall, these results indicate moderate explanatory
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power and suggest that the proposed model captures an important, but not exhaustive,
share of the variance in the focal outcomes.

Figure 3. Structural model. Source: Authors’ calculations using SmartPLS 4 [47].

Out-of-sample predictive power was evaluated with a PLSpredict procedure using
10 folds and 10 repetitions, focusing on the model’s key downstream outcomes [52]. Across
all indicators of these target constructs, Q2_predict values were greater than zero, indicating
predictive relevance compared with a naïve mean benchmark.

All hypothesized direct relationships in the structural model were statistically signifi-
cant and positive (Table 1), supporting H1–H8. Digital maturity increased AI implementa-
tion (β = 0.570, p < 0.001), and AI implementation enhanced both AI qualitative benefits
(β = 0.515, p < 0.001) and AI quantitative benefits (β = 0.524, p < 0.001). Customer experi-
ence was positively shaped by AI implementation (β = 0.245, p < 0.001) as well as by AI
qualitative benefits (β = 0.243, p < 0.001) and AI quantitative benefits (β = 0.298, p < 0.001).
In turn, customer experience strongly improved the differentiation competitive advantage
(β = 0.548, p < 0.001) and cost competitive advantage (β = 0.475, p < 0.001). In addition to
statistical significance, the effect sizes indicate meaningful differences in the substantive
magnitude of the relationships. Following conventional f2 benchmarks, the effect of digital
maturity on AI implementation was large (f2 = 0.481), the effects of AI implementation
on AI qualitative and quantitative benefits were medium-to-large (f2 = 0.361 and 0.379),
the effects of AI qualitative and quantitative benefits on customer experience were small
to moderate (f2 = 0.071 and 0.105), and the effects of customer experience on differenti-
ation and cost competitive advantage were medium and small-to-medium, respectively
(f2 = 0.381 and 0.241). These patterns are consistent with the interpretation that upstream
capability conditions and customer experience exert a stronger influence in the model than
some of the intermediate paths.

Mediation results indicate that customer experience serves as a significant, but partial,
transmission mechanism for both AI benefit streams, confirming H9 and H10. Specifi-
cally, the indirect effects AI_QUAL → CX → DCA (β = 0.133, p < 0.001; v2 = 0.018) and
AI_QUANT → CX → CCA (β = 0.141, p < 0.001; v2 = 0.020) were significant. Because the
corresponding direct effects also remained significant, the results support complementary
partial mediation, suggesting that AI-enabled benefits contribute to competitive advantage
both directly and indirectly through improved customer experience.
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Table 1. Hypotheses testing results (direct and indirect effects). Source: Authors’ calculations using
SmartPLS 4 [47].

Hypotheses (Relationships) Effect Beta Coef.
(β) SD T

Statistics
BCCI (2.5%;

97.5%)
Effect Size

(f2) Mediation Type Decision

H1: DM → AI_IMPL Direct 0.570 *** 0.037 15.611 0.492; 0.637 0.481 Supported

H2: AI_IMPL → AI_QUAL Direct 0.515 *** 0.043 12.038 0.424; 0.591 0.361 Supported

H3: AI_IMPL → AI_QUANT Direct 0.524 *** 0.039 13.387 0.440; 0.596 0.379 Supported

H4: AI_IMPL → CX Direct 0.245 *** 0.059 4.188 0.133; 0.359 0.057 Supported

H5: AI_QUAL → CX Direct 0.243 *** 0.051 4.777 0.143; 0.342 0.071 Supported

H6: AI_QUANT → CX Direct 0.298 *** 0.050 5.934 0.193; 0.393 0.105 Supported

H7: CX → DCA Direct 0.548 *** 0.042 13.120 0.529; 0.662 0.381 Supported

H8: CX → CCA Direct 0.475 *** 0.053 8.985 0.443; 0.602 0.241 Supported

AI_QUAL → DCA
H9: AI_QUAL → CX → DCA

Direct
Indirect

0.119 *
0.133 ***

0.049
0.030

2.459
4.470

0.023; 0.214
0.083; 0.210 0.018 Complementary

partial mediation Supported

AI_QUANT → CCA
H10: AI_QUANT → CX → CCA

Direct
Indirect

0.117 *
0.141 ***

0.056
0.029

2.078
4.814

0.007; 0.228
0.099; 0.222 0.015 Complementary

partial mediation Supported

Note: *** p < 0.001; * p < 0.05. SD = standard deviation. BCCI = bias-corrected bootstrap confidence interval.
f2 = Cohen’s effect size (reported for direct effects).

4.3. cIPMA Results

A construct-level IPMA was conducted by comparing the rescaled performance scores
(0–100) of the latent constructs with their total effects on the two competitive advantage
outcomes, thereby providing a managerial prioritization lens on the structural results and
identifying areas with potential for improvement [53]. As shown in Table 2 and Figure 4, cus-
tomer experience had the highest importance for both differentiation (total effect = 0.548)
and cost competitive advantage (total effect = 0.475), followed by AI implementation (0.350
and 0.311, respectively).

Table 2. Importance-performance analysis for the competitive advantage outcomes. Source: Authors’
calculations using SmartPLS 4 [47].

Construct
Differentiation Competitive Advantage (DCA) Cost Competitive Advantage (CCA)

Total Effect Perf. Total Effect Perf.

Customer experience (CX) 0.548 50.265 0.475 50.265

AI implementation (AI_IMPL) 0.350 49.983 0.311 49.983

AI qualitative benefits
(AI_QUAL) 0.253 50.395 0.116 50.395

AI quantitative benefits
(AI_QUANT) 0.163 50.445 0.258 50.445

Digital maturity (DM) 0.200 50.305 0.177 50.305
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Figure 4. cIPMA for the DCA and CCA target constructs. Source: Adapted from Sarstedt et al. [45]
and Hauff et al. [43]. Note: The quadrants are delimited using the mean of performance and mean of
importance reported in the table of the IPMA results at the construct level. The size of the bubbles
represents the percentage of instances that failed to satisfy the required condition for achieving 85%
of the target construct level. # = necessary, • = not necessary.

To complement the IPMA results, we used NCA to identify minimum threshold
conditions associated with reaching 85% of each target construct on a 0–100 scale. In
simple terms, this analysis helps show which factors need to be above a certain minimum
level if high outcome levels are to be achieved. Bottleneck tables were created from the
rescaled latent construct scores, and necessity effect sizes were computed using the CE-
FDH technique [44]. As reported in Table 3, achieving 85% differentiation competitive
advantage requires minimum levels of AI implementation (≥5.386; 2.663% below), AI
qualitative benefits (≥6.679; 6.805% below), AI quantitative benefits (≥11.108; 9.172%
below), and especially customer experience (≥27.723; 26.923% below). For 85% cost
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competitive advantage, the necessary conditions are customer experience (≥16.104; 15.680%
below), AI qualitative benefits (≥5.968; 5.030% below), and AI quantitative benefits (≥4.514;
2.367% below), whereas digital maturity and AI implementation do not impose a bottleneck
at this outcome level.

Table 3. Necessary condition analysis (NCA) bottlenecks for achieving 85% of the target constructs
(0–100 scale).

Condition
DCA d

(CE-FDH)
DCA Min.

X @85%
DCA %
Below

CCA d
(CE-FDH)

CCA Min.
X @85%

CCA %
Below

Digital maturity (DM) 0.021 0.000 0.000 0.004 0.000 0.000

AI implementation (AI_IMPL) 0.046 5.386 2.663 0.006 0.000 0.000

AI qualitative benefits (AI_QUAL) 0.022 6.679 6.805 0.023 5.968 5.030

AI quantitative benefits
(AI_QUANT) 0.077 11.108 9.172 0.029 4.514 2.367

Customer experience (CX) 0.076 27.723 26.923 0.046 16.104 15.680
Note: Min. X @85% indicates the minimum condition level required to attain 85% of the outcome (0–100).
“% below” indicates the proportion of cases not meeting that minimum. Necessity effect sizes (d) were computed
using the CE-FDH technique [44].

Integrating the NCA bottleneck information into the four-quadrant IPMA matrices [43,45]
(Figure 4) refines interpretation by distinguishing improvement priorities from “must-have”
thresholds while remaining broadly consistent with the pattern already visible in the struc-
tural model. In particular, customer experience is not only the most important driver in
IPMA, but also the strongest bottleneck for reaching high competitive advantage, implying
that high differentiation and cost advantages are unlikely unless the minimum customer
experience levels are met. At the same time, the NCA results show that minimum levels
of AI-enabled benefits are also required (especially for differentiation), indicating that
managers should prioritize customer experience and AI implementation while ensuring
that AI-enabled benefits remain above the identified bottleneck thresholds when targeting
high competitive advantage.

4.4. Qualitative Findings—Sentiment and Themes

The open-ended responses provide a supplementary qualitative view of how respon-
dents describe AI in retail and indicate an overall favorable orientation toward it. Across
all 105 responses, positive sentiment accounted for 56.2% (n = 59), negative sentiment
for 24.8% (n = 26), and neutral sentiment for 19.0% (n = 20). To assess whether repeated
identical answers materially affected this picture, we replicated the sentiment distribution
on the 75 unique responses. The pattern was substantively unchanged: 56.0% positive
(n = 42), 25.3% negative (n = 19), and 18.7% neutral (n = 14)—see Table A5, Panel A. Over-
all, the respondents tended to describe AI in terms of performance improvements and
customer-facing gains, while negative comments highlighted implementation and capa-
bility constraints. Many comments referred to digitally mediated commerce touchpoints,
reinforcing the relevance of the reported benefits for electronic retail journeys.

Theme prevalence was assessed on the 75 unique responses to prevent repetition bias,
and the results are presented in Table A5, Panel B. The most frequently coded themes
were cost reduction (38.7%; 29/75) and efficiency/automation (34.7%; 26/75), followed
by decision insights (33.3%; 25/75) and skills/talent constraints (32.0%; 24/75). Cus-
tomer experience–proximal themes also emerged strongly, particularly speed/convenience
(24.0%; 18/75) and personalization (14.7%; 11/75), with additional mentions of logis-
tics/delivery (13.3%; 10/75), service quality (12.0%; 9/75), and satisfaction/loyalty (12.0%;
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9/75). Substantively, positive comments commonly linked AI to process efficiency and
reduced delivery times (e.g., “Processes are more efficient and faster; delivery times are
reduced and routes are optimized”), consistent with AI quantitative benefits and their CX
implications (speed, convenience). Others emphasized improved anticipation of demand
and personalization (e.g., “AI helps us anticipate demand much better and contributes
to personalizing offers”), consistent with AI qualitative benefits influencing CX. Negative
comments frequently centered on capability and integration barriers (skills gaps and legacy-
system integration), suggesting boundary conditions for converting AI implementation
into realized benefits and improved experience (e.g., “A lack of internal competencies
slows adoption; integrating with legacy systems is problematic”)—see Table A5, Panel C.
Collectively, these patterns provide qualitative support for the model’s mediating logic:
respondents described AI-driven operational and experiential improvements in ways that
align with the pathway from AI-enabled benefits, customer experience, and competitive
advantage, with differentiation-oriented language more often tied to personalization and
service quality, and cost-oriented language tied to efficiency and cost reduction.

5. Discussion
This section interprets the findings in light of the proposed directional chain from

digital maturity to AI implementation, AI-enabled benefits, customer experience, and com-
petitive advantage, combining sufficiency-based (PLS-SEM/IPMA) and necessity-based
(NCA) evidence and triangulating these insights with the respondents’ open-ended com-
ments. Because the empirical setting is electronic retailing (pure-play and omnichannel
e-retailers), the interpretation emphasizes how AI-enabled capabilities translate into value
through digitally mediated customer journeys. Overall, the findings support a theory-
consistent explanatory chain rather than a disruptive or counterintuitive theoretical account.
Accordingly, the contribution of the study lies less in proposing unexpected directional
effects and more in integrating adjacent literatures, specifying the mediating role of cus-
tomer experience and contextualizing these relationships in electronic retailing. Moreover,
the quantitative results show that digital maturity is positively associated with AI imple-
mentation, which in turn enhances both qualitative and quantitative AI-enabled benefits
and improves customer experience; customer experience then emerges as the main conduit
through which AI-enabled benefits translate into differentiation and cost advantages. The
cIPMA results further recast the structural findings in a managerial prioritization lens,
indicating that customer experience and AI implementation appear as the most actionable
priorities for improving both competitive advantage outcomes while the NCA bottlenecks
highlight the minimum CX (and benefit) levels associated with higher performance targets.
The qualitative evidence offers supplementary support for this interpretation: sentiment to-
ward AI in retail is predominantly positive, and recurring themes emphasize efficiency/cost
gains and decision-support benefits while also flagging capability constraints that can slow
implementation. In electronic retailing, these constraints are particularly consequential be-
cause AI value is realized through customer-facing digital touchpoints and the operational
systems that sustain them. A synthesis of these results is provided in Table 4.

Building on the integrated evidence in Table 4, the findings are consistent with a
value-creation chain in retail, and specifically, in electronic retailing contexts in which
digital maturity enables AI implementation, which then produces AI-enabled qualitative
and quantitative benefits, strengthens customer experience, and ultimately translates
into competitive advantage. However, the model should be interpreted as providing
a partial explanation of these outcomes rather than a comprehensive account of when
AI pays off in retailing. In the structural model, all hypothesized links were positive
and significant, indicating that AI-related value in retail is not driven by isolated tools,

https://doi.org/10.3390/jtaer21040119

https://doi.org/10.3390/jtaer21040119


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 119 18 of 30

but by a capability sequence that starts with organizational readiness and culminates in
customer-facing outcomes.

Table 4. Summary of results by analysis type and qualitative evidence. Source: Authors’ calculations
based on SmartPLS 4 output [47] and NVivo coding results; IPMA logic follows Ringle & Sarstedt
[53]; NCA thresholds based on CE-FDH [44] and integrated following the cIPMA rationale [43,45].

Constructs PLS-SEM IPMA NCA NVivo

Digital maturity
(DM)

Positive effect on AI
implementation

Low importance/possible
overinvestment for both
outcomes (below-mean

importance; above-mean
performance)

Not necessary for 85%
DCA and CCA
(threshold = 0)

Barriers cluster around
capability readiness

(skills/talent
constraints: 32.0% of

unique responses)

AI implementation
(AI_IMPL)

Positive effects on AI
qualitative benefits, AI
quantitative benefits,

and customer
experience

Priority for improvement
for both DCA and CCA
(high importance; lower

performance)

Necessary for 85%
DCA: ≥5.386; unmet
cases: 9 (2.663%). Not

necessary for 85% CCA
(threshold = 0)

Implementation
concerns frequently
voiced (skills/talent
constraints 32.0%);

positives often framed
as efficiency enablers

(efficiency &
automation: 34.7%)

AI qualitative
benefits (AI_QUAL)

Positive effect on
customer experience;

contributes to
differentiation CA both
directly and indirectly

via CX (complementary
partial mediation)

Possible
overinvestment/maintain
for both outcomes (lower
importance; above-mean

performance)

Necessary for 85%
DCA: ≥6.679; unmet:

23 (6.805%). Necessary
for 85% CCA: ≥5.968;

unmet: 20 (5.917%)

Qualitative upside
reflected in decision

insights (33.3%),
personalization

(14.7%), and service
quality (12.0%) themes

AI quantitative
benefits

(AI_QUANT)

Positive effect on
customer experience;

contributes to cost CA
both directly and
indirectly via CX

(complementary partial
mediation)

Possible
overinvestment/maintain

(DCA); borderline
maintain/overinvestment
(CCA) given near-mean

importance but
above-mean performance

Necessary for 85%
DCA: ≥11.108; unmet:
31 (9.172%). Necessary
for 85% CCA: ≥4.514;

unmet: 11 (3.254%)

Strongly echoed in cost
reduction (38.7%) and

efficiency &
automation (34.7%);

also operational
mentions (e.g., logistics

& delivery: 13.3%)

Customer
experience (CX)

Strong positive effects
on DCA and CCA; also

the key mediator
transmitting

AI-enabled benefits to
competitive advantage

Concentrate here/highest
priority for both outcomes

(highest importance;
slightly below-mean

performance)

Necessary for 85%
DCA: ≥27.723; unmet:

93 (27.515%).
Necessary for 85%

CCA: ≥16.104; unmet:
55 (16.272%)

Qualitative evidence
aligns with CX as

“value translator” (e.g.,
speed & convenience:
24.0%, service quality:

12.0%). Overall
sentiment is favorable

(see note below)
Note (overall sentiment, NVivo; all responses N = 105): Positive 56.2% (n = 59); Neutral 19.0% (n = 20); Negative
24.8% (n = 26). Theme prevalence is based on unique responses (N = 75) to reduce repetition bias.

First, the strong effect of digital maturity on AI implementation suggests that retail-
ers realize AI primarily when they have the technological backbone and organizational
alignment needed to deploy AI across processes and touchpoints. This aligns with digital
transformation research arguing that maturity reflects more than technology adoption
as it includes complementary assets such as governance, skills, and process integration
that make advanced technologies usable at scale [13,54]. In the retail AI context, readiness
frameworks similarly emphasize that value depends on whether firms can translate AI from
experimentation into routinized, organization-wide deployment [20,55]. This interpretation
is also consistent with dynamic capability arguments that performance gains from digital
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technologies require complementary capabilities (e.g., data, routines, talent) rather than the
technology alone [15,33].

Second, AI implementation was positively associated with both AI qualitative and AI
quantitative benefits, indicating that deeper implementation is associated with improve-
ments that are simultaneously experiential (service/personalization/decision quality) and
operational (efficiency/cost/automation). This pattern is consistent with marketing and re-
tail literature describing AI as a dual-use capability: it enhances customer-facing relevance
and engagement while also improving back-end efficiency and coordination [4,6,9]. Impor-
tantly, the qualitative evidence mirrors this duality: the most frequent themes emphasized
cost reduction, efficiency/automation, and decision insights, which map directly onto the
quantitative and qualitative benefit streams captured in the model.

Third, the results show that customer experience is shaped by three converging drivers:
AI implementation itself, AI qualitative benefits, and AI quantitative benefits. This is highly
consistent with customer experience theory, which treats CX as a holistic evaluation formed
across touchpoints and contexts, not reducible to satisfaction alone [1,2,24]. In practice,
AI qualitative benefits (e.g., better personalization relevance, service consistency, decision
support) align with CX mechanisms related to perceived relevance, reduced friction, and
improved interaction quality, especially in omnichannel environments [35,36]. Similarly, AI
quantitative benefits (e.g., speed, accuracy, availability, fewer errors) support CX through
lower customer effort and higher reliability, which are core experience drivers in retail
journeys [24,26]. This alignment is also evident in the open-ended responses, where
respondents linked AI to faster processes, optimized delivery routes, and improved service
quality, and also to better demand anticipation and personalization, which are precisely the
pathways proposed in the conceptual model.

Fourth, customer experience emerged as an important construct through which AI-
related benefits were associated with competitive outcomes. CX exerted strong positive
effects on both differentiation competitive advantage and cost competitive advantage,
reinforcing the view that CX can operate as a defensible strategic asset in retail, espe-
cially when product and price advantages are easier to imitate than experience design and
execution [2,25,37]. Beyond the direct effects, the mediation findings indicate complemen-
tary partial mediation in both pathways: AI-enabled benefits contributed to competitive
advantage directly and indirectly through customer experience. This pattern suggests
that customer experience represents one relevant pathway through which AI benefits are
associated with competitive outcomes, while direct associations also remain important.

The integrated cIPMA and NCA results add an important nuance because they show
not only what is sufficient to improve competitive advantage, but also what is required
to reach high outcome levels. Specifically, customer experience appears as both the most
important driver in the IPMA logic and the strongest bottleneck in the NCA logic for
achieving 85% of high competitive advantage outcomes. This implies that retailers may
not reach high differentiation or cost advantage unless they first achieve minimum CX
levels, meaning that AI investments that do not translate into experience improvements
risk plateauing in their strategic impact. At the same time, NCA indicates that minimum
levels of AI-enabled benefits (and, for differentiation, also AI implementation) remain
necessary, supporting an interpretation where CX is the key conversion layer, but it cannot
be sustained without adequate operational and capability foundations.

Finally, the sentiment analysis helps contextualize why the chain works for many
retailers but remains constrained for others. Overall sentiment toward AI in retail was
favorable (about 56% positive), with a meaningful minority of negative evaluations (about
25% negative), indicating both opportunity and friction in implementation. The thematic
results clarify that negative sentiment is disproportionately tied to skills/talent constraints
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and legacy-system integration difficulties, and sometimes to concerns about delayed or
unclear benefit realization, boundary conditions widely recognized in AI adoption re-
search [6,11,20]. Taken together, the mixed-method evidence supports a balanced conclu-
sion as retail employees and managers often perceive AI as delivering tangible operational
and experiential improvements, but these gains are conditional on capability building,
especially human capital and integration capacity, so that implementation can be converted
into sustained customer experience improvements, and ultimately, competitive advantage.

The results depict a capability-to-advantage pathway in retail. More specifically, they
suggest that digital maturity, AI implementation, AI-enabled qualitative and quantitative
benefits, and customer experience are meaningfully associated with both differentiation and
cost competitive advantage while leaving room for additional explanatory factors beyond
those included in the present model. This pattern is consistent with RBV and dynamic
capabilities arguments that performance gains from advanced technologies depend on
higher-order capabilities that integrate and reconfigure resources, rather than on technology
adoption alone [13,27,28,56]. At the same time, the findings extend customer experience
theory by showing that CX operates as a strategic conversion layer through which AI-driven
operational and service improvements translate into competitive advantage [1,2,24]. The
qualitative evidence complements this interpretation as respondents most often associate AI
with efficiency/cost gains and improved decision-making/personalization, while negative
sentiment concentrates around capability gaps, reinforcing the idea that implementation
readiness conditions whether AI benefits materialize in experience outcomes [4,7].

5.1. Theoretical Contributions

This study offers a theory-refining rather than theory-disrupting contribution. Specif-
ically, it integrates RBV/dynamic capabilities and customer-experience perspectives to
explain how AI-related organizational conditions are translated into competitive outcomes
in electronic retailing [13,27,28,56]. The findings do not seek to overturn existing theory
with counterintuitive effects; instead, they specify a more complete capability-to-advantage
chain linking digital maturity, AI implementation, AI-enabled benefits, customer experi-
ence, and competitive advantage.

A second contribution is the distinction between qualitative and quantitative AI-
enabled benefits. Prior discussions of AI value in retail often treat benefits in aggregate; by
separating these two benefit streams, the study provides a more fine-grained explanation
of how AI-related value is perceived and how it is linked to customer experience and
competitive outcomes [4,7].

Third, the study positions customer experience as one important transmission mech-
anism through which AI-enabled benefits become strategically meaningful in electronic
retailing. In this sense, the study refines customer-experience theory by placing customer
experience within a broader capability-to-outcome logic rather than treating it only as an
outcome variable [1,2,24,57].

Finally, by combining PLS-SEM with cIPMA/NCA and a supplementary qualitative
component, the study adds interpretive value by complementing the structural results with
an importance-performance and bottleneck perspective while using open-ended responses
to illustrate how respondents describe AI-related benefits and constraints in retail [43,44,53].

5.2. Practical Implications

The findings suggest practical priorities for retail decision-makers because they iden-
tify (a) what moves competitive advantage the most, (b) where performance can be im-
proved, and (c) what minimum levels must be met to reach high outcomes. Across both
competitive outcomes, customer experience is the most actionable lever as it has the highest
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importance and is also the strongest bottleneck for reaching high differentiation and cost
advantage. Managers should therefore treat AI initiatives as customer experience pro-
grams with explicit experience KPIs (e.g., friction reduction, service speed, personalization
relevance, complaint handling, and journey continuity), rather than purely as technol-
ogy deployments. For electronic retailers, this also implies aligning AI initiatives with
journey-level commerce outcomes that customers directly experience, alongside internal
efficiency gains.

Second, because AI implementation drives both benefit streams and directly improves
customer experience, retailers should prioritize scaling AI into core processes rather than
running disconnected pilots. Practically, this means selecting a small set of high-impact
use cases tied to measurable outcomes (e.g., demand forecasting, inventory optimization,
customer support augmentation) and building repeatable “implementation routines” (data
pipelines, MLOps, governance, and business ownership) to move from experimentation
to operationalization. Our qualitative results reinforce this point: respondents most often
highlighted efficiency/automation and cost reduction, indicating that operational AI wins
are visible and valued, but they also frequently noted capability constraints, especially
skills shortages, which can stall implementation if not addressed.

Third, the NCA bottlenecks imply “non-negotiables” for achieving very high advan-
tage. Retailers seeking top-tier differentiation or cost advantage must ensure that minimum
levels of customer experience and AI-enabled benefits are reached, not merely improved at
the margin. This suggests a sequencing logic: (1) build sufficient digital maturity and inte-
gration to support implementation; (2) ensure AI-enabled benefits are realized in operations
and service design; and (3) translate these benefits into customer experience improvements
through redesigned touchpoints and employee enablement. In practice, this requires cross-
functional coordination (IT–data–operations–marketing–service) and governance that links
AI outputs to frontline actions.

Finally, the implications extend to ecosystem actors such as retail associations, technol-
ogy vendors, and training providers. The prominence of skills and readiness concerns in
the open-ended comments indicates that capability building remains a bottleneck; targeted
upskilling (data literacy, AI-enabled decision-making, and service redesign) and implemen-
tation support can accelerate value realization and reduce negative perceptions that stem
from poor execution rather than from AI itself. Although the data were from Romania, the
capability-to-experience logic is likely relevant to other markets where digital infrastructure
is improving but AI adoption and value capture remain uneven, making the framework
transferable to similar retail contexts.

5.3. Limitations and Future Research

The findings should be interpreted in light of several limitations. First, the study relies
on a cross-sectional, self-reported dataset, which constrains the ability to establish temporal
ordering or make strong causal inferences. Although the conceptual model specifies a di-
rectional sequence grounded in theory, the empirical design does not allow us to determine
with confidence whether digital maturity precedes AI implementation, whether implemen-
tation precedes perceived benefits, or whether customer experience temporally transmits
these effects into competitive advantage. In addition, the study tested theory-consistent
positive relationships among constructs; therefore, the full support for the hypotheses
should be interpreted as evidence of internal coherence in the proposed framework rather
than as validation of a high-risk theory-building model. Another important limitation
concerns informant validity. Although the sample included respondents from different
organizational levels, it was weighted toward operational employees rather than senior
strategic decision-makers. Generalizability may be shaped by the Romanian electronic re-
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tailing context; comparative studies across countries and retail formats would help identify
boundary conditions. Taken together, these limitations suggest that the findings should
be interpreted as theory-consistent, perception-based evidence from a specific national
and organizational context rather than as broadly generalizable or definitive evidence
on AI-related value creation in retail. Future research should also differentiate AI types
and use cases (e.g., predictive vs. generative vs. automation; frontstage vs. backstage)
and examine additional drivers (e.g., data governance, change management, workforce
readiness) that may explain variation in perceived benefits and experience outcomes.
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RBV Resource Based View
VIF Variance inflation factor
VRIN Valuable, Rare, Inimitable, and Non-substitutable

Appendix A

Table A1. Sample characteristics of respondents. Source: Authors based on the collected data.

Characteristic Category n %

Gender
Female 199 58.9

Male 139 41.1

Age

<25 118 34.9

25–34 119 35.2

35–44 55 16.3

45–54 35 10.4

55+ 11 3.3

Residence
Urban 239 70.7

Rural 99 29.3

Region

Muntenia 140 41.4

Moldova 79 23.4

Transilvania 51 15.1

Oltenia 34 10.1

Dobrogea 16 4.7

Banat 10 3.0

Cris, ana 6 1.8

Bucovina 2 0.6

Education

High school 42 12.4

Post-secondary 46 13.6

Bachelor 111 32.8

Master 135 39.9

Doctorate 4 1.2

Position

Operational employee 188 55.6

Supervisor 102 30.2

Department manager 39 11.5

General director 9 2.7

Retail experience

<1 year 54 16.0

1–3 years 95 28.1

3–5 years 47 13.9

5–10 years 70 20.7

>10 years 72 21.3
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Table A1. Cont.

Characteristic Category n %

Retail category (self-reported)

Food retail 125 37.0

Non-food retail 111 32.8

Online retail 86 25.4

Specialty non-food retail 13 3.8

Specialty food retail 3 0.9

Company size

Micro (0–9 employees) 8 2.4

Small (10–49 employees) 19 5.6

Medium (50–249 employees) 92 27.2

Large (≥250 employees) 219 64.8

Table A2. Measurement constructs, items, and sources. Source: Authors based on the literature review.

Construct Code Item Source

Digital Maturity
(DM)

DM1
Our organization has a modern digital
infrastructure capable of supporting AI

applications.
Developed based on [13,17,54]

DM2 Digital systems are well integrated across
departments in our organization. Developed based on [13,17,18]

DM3 Operational decisions are supported by real-time
digital data. Developed based on [13,17]

DM4 Digital processes in our organization are
standardized and automated. Developed based on [18,54]

AI Implementation
(AI_IMPL)

AI_IMPL1 AI is extensively used for demand forecasting. Developed based on [6,22]

AI_IMPL2 AI is used to support purchasing and
procurement decisions. Developed based on [6]

AI_IMPL3 AI is used to optimize product or material
delivery processes. Developed based on [58]

AI_IMPL4 AI is used to support warehousing and inventory
management. Developed based on [22,58]

AI_IMPL5 AI is used to anticipate operational problems and
risks. Developed based on [22,59]

AI_IMPL6 AI is used to support sales activities. Developed based on [6,7]

AI_IMPL7 AI is used to manage relationships with
customers and suppliers. Developed based on [7,33]

AI_IMPL8 AI supports internal collaboration and
information sharing. Developed based on [59]

AI Qualitative
Benefits

(AI_QUAL)

AI_QUAL1 AI helps our organization better anticipate
customer demand. Developed based on [58,60]

AI_QUAL2 AI contributes to improving product or service
quality. Developed based on [7,26]

AI_QUAL3 AI increases customer satisfaction. Developed based on [60]

AI_QUAL4 AI enables better personalization of products or
services. Developed based on [1,26]
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Table A2. Cont.

Construct Code Item Source

AI Quantitative
Benefits

(AI_QUANT)

AI_QUANT1 AI helps reduce operational costs. Developed based on [15,61]

AI_QUANT2 AI improves overall operational efficiency. Developed based on [15]

AI_QUANT3 AI reduces delivery time and optimizes logistics
routes. Developed based on [61]

AI_QUANT4 AI reduces operational problems and risks. Developed based on [59]

AI_QUANT5 AI improves the efficiency of organizational
processes. Developed based on [15,58]

Customer
Experience (CX)

CX1 Customers experience fast and seamless
interactions with our organization. Adapted from [24,62]

CX2 Our organization offers personalized experiences
to customers. Adapted from [1,2]

CX3 The use of AI has improved the overall customer
experience. Developed based on [26,60]

CX4 Our services are easy and convenient for
customers to use. Adapted from [24,62]

Differentiation
Competitive

Advantage (DCA)

DCA1 Our products or services are perceived as
superior to those of competitors. Developed based on [27,37]

DCA2 AI helps us deliver a better customer experience
than our competitors. Developed based on [25,26,37]

DCA3 Our organization differentiates itself through
quality and innovation. Developed based on [28]

DCA4 AI enables us to offer a more personalized value
proposition than competitors. Developed based on [1,26,27]

Cost Competitive
Advantage (CCA)

CCA1 Due to AI, we are able to offer more competitive
prices than our competitors. Developed based on [14,37]

CCA2 AI enables us to deliver products and services
faster and at lower costs. Developed based on [15,61]

CCA3 Customers benefit from a better price–value ratio
due to our use of AI. Developed based on [15]

CCA4 Cost optimization through AI allows us to
provide more efficient services to customers. Developed based on [27,39]

Table A3. Indicators and construct reliability. Source: Authors’ calculations using SmartPLS 4 [47].

Indicators Construct Loadings VIF

DM1 DM (α = 0.863; rho_A = 0.865; rho_C = 0.907;
AVE = 0.709) 0.841 1.997

DM2 0.846 2.041

DM3 0.841 1.987

DM4 0.839 2.106
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Table A3. Cont.

Indicators Construct Loadings VIF

AI_IMPL1 AI_IMPL (α = 0.892; rho_A = 0.894;
rho_C = 0.914; AVE = 0.571) 0.769 1.937

AI_IMPL2 0.729 1.724

AI_IMPL3 0.750 1.817

AI_IMPL4 0.747 1.815

AI_IMPL5 0.753 1.798

AI_IMPL6 0.801 2.136

AI_IMPL7 0.720 1.707

AI_IMPL8 0.769 1.894

AI_QUAL1 AI_QUAL (α = 0.827; rho_A = 0.830;
rho_C = 0.885; AVE = 0.657) 0.822 1.729

AI_QUAL2 0.815 1.744

AI_QUAL3 0.810 1.832

AI_QUAL4 0.797 1.686

AI_QUANT1 AI_QUANT (α = 0.825; rho_A = 0.829;
rho_C = 0.877; AVE = 0.589) 0.764 1.647

AI_QUANT2 0.810 1.790

AI_QUANT3 0.759 1.577

AI_QUANT4 0.763 1.684

AI_QUANT5 0.738 1.556

CX1 CX (α = 0.855; rho_A = 0.855; rho_C = 0.902;
AVE = 0.697) 0.839 2.027

CX2 0.836 1.927

CX3 0.808 1.759

CX4 0.855 2.159

DCA1 DCA (α = 0.817; rho_A = 0.819; rho_C = 0.879;
AVE = 0.645) 0.795 1.620

DCA2 0.829 1.846

DCA3 0.791 1.615

DCA4 0.798 1.773

CCA1 CCA (α = 0.811; rho_A = 0.817; rho_C = 0.875;
AVE = 0.637) 0.821 1.728

CCA2 0.809 1.671

CCA3 0.763 1.620

CCA4 0.798 1.636
Note: α = Cronbach’s Alpha; AVE = Average Variance Extracted; VIF = Variance Inflation Factor; rho_A = Dijkstra–
Henseler’s reliability.
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Table A4. Discriminant validity assessment. Source: Authors’ calculations using SmartPLS 4 [47].

HTMT Ratio

Constructs AI_IMPL AI_QUAL AI_QUANT CCA CX DCA DM

AI_IMPL

AI_QUAL 0.596

AI_QUANT 0.605 0.331

CCA 0.374 0.437 0.421

CX 0.601 0.536 0.588 0.633

DCA 0.512 0.440 0.486 0.438 0.718

DM 0.646 0.415 0.440 0.243 0.403 0.304

Fornell–Larcker criterion

Constructs AI_IMPL AI_QUAL AI_QUANT CCA CX DCA DM

AI_IMPL 0.755

AI_QUAL 0.515 0.811

AI_QUANT 0.524 0.279 0.767

CCA 0.320 0.356 0.350 0.798

CX 0.527 0.453 0.495 0.532 0.835

DCA 0.440 0.367 0.402 0.364 0.602 0.803

DM 0.570 0.354 0.372 0.202 0.347 0.257 0.842
Note: HTMT values below 0.85 indicate satisfactory discriminant validity [51]. The square roots of AVE (bolded
diagonal) are higher than the inter-construct correlations, confirming discriminant validity [50].

Table A5. Sentiment distribution, top themes, and illustrative quotes (open-ended responses; NVivo
dataset). Source: Authors based on the NVivo results.

Panel A. Sentiment distribution

Sentiment All responses (N = 105) n (%) Unique responses (N = 75) n (%)

Positive 59 (56.2%) 42 (56.0%)

Negative 26 (24.8%) 19 (25.3%)

Neutral 20 (19.0%) 14 (18.7%)

Panel B. Top themes (prevalence on unique responses; N = 75)

Theme (node) Responses with theme (n) % of unique responses

Cost reduction 29 38.7%

Efficiency & automation 26 34.7%

Decision insights 25 33.3%

Skills/talent constraints 24 32.0%

Speed & convenience 18 24.0%

Personalization 11 14.7%

Logistics & delivery 10 13.3%

Service quality 9 12.0%
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Table A5. Cont.

Panel C. Illustrative quotes

Sentiment Theme Illustrative quote

Positive Efficiency & automation “Processes are more efficient and faster; delivery times are
reduced and routes are optimized.”

Positive Personalization “AI helps us anticipate demand much better and
contributes to personalizing offers.”

Positive Service quality “Delivery times are reduced and routes are optimized;
service quality has increased noticeably.”

Negative Skills/talent constraints “A lack of internal competencies slows adoption;
integrating with legacy systems is problematic.”

Negative Cost reduction “Implementation is difficult and costly; we are not yet
seeing clear benefits.”

Neutral Decision insights “We are still assessing AI’s impact; there is potential, but
also uncertainty.”

Note. Theme prevalence is reported on de-duplicated responses (N = 75) to reduce repetition bias from identical statements.
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