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Abstract

While artificial intelligence (Al) is increasingly used in business, the quality management
(QM) practices through which Al implementation is associated with competitive per-
formance (CP) remain underexplored. Drawing on the cross-boundary ambidexterity
perspective, this study distinguishes internal and external Al implementation and four QM
practices defined by organizational boundary and learning orientation. Structural equation
modeling (SEM) of survey data from 555 Chinese manufacturing enterprises indicates
positive indirect associations between Al implementation and CP through QM practices in
the corresponding organizational domain. External Al implementation is associated with
CP through external QM practices, while internal Al implementation is associated with CP
through internal QM practices. Market turbulence weakens the performance associations
of exploitative QM practices and strengthens those of exploratory QM practices. The study
extends research on Al implementation and QM by identifying distinct organizational
pathways to current performance relative to competitors. The findings offer guidance on
aligning Al investments with specific QM objectives and adjusting quality priorities to
changing market conditions.

Keywords: artificial intelligence; cross-boundary ambidexterity perspective; quality man-
agement; competitive performance

1. Introduction

Given competition arising from technological change and shifting consumer demands,
quality management (QM) practices have become increasingly critical for manufacturing
enterprises to improve competitive performance (CP) [1]. Currently, with the rapid ad-
vancement and growing implementation of artificial intelligence (Al), it holds significant
potential to reshape QM practices. Yet, how to effectively leverage Al to support QM
practices remains a pressing managerial challenge [2]. As Al can be implemented across
different operational domains and QM itself comprises multiple dimensions, managers face
substantial strategic uncertainty regarding how Al should be implemented to support spe-
cific QM practices [3]. Moreover, this dilemma is further compounded by the high costs of
Al investment. Such considerations require manufacturing enterprises to implement Al in
a targeted and efficient manner, aligned with organization-specific QM needs, e.g., whether
oriented toward customer satisfaction or internal efficiency enhancement. Therefore, it
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is imperative to address a central research question: how does Al implementation across
different enterprise domains relate to various aspects of QM practices, and through these
practices, how is it associated with CP?

Research on the technological antecedents of enterprise QM practices has gained
increasing attention. Existing studies link information technology infrastructure and digital
capabilities to improvements in QM practices [4]. For example, big data, the Internet of
Things, digital dexterity, and blockchain traceability can support internal quality control
and supply chain collaboration, with implications for operational, quality, and economic
performance [5-8]. While the extant literature has validated the positive impacts of various
digital tools on quality outcomes and enterprise performance, it mainly focuses on the
implementation of mature technologies or the impacts of general technological capabilities,
yet few studies examine the enabling effect of Al. Given the disruptive potential and unique
functional advantages of Al, its specific influence on QM practices and, further, on CP
requires exploration.

Moreover, the prior literature tends to examine QM practices as a monolithic con-
struct [4,5,7], overlooking their inherent heterogeneity as well as differences in the fit
between QM practices and different technologies. From a cross-boundary ambidexterity
perspective, manufacturing enterprises can overcome the inherent tensions in balancing
exploration and exploitation internally (e.g., competition for scarce resources, conflicting
routines, and limited specialization) by orchestrating exploratory and exploitative QM
practices across organizational boundaries [9,10]. Research on how Al implementation
supports CP through these different QM practices remains underexplored.

Concurrently, while research on enterprise Al implementation has begun to investigate
how Al implementation supports enterprise management, most studies only examine the
impact of whether enterprises adopt Al as a whole [11-15]. How the different domains of
Al implementation exert their distinct influence, particularly in the QM context, remains
understudied. This gap is noteworthy given that, as emphasized by Aral and Weill [16], in-
vestments in different domains of information technology can yield divergent performance
outcomes. Scholars recognize that the organizational boundary (internal vs. external) serves
as a fundamental basis for differentiating technology implementation strategies [17,18].
Hence, this study deconstructs Al implementation into external Al implementation and
internal Al implementation, investigating their distinct associations with QM practices.

To address the identified research gaps, this study employs the cross-boundary am-
bidexterity perspective to develop a research model that explores how enterprises” internal
and external Al implementations are associated with CP via cross-boundary ambidextrous
QM practices. Drawing on this perspective, we further examine how market turbulence
moderates the contribution of QM practices to CP, as their performance benefits may de-
pend on how well they meet environmental demands for efficiency and adaptation [19,20].
To test the research model, this study employed a structural equation modeling (SEM)
approach to analyze survey data collected from top managers across various enterprises.

This study contributes to research in several ways. First, it distinguishes the orga-
nizational domains of Al implementation, and identifies differences in their associations
with four types of QM practices. Second, this study shows that the performance benefits of
these practices are contingent on demand volatility by introducing market turbulence as a
moderator. Finally, the study extends the application boundaries of the cross-boundary
ambidexterity perspective to the emerging context in which Al exerts influences on CP
through QM practices, providing evidence of its explanatory relevance. The findings offer
guidance on aligning Al investments with specific quality objectives and adjusting QM
priorities as demand changes.
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The paper is structured as follows: Section 2 presents the literature review, and
Section 3 introduces the theoretical foundation and proposes hypotheses. Section 4 de-
scribes methods, Section 5 presents results, and Section 6 discusses the findings.

2. Literature Review
2.1. Enterprise Quality Management

Enterprise quality management (QM) comprises management practices that guide
quality activities across organizational functions and processes [21]. Rooted in total QM,
it considers how production, management, and external relationships jointly contribute
to quality objectives [22]. Its scope therefore includes internal process control as well as
activities involving customers and suppliers.

Scholars have developed several classifications to distinguish the objectives and learn-
ing requirements of QM practices [9,23,24]. After reviewing and comparing various classi-
fication frameworks, this study adopts Wu and Zhang’s [9] four-dimensional framework
that identifies exploitative external QM practices (EIEP), exploratory external QM practices
(EREP), exploitative internal QM practices (EIIP), and exploratory internal QM practices
(ERIP). This framework integrates two fundamental dimensions of QM practices, organiza-
tional boundary and learning orientation, which capture where quality activities occur and
whether they refine established routines or develop new solutions.

EIEP focuses on fulfilling established external requirements through efficient customer
responsiveness and supplier management, emphasizing stable execution and feedback
loops. Conversely, EREP emphasizes exploring new product and process innovations
through collaborative research and development with customers and suppliers. EIIP aims
to control and incrementally optimize existing processes by applying methods such as
statistical tools and data monitoring within the enterprise, thereby enhancing internal
efficiency and reliability. ERIP involves actively exploring and experimenting with break-
through processes and methods within the organization to support internal transformation
and innovation. These four QM practices had different associations with cost, quality,
delivery, and flexibility, supporting their treatment as distinct practices [9].

Recent research has recognized the importance of digital technologies for QM practices,
as summarized in Table 1. For instance, big data analytics capabilities allow enterprises
to exploit data value and improve operational performance [25]. Internet of Things tech-
nologies revamp QM practices and enhance service reliability, operational efficiency, and
customer satisfaction [8]. While existing research offers valuable insights, most of it focuses
on relatively mature or traditional information technologies. A systematic understanding
of how Al implementation may reshape QM practices remains limited. Unlike conventional
information technologies that primarily support data storage, information transmission,
and standardized processing [26,27], Al can learn from data, identify complex patterns,
generate predictions, and support adaptive decision-making [28,29]. These capabilities
may allow Al to become more deeply embedded in managerial activities such as process
refinement, continuous improvement, and quality innovation. With rapid advances in data
availability and computing power, Al’s potential to reshape business operations continues
to grow, making it increasingly important to examine the specific pathways through which
Al influences QM practices.

More importantly, prior research typically conceptualizes QM practices as a unitary
construct [5-7], thereby obscuring meaningful variation among QM practices in their task
objectives, knowledge requirements, and modes of coordination. This aggregate treatment
also leaves the alignment between specific technological functions and the heterogeneous
requirements of QM practices insufficiently examined, limiting the practical guidance
that existing research can provide for technology deployment and QM improvement.
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Accordingly, a more fine-grained classification of QM practices is needed to systematically
examine the distinct pathways and effects through which Al supports different types of
QM practices.

Table 1. Representative literature on enterprise Al implementation and quality management.

Study

Main Findings Method Theory

Topic 1: Enterprise quality management

Sahoo, Islam, Kumar,
and Mangla [5]

Digital dexterity exerts a direct
positive effect on supply chain
performance, and indirectly
promotes supply chain performance
via supply chain QM and supply
chain agility.

Dynamic capability

Survey view theory

Bilal, Uzzaman, Hassan,
and Adnan [25]

Digital transformation exerts a
positive impact on firm performance
through big data analytics capability,

and digital literacy positively
moderates the relationship between
big data analytics capability and
firm performance.

Technology—Organization—
Environment
Technology Acceptance Model
Institutional Theory

Survey

Saqib and Berg [8]

The successful implementation of
Internet of Things technologies
significantly improves service
reliability, operational efficiency, and
customer satisfaction through both
direct and indirect paths of
QM practices.

Technology—Organization—

Surve .
Y Environment

Sahoo [6]

Blockchain-enabled traceability
systems exert a positive effect on
quality performance and economic
performance through supply chain
process alignment and coordination,
and quality-centric collaboration.

Survey Practice-based view

Basu and Bhola [4]

Information technology enhances
firm performance by improving
QM practices.

Survey Contingency Theory

Zhou, Zhu, and Xu [7]

Supply chain traceability positively
impacts quality and
economic performance.

Survey Resource dependence theory

Topic 2: Enterprise Al implementation

Hong et al. [30]

Al adoption can improve the
operational performance of
manufacturing enterprises, yet both
excessively high exploratory
orientation and exploitative
orientation will weaken this positive
facilitating effect.

Survey Attention-based view

Kwon et al. [31]

Two subdimensions of Al capability
(technical infrastructure and
management) improve firm

performance indirectly via
decision-making agility.

Survey Dynamic capabilities theory
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Table 1. Cont.

Study

Main Findings

Method

Theory

Topic 2: Enterprise Al implementation

Zhang and Yu [32]

Both breadth and depth of Al use are
positively associated with digital
innovation performance via Al
crafting. Balanced Al breadth and
depth strengthen Al crafting, while
imbalance in either direction
weakens it.

Survey

Resource-based view

Joshi et al. [33]

Enterprise digital, innovation, and
marketing capabilities promote
generative Al adoption, which

improves market and sustainability

performance. Regulatory support
positively strengthens such beneficial
effects on sustainability performance.

Survey

Dynamic capability theory

Wong and Ngai [34]

Al adoption dynamic capabilities,
facilitated by technology-
organization—environment factors,
enhance operational performance.

Survey

Dynamic Capabilities Theory

Dubey, Bryde,
Blome, Roubaud,
and Giannakis [12]

Al-driven supply chain analytics
capability mediates the significant
positive impact of alliance
management capability on
operational and
financial performance.

Survey

Dynamic capability view
Contingency theory

Lietal. [35]

Al-enabled customer value
proposition capability positively
influences market performance
through response speed and
response capability.

Survey

Dynamic Capabilities Theory

Mishra et al. [36]

Al in business is associated with
higher net profitability, operational
efficiency, and marketing
investment returns.

Regression on
secondary data

Economic theory
Marketing theory

Al capability exerts a significant
positive impact on organizational

Mikalef and Gupta [14] . . ; Survey Resource-Based Theory
innovation capacity and
performance outcomes.
Rammer, Fernandez, AI plays a pgsﬁwe role in driving
innovation implementation and Survey None

and Czarnitzki [15]

achieving economic returns.

Topic 3: Competitive performance

Social entrepreneurial orientation can

Resource-Based Theory

Wang et al. [37] improve CP both directly and Survey . e
indirectly via disruptive innovation. Dynamic capability theory
Corporate social responsibility (CSR)
W et al. [38] in technological innovation improves Survey None

CP directly and indirectly through
digital transformation.
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Table 1. Cont.

Study

Main Findings Method Theory

Topic 3: Competitive performance

Lietal. [39]

Digital supply chain capabilities are
positively associated with enterprise
CP through supply chain Survey
ambidexterity, with incentive-based
governance reinforcing this path.

Contextual
ambidexterity theory

Waheed and Zhang [40]

CSR practices are positively
associated with CP via corporate Survey Stakeholder theory
social responsibility capability.

Ahmad et al. [41]

CSR digitalization enhances CP, with
digital organizational culture
positively moderating
this relationship.

Survey The resource-based view

2.2. Enterprise Al Implementation

Enterprise artificial intelligence (AI) implementation refers to integrating Al tech-
nologies into business workflows and organizational activities to support decisions and
operational tasks [28,30,42,43]. Research has examined several ways in which Al imple-
mentation relates to performance (see Table 1). Kwon et al. [31] emphasize decision-making
agility, while Zhang and Yu [32] link the breadth and depth of Al use to digital innovation.
Other research examines organizational creativity [14,15], supply chain analytics [12], and
customer value and market responsiveness [35,36]. While the aforementioned studies pro-
vide valuable insights into the outcomes of enterprise Al implementation, its implications
for QM practices, an increasingly important domain in the contemporary environment, re-
main underexplored. Enterprise Al implementation holds the potential not only to enhance
operational consistency and reliability of QM practices but also to transform its function
from a support role to a strategic source of innovation.

Concurrently, the extant literature predominantly treats Al as a monolithic construct
and has not systematically disaggregated and examined its heterogeneous dimensions.
This macro-level perspective may result in a superficial understanding of the impacts of
Al implementation, as it fails to capture the nuanced influence of different domains of
Al implementation on enterprise operations. In light of the gap and given that firms are
increasingly aware of Al’s importance, it has become necessary to examine how more
granular forms of enterprise Al implementation distinctly influence various dimensions of
QM practices.

Drawing on the well-established internal-external classification framework for enter-
prise digitalization [17,18], this study distinguishes internal and external Al implementation.
As emphasized in previous research [44,45], enterprise digitalization is not homogeneous
but manifests as distinct pathways shaped by strategic focus and the scope of change. As
an advanced form of digitalization in the intelligent era, Al implementation in internal
and external scenarios also differs greatly in strategic objectives and value creation logic.
Internal Al implementation refers to Al applications within organizational boundaries,
such as production operations and management decision-making. It embeds intelligent
technologies into internal processes to optimize operations, improve quality control, and
enhance decision-making, thereby strengthening endogenous capabilities [46]. In contrast,
external Al implementation targets ecosystem partners such as customers and suppliers.
Through cross-organizational data connectivity and Al deployment, it breaks down infor-
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mation silos to improve external responsiveness, strengthen supply chain collaboration,
and facilitate value co-creation [47].

2.3. Competitive Performance

Competitive performance (CP) refers to a firm’s overall financial, operational, market,
and customer performance relative to its main competitors [40]. Prior literature has explored
various antecedents of CP (see Table 1). Specifically, Waheed and Zhang [40] identify
corporate social responsibility (CSR) capabilities as a mechanism connecting CSR practices
with CP. Wu et al. [38] examine CSR in technological innovation and digital transformation.
Li et al. [39] link digital supply chain capabilities to CP through supply chain ambidexterity.
Wang et al. [37] examine social entrepreneurial orientation and disruptive innovation.

While these studies examined the impact of traditional organizational functions or
digital technologies, the potential role of Al implementation and its pathways to achieving
CP through QM practices remain underexplored. QM practices are important to this
value-realization process as they can embed Al-enabled information processing, prediction,
and decision support in recurring organizational practices. Through continuous quality
learning and process improvement within and across organizational boundaries, these
practices allow localized technological benefits to accumulate into competitive outcomes.
Overall, this study aims to bridge the fields of Al implementation, QM practices, and CP
by developing an integrated theoretical framework.

3. Theoretical Foundation and Hypothesis Development

3.1. Theoretical Foundation

This study is grounded in the cross-boundary ambidexterity perspective, which ex-
plains how firms coordinate exploitation and exploration within and beyond organizational
boundaries to balance short-term efficiency with long-term development [10,48]. Organiza-
tional boundaries distinguish resources and activities under the firm’s direct control from
those accessed through external relationships [49]. Ambidexterity concerns the pursuit
of both exploratory and exploitative activities, where exploitation refines existing knowl-
edge and routines, and exploration involves search and experimentation with unfamiliar
alternatives [50].

This perspective provides a theoretical framework for unpacking the pathways
through which Al implementation contributes to CP via QM practices. First, QM practices
have a cross-boundary and ambidextrous structure, encompassing internal process con-
trol and external coordination alongside the refinement of established practices and the
development of new solutions [9,50]. Second, internal and external Al implementation
differ in their access to data and their coordination requirements. Each may therefore
support QM practices in its corresponding organizational domain. Finally, the perspective
links Al-enabled QM practices to CP by recognizing that competitiveness requires firms
to preserve reliable operations while renewing their capabilities through internal learning
and external knowledge access [9,51].

Furthermore, this study draws on the cross-boundary ambidexterity perspective to
propose that market turbulence may moderate the relationships between QM practices
and CP. This perspective emphasizes how firms exploit existing knowledge and explore
new knowledge within and across organizational boundaries [10,48]. These activities serve
different learning needs, and their performance benefits may vary with environmental
conditions [19,20]. While stable demand allows firms to continue benefiting from improve-
ments to established practices, frequent changes in demand may reduce the usefulness of
existing knowledge, making new solutions developed through internal experimentation
and collaboration with customers and suppliers more valuable for CP. We therefore exam-
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ine market turbulence as a moderator of the relationships between the four QM practices
and CP.

Figure 1 presents the proposed model. External Al implementation is expected to
support EIEP and EREP, while internal Al implementation is expected to support EIIP and
ERIP. All four QM practices are proposed to contribute positively to CP. Market turbulence
is expected to weaken the performance associations of exploitative QM practices and
strengthen those of exploratory QM practices.

Al implementation

: External Al
i implementation

Competitive
performance

H3 (+) : H10b(+)

1 Internal Al
: implementation

Figure 1. Research model. Note: EIEP: exploitative external QM practices; EREP: exploratory external
QM practices; EIIP: exploitative internal QM practices; ERIP: exploratory internal QM practices.

3.2. External Al Implementation and External QM Practices

The cross-boundary ambidexterity perspective distinguishes between exploitative
and exploratory learning conducted across organizational boundaries [10]. Within the
external domain, exploitation focuses on the refinement of established interorganizational
routines, such as responding to current customer requirements and maintaining the quality
and reliability of supplier inputs. External Al implementation enables firms to use data
from ongoing customer and supplier relationships to improve the efficiency, consistency,
and reliability of these existing routines, therefore strengthening exploitative external QM
practices (EIEP).

External Al implementation can strengthen EIEP by improving customer responsive-
ness. Organizational learning theory views exploitation as the refinement and extension
of existing knowledge, competencies, and routines through accumulated experience [50].
Al-enabled customer service systems can automate routine inquiries and after-sales re-
quests while providing timely responses to customers [52]. Beyond automation, Al can
also analyze interaction data to refine communication templates and response protocols,
thereby improving existing customer service routines [53].

Moreover, external Al implementation can improve EIEP by facilitating more ef-
ficient supplier management. Supplier collaboration often involves substantial cross-
organizational information processing costs, which can hinder the timely integration of
delivery and quality information [54,55]. Al-based supply chain analytics can collect and
analyze real-time supplier data, automate performance evaluation, and identify potential
risks from historical collaboration patterns [12,56]. These capabilities improve supplier eval-
uation and enable firms to manage quality issues more proactively. For example, Al- and
machine-learning-based digital insights have been used by FedEx to address supply chain
disruptions and market challenges [57]. Therefore, we propose the following hypothesis:

Hypothesis 1. External Al implementation is positively related to EIEP.
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The cross-boundary ambidexterity perspective conceptualizes external exploration
as the search for new knowledge, opportunities, and solutions beyond the firm’s bound-
aries [10]. According to this perspective, the dilemma faced by EREP is to identify external
innovation opportunities and suitable partners under uncertainty. External Al implementa-
tion can analyze multi-source data to support such search and reduce trial-and-error costs,
so as to offer directional guidance for exploratory external QM practices (EREP).

External Al implementation enhances EREP by supporting exploratory customer
collaboration. Organizational learning theory characterizes exploration as search, experi-
mentation, and the pursuit of new alternatives under uncertainty [50]. Customer needs
relevant to exploratory innovation are often latent, weakly expressed, and distributed across
large volumes of unstructured feedback. Using technologies such as natural language pro-
cessing, Al can extract and translate such feedback into actionable insights, helping firms
identify and evaluate new innovation opportunities more systematically [58,59]. For ex-
ample, Sandvik combines IBM’s Al analytics with Newtrax’s positioning technology to
co-develop digitalized and automated mining solutions with customers [59].

External Al implementation can support EREP by assessing potential innovation
partners and informing joint product and process development. According to dynamic
capabilities theory [54,55], enterprises need to sense changes and seize opportunities when
conducting exploration in uncertain environments. By analyzing suppliers’ patents, techni-
cal documents, R&D investments, and industry data, Al can help assess their technological
capabilities and innovation potential, thereby improving partner selection and opportunity
identification. For instance, Airbus uses Skywise to share data with suppliers and jointly
develop applications for supply-chain coordination, quality improvement, and predictive
maintenance [60]. Hence, we propose:

Hypothesis 2. External Al implementation is positively related to EREP.

3.3. Internal Al Implementation and Internal QM Practices

From the cross-boundary ambidexterity perspective, internal exploitation involves re-
fining established knowledge and routines within the firm’s organizational boundaries [10].
Since firms exercise relatively direct control over their proprietary data, operating processes,
and decision authority, internally deployed Al can be closely embedded in existing quality-
control routines to improve the speed, accuracy, and consistency of process improvement.

Internal Al implementation enhances EIIP by strengthening feedback-based process
improvement. Organizational learning theory views exploitation as the refinement and
application of existing knowledge and competencies through accumulated experience [9,50].
Internal Al implementation facilitates this process by continuously collecting and analyzing
quality data from existing operations. Technologies such as machine learning, computer
vision, and Internet of Things sensors enable firms to detect defects and process deviations
in real time and provide timely feedback for corrective actions [61]. This faster and more
accurate feedback helps firms refine established production routines and improve process
stability and output consistency.

Internal Al implementation can also support EIIP by improving quality data accessi-
bility and transparency across management hierarchies. Dynamic capabilities theory em-
phasizes the integration and reconfiguration of organizational resources and processes [55].
In the context of EIIP, Al-based platforms can combine data from equipment sensors, pro-
duction systems, and customer relationship management systems, reducing information
fragmentation across departments [62]. Machine-learning algorithms can further identify
relationships between process conditions and quality outcomes, helping firms trace recur-
ring problems and target areas for improvement. Al-enabled dashboards and automated
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recommendations also provide managers with timely quality information to support more
precise adjustments to existing processes [63]. Based on the above derivation, we propose
the following hypothesis:

Hypothesis 3. Internal Al implementation is positively related to EIIP.

The cross-boundary ambidexterity perspective views internal exploration as the search
for new knowledge, processes, and solutions within the firm’s boundaries, which requires
firms to move beyond familiar solutions and experiment with alternative approaches to
production and quality improvement. Internal Al implementation can support exploratory
internal QM practices (ERIP) by enabling firms to identify, evaluate, and test new possibilities.

Internal Al implementation can first strengthen ERIP by broadening the scope of
internal knowledge search. Organizational learning theory characterizes exploration as
experimentation, variation, and the search for unfamiliar alternatives [50]. Manufacturing
enterprises that leverage internal Al implementation, such as generative Al and reinforce-
ment learning, can explore unconventional process designs and production scheduling
strategies that might not be readily conceived by human experts [64]. For example, Out-
lier’s Al implementation identifies hidden anomalies in large datasets and translates them
into interpretable insights [64,65]. Such capabilities help firms discover unconventional
alternatives and move beyond local optimization in existing processes.

Internal Al implementation also reduces the trial-and-error costs and potential losses
associated with ERIP by creating virtual experimentation environments. Exploratory learn-
ing is often constrained by high trial-and-error costs and uncertainty [50]. By integrating
R&D data, production parameters, and equipment information, Al-enabled simulation
environments allow firms to model and test alternative process solutions before physical
implementation [58]. This lowers the cost of experimentation and makes the exploration of
new production and quality-management approaches more feasible. Therefore, we propose:

Hypothesis 4. Internal Al implementation is positively related to ERIP.

3.4. QM Practices and Competitive Performance

Exploitative external QM practices (EIEP) may contribute to CP by improving customer
interactions and consolidating the firm’s existing market base. By responding promptly to
customer demands and ensuring reliable order fulfillment, firms can provide more consis-
tent service experiences. Higher customer satisfaction can strengthen loyalty and positive
word-of-mouth, helping firms retain customers while reducing the costs of acquiring new
ones [66]. Over time, the trust built through reliable and efficient service supports stable
market share and profitability, thereby translating EIEP into competitive performance.

EIEP can also improve CP through more standardized and tightly controlled supplier
management. Strict supplier selection, process control, and continuous monitoring help
firms reduce supplier-related quality variation, production disruptions, and the costs
of quality correction and material waste [67]. Greater operational stability also releases
financial and human resources that can be redirected toward strategic activities such
as R&D and talent development. In this way, efficient supply chain control not only
improves current operations but also provides a resource foundation for sustaining future
competitiveness [68]. Therefore, we propose:

Hypothesis 5. EIEP is positively related to Competitive Performance.

Exploratory external QM practices (EREP) may contribute to CP through strength-
ening market awareness and first-mover advantages. Collaborating with customers in
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co-innovation activities allows manufacturing enterprises to gain direct market feedback,
thereby improving product-market fit [69]. At the same time, early involvement of sup-
pliers can facilitate the adoption of new materials and processes, reduce development
costs, shorten development cycles, and improve product innovation [70]. For example,
Boeing involves customer representatives in new aircraft development, helping reduce
costly late-stage design changes and rework [69]. Such early and collaborative innova-
tion can enable firms to enter markets faster, attract early adopters, and strengthen their
competitive position.

EREP may also contribute to CP by building collaborative innovation networks that
enhance firms’ resilience to external shocks. Close relationships with customers and suppli-
ers can help firms detect emerging market and technological changes earlier and gain faster
access to external knowledge and resources [71]. When market disruptions or technological
shifts occur, firms with stronger external innovation networks are better able to reconfigure
resources, redirect innovation efforts, and recover more quickly. This adaptability helps
firms maintain competitive performance under environmental turbulence [72]. Therefore,
we propose:

Hypothesis 6. EREP is positively related to Competitive Performance.

Exploitative internal QM practices (EIIP) may enhance CP by improving operational
stability and efficiency through standardized process control. Standardization allows
manufacturing firms to replicate proven operating routines across products and production
units while maintaining consistent quality [73]. Meanwhile, through continuous monitoring
and refinement of the production process, EIIP promotes improvements in production
quality, reduction in waste, and decrease in quality-related costs [74]. These improvements
create cost advantages, enabling enterprises to navigate price competition with ease or
secure higher profits at the same price. For example, the Toyota Production System ensures
the consistency and stability of production processes worldwide through standardized
operations, thereby achieving efficient replication and expansion of the operational model.
Moreover, the system’s emphasis on continuous improvement supports ongoing refinement
of production processes [75].

EIIP can also strengthen CP by enhancing the reliability and speed of operational
decision-making. By integrating quality data across departments, EIIP enables manage-
ment to swiftly identify production anomalies and adjust production plans and process
parameters based on comprehensive information [76]. Such information can also support
personnel decisions, such as targeted skill training or role adjustments, ensuring that com-
petent individuals assume key responsibilities [74]. This timely production and personnel
decision-making mechanism reduces rework and waste, shortens the production cycle, and
improves process efficiency. Therefore, we propose the following hypothesis:

Hypothesis 7. EIIP is positively related to Competitive Performance.

Exploratory internal QM practices (ERIP) may contribute to CP primarily through
technological and managerial innovations. Firstly, ERIP supports the development of
radical innovations such as new processes or disruptive manufacturing technologies. These
outputs can be institutionalized into durable competitive barriers through patents, trade
secrets, or industry standards, thereby securing sustained revenue streams [77]. ERIP can
also facilitate the development of distinctive management systems that differentiate firms
from competitors and improve their adaptability to market change [78]. More broadly,
continuous exploration strengthens organizational learning, risk tolerance, and the capacity
for change, providing an important basis for sustained competitiveness.

https:/ /doi.org/10.3390/app16199774


https://doi.org/10.3390/app16199774

Appl. Sci. 2026, 16,9774

12 of 33

ERIP may further contribute to CP by cultivating an organizational environment that
supports exploration, experimentation, and collaboration. Such an environment sharpens
the firm’s ability to sense market shifts and accelerate the launch of new products and
services that meet evolving customer needs, thereby effectively expanding market share [79].
For example, General Electric, Siemens, and Philips, which have long held strong positions
in the medical imaging market, have continuously invested in open exploration and
embedded innovation into organizational routines [80]. Such an exploratory environment
fostered by ERIP promotes continuous learning and adaptability, enabling enterprises to
respond more effectively to technological and market changes and sustain their competitive
position. Therefore, we propose:

Hypothesis 8. ERIP is positively related to Competitive Performance.

3.5. Moderating Effect of Market Turbulence

Market turbulence refers to the extent to which a firm’s competitive market changes
over time, including shifts in customer requirements and demand [81,82]. Such changes
affect the usefulness of existing knowledge and the need to develop new responses. Ex-
ploitative QM practices improve efficiency and reliability by refining established routines,
whereas exploratory QM practices emphasize search, experimentation, and the develop-
ment of new quality solutions. Accordingly, their performance effects depend on how
well these practices fit changing market conditions. Research on organizational learning
suggests that exploratory innovation becomes more valuable in dynamic environments [19].
We therefore expect market turbulence to weaken the positive relationships of EIEP and
EIIP with CP and strengthen those of EREP and ERIP with CP.

Market turbulence may weaken the contribution of EIEP to CP by reducing the value
of established customer and supplier routines. EIEP focuses on meeting current customer
requirements and maintaining supplier quality through established interorganizational rou-
tines. Under relatively stable conditions, these practices improve customer responsiveness,
input consistency, and supply-chain efficiency [83]. However, when customer preferences
change quickly, routine feedback may provide limited insight into emerging needs, and
improvements based on familiar requests can consequently lag behind changes in what
customers value [20]. On the supply side, retaining the same qualification criteria and
supplier relationships when product requirements change may make it harder to introduce
new partners or adjust supply arrangements. These constraints become more consequen-
tial when firms need access to alternative suppliers to respond to changing demand [84].
Consequently, greater market turbulence weakens the contribution of EIEP to CP.

Market turbulence may also weaken the contribution of EIIP to CP because incre-
mental improvements are less effective when market requirements change substantially.
EIIP relies on standardization, process control, and incremental improvement to enhance
efficiency and output consistency. These practices are particularly valuable when products,
technologies, and demand patterns remain relatively stable, because firms can exploit
scale economies and accumulate experience around established production systems [74].
Under high market turbulence, however, changing customer requirements may require
new product features or production methods. Small adjustments to existing processes may
improve the efficiency of producing current products but offer limited help in delivering
the products customers now need. The resulting efficiency gains, therefore, make a smaller
contribution to CP. Moreover, evaluating improvements mainly against established quality
measures can direct managers’ attention toward familiar problems and delay consideration
of alternative processes [20]. This focus can slow the changes needed to respond to new
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demand, further limiting the performance benefits of EIIP under high market turbulence.
Therefore, we propose the following hypothesis:

Hypothesis 9. Market turbulence negatively moderates the relationships of EIEP (H9a) and EIIP
(H9b) with Competitive Performance.

Market turbulence may strengthen the contribution of EREP to CP by making cus-
tomer and supplier involvement more valuable for developing products that meet changing
demand. Organizational information processing theory suggests that environmental un-
certainty increases the gap between the information firms require and the information
available for decision-making [85]. EREP helps narrow this gap by involving customers,
suppliers, and other partners in the collection and interpretation of market and technolog-
ical information. Customer involvement allows development teams to clarify emerging
needs and assess proposed product features [69]. Early supplier involvement provides
knowledge about materials and production options, helping firms resolve design problems
before committing to a particular solution [70]. Cross-organizational collaboration also dis-
tributes the costs and risks of experimentation and allows firms to combine information that
no single organization possesses independently [70,84]. As turbulence increases, these capa-
bilities strengthen firms’ ability to interpret market signals, redirect resources, and pursue
emerging opportunities. In more stable markets, existing customer and supplier knowledge
remains useful for longer, so exploratory collaboration provides fewer immediate benefits.
Hence, EREP contributes more strongly to CP as market turbulence increases.

Market turbulence may strengthen the contribution of ERIP to CP because frequent
changes in demand increase the value of finding and testing new production methods.
ERIP encourages firms to search for innovative processes and learn from competitors’
practices [9]. Through these activities, firms gain experience in evaluating alternatives
and introducing process changes, helping them develop their innovation capability [78].
This experience becomes particularly useful when changing customer requirements call for
products that existing processes cannot produce efficiently. Firms that regularly explore
new methods are better prepared to select suitable alternatives and put revised production
arrangements into practice. Such adjustments can shorten response times and improve
product offerings, allowing process innovation to contribute to operational and financial
performance [77]. However, under stable market conditions, firms can continue using
established processes for longer, making the benefits of developing alternatives less imme-
diate. Higher market turbulence, therefore, increases the performance value of ERIP, and
we propose the following hypothesis:

Hypothesis 10. Market turbulence positively moderates the relationships of EREP (H10a) and
ERIP (H10b) with Competitive Performance.

4. Research Design
4.1. Sample and Procedures

Following prior research on QM practices in China [9,68], we surveyed top managers
of Chinese manufacturing enterprises. China’s large manufacturing sector and growing use
of Al provide a suitable setting for examining how Al implementation relates to competitive
performance through quality management practices. We employed structural equation
modeling (SEM) to evaluate the proposed hypotheses. This methodology was selected for
two main reasons: (1) the key constructs can be effectively measured as latent variables
and are suitable to be assessed by top managers in organizations, and (2) the relationships
between these constructs are complex. The survey was conducted online in July and
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August 2025 by a professional third-party agency with a nationwide panel of enterprise
managers. Purposive screening identified chairpersons, general managers, and other senior
executives of manufacturing firms who were familiar with their firms” Al implementation
and QM practices. The agency contacted 1017 firms through its own distribution channels.

Our questionnaire includes two parts: items on the key constructs in this study
and questions on respondents’ and enterprises’ demographics. Within this single survey,
retrospective questions referred to Al implementation one year earlier and QM practices
and market turbulence six months earlier, while CP referred to current performance. An
unrelated marker variable was included to address potential common method bias [86].
Before formal distribution, we conducted a pilot survey with 203 senior managers from
manufacturing firms to assess the scales’ reliability and validity [87].

Of 1017 firms contacted, 742 submitted questionnaires (72.96%). Sequential screening
excluded 48 with missing key items, 67 completed below the platform’s minimum time
threshold, 60 failing attention checks or containing clear logical inconsistencies, and 12 du-
plicate firm submissions. The final sample comprised 555 managers from 555 distinct firms,
representing 74.80% of returned questionnaires and 54.57% of contacted firms. Among
respondents, 63.06% were chairpersons and 27.93% were general managers. Mean firm age
was 23.83 years (SD = 16.89). The sample covered 30 provincial-level regions and 163 cities,
with 54.77% in eastern, 14.41% in central, 23.06% in western, and 7.75% in northeastern
China. Labor-, capital-, and technology-intensive firms accounted for 26.49%, 45.95%,
and 27.57%, respectively. Firms were classified as micro, small, medium, or large using
the employment and annual revenue criteria in the National Bureau of Statistics’ 2017
classification [88]. Micro, small, and medium enterprises together accounted for 90.99% of
the sample.

Before data collection, the study received approval from the Institutional Review
Board. Adults aged 18 or older provided electronic informed consent before entering the
questionnaire and could decline or withdraw without penalty. The questionnaire collected
no names, company names, or contact details. Data were securely stored with access
restricted to the research team and reported only in aggregate.

4.2. Measurement Instrument

Table Al in Appendix A provides details regarding the measures employed for our
key constructs and their sources. The English scales were translated into Chinese and
independently back-translated by two trained bilingual research assistants. A faculty
researcher familiar with Al and management reviewed the reconciled version against the
original. Industry experts then assessed terminology, item clarity, and contextual relevance,
leading to minor wording adjustments. All statements in the surveys were evaluated using
a 5-point Likert scale, where 1 represented “strongly disagree” and 5 represented “strongly
agree” unless otherwise stated.

Independent variables: External Al implementation was measured with the four-item
scale of Talaei-Khoei et al. [89]. A sample item is “Your company uses Al to maintain collab-
oration with existing partners.” The Cronbach’s alpha was 0.90. Internal Al implementation
was measured with the four-item scale of Talaei-Khoei et al. [89]. A sample item is “Your
company uses Al to handle communication within the firm.” The Cronbach’s alpha was
0.90. Before answering, respondents were instructed to distinguish Al implementations
involving prediction, learning, complex interaction, or adaptive decision support from
broader digital technologies or digitalization.

Mediators: The four QM practices were measured with the scale from Wu and
Zhang [9]. An example item of EIEP is “We are highly responsive to our customers’
needs.” (Cronbach’s alpha = 0.89). A typical item of EREP is “We consult suppliers in
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the early stages of product development to get new ideas of products and processes.”
(Cronbach’s alpha = 0.81). An example item of EIIP is “Quality data (defects, complaints,
satisfaction, etc.) are available to different management levels.” (Cronbach’s alpha = 0.86).
A typical item of ERIP is “We keep monitoring the processes of competitors to improve
and update our own processes.” (Cronbach’s alpha = 0.92).

Dependent variable: Competitive performance was measured with the seven-item
scale from Waheed and Zhang [40]. An example item is “Compared with our main competi-
tors, our firm has a shorter product or service delivery cycle time.” The Cronbach’s alpha
was 0.91. Consistent with the source study, CP was specified as a reflective construct [40].

Moderator variable: Market turbulence was measured using the three-item scale of
Candi et al. [90]. A sample item is “Changes in our industry are intense.” The Cronbach’s
alpha was 0.87.

Control variables: We controlled for firm age, size, and industry type. Firm size was
coded from 1 (micro) to 4 (large). Industry type reflected the dominant production input:
labor, fixed capital, or technology and Ré&D.

5. Results
5.1. Measurement Model

This study employed a two-step structural equation modeling (SEM) method, be-
ginning with confirmatory factor analysis (CFA) to assess the measurement model, and
proceeding to test the theoretical model only if the CFA results indicated construct validity
and a good fit [91], which is widely accepted as a standard procedure for SEM analysis [92].
Analyses used Mplus 8.3 with robust maximum likelihood estimation (MLR), treating
five-point indicators as approximately continuous. Item-level screening found no miss-
ing responses in the final sample. MLR sandwich standard errors and scaled chi-square
statistics accommodated potential non-normality and heteroskedasticity.

We used Mplus 8.3 to conduct CFA to test the validity and reliability of the constructs.
The model fit (x? = 1117.309, df = 436, p < 0.001; SRMR = 0.042 < 0.06, RMSEA = 0.053 < 0.06,
CFI =0.927 > 0.9, TLI = 0.917 > 0.9) for the eight-factor model (external Al implementation,
internal Al implementation, EIEP, EREP, EIIP, ERIP, CP, market turbulence) showed better
fit than the competing models in Table 2, lending support for discriminant validity [93].
Standardized factor loadings for the measured items on their respective constructs were
above 0.6, the composite reliabilities (CRs) of the latent variables were greater than 0.7,
average variances extracted (AVE) exceeded 0.5, and Cronbach’s alphas were all above 0.7.
These results indicate that the convergent validity and reliability of the variables were ac-
ceptable [94]. Exploratory factor analysis (EFA) showed that each item loaded more strongly
on its intended construct than on other constructs. For discriminant validity, the construct
correlations are lower than the square root of AVE of their respective constructs [94], and
all the correlations among the constructs are less than 0.7 [95]. These findings provide
support for the discriminant validity of our constructs. Table 3 presents the means, standard
deviations, and correlations of the study variables. The heterotrait-monotrait ratio (HTMT)
ranged from 0.047 to 0.428, below 0.85 (Table A2). Competing CFA models successively
merged the two most highly correlated factors while retaining earlier merges.

Table 2. Competing confirmatory factor analysis models.

Factors New Merger x2 ar - x*df CFI TLI  RMSEA SRMR
8 None 111731 436 2.56 0.927 0.917 0.053 0.042
7 ExtAI + IntAl 2182.03 443 493 0.813 0.791 0.084 0.074
6 ERIP + CP 3108.04 449 6.92 0.714 0.684 0.103 0.090
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Table 2. Cont.
Factors New Merger x> df  x*ldf  CFI TLI  RMSEA SRMR
5 EIEP + (ERIP, CP) 4099.37 454 9.03 0.608 0.572 0.120 0.108
4 EIIP + (EIEP, ERIP, CP) 4810.01 458 10.50 0.533 0.494 0.131 0.122
3 (ExtAl IntAl) + (EIEP, EIIP, ERIP, CP)  5890.62 461 12.78 0417 0372 0.146 0.134
2 EREP + preceding group 6350.81 463 13.72 0.368 0.322 0.151 0.140
1 MT + preceding group 7080.74 464 1526 0.289 0.240 0.160 0.148

Note: N =555. x2 values are MLR-scaled statistics and should not be subtracted directly. Each model
retains preceding mergers. ExtAl = external Al implementation, IntAI = internal Al implementation,
CP = competitive performance, and MT = market turbulence.

Table 3. Means, standard deviations, and correlations.

Variable M SD 1 2 3 4 5 6 7 8 9
! External Al 285 073
implementation
2 Internal AL 279 076 038
implementation
3 EIEP 339 064 0.28** 0.17 %
4 EREP 281 057 0.15*** 0.07 0.08
5 EIIP 297 071 018** 034** 013*  0.18***
6 ERIP 334 059 016** 027** 017** 013*  0.15***
7CP 332  0.61 0.23** 028** 033** (023** 028** 0.36***
8 Market turbulence 3.62 0.75 0.06 0.05 0.17 ***  0.14 *** 0.02 0.14 *** 0.05
9 Firm age 23.83 16.89  —0.03 0.02 0.00 0.05 0.07 0.09* 017** —0.01
10 Firm size 232 082 -0.06  0.11* 0.08 0.09 * 0.18**  0.09* 018** —0.00 0.33***

Note: N = 555. Pearson correlations are reported. * p < 0.05, ** p < 0.01, *** p < 0.001. Firm size:
1 = micro enterprise; 2 = small enterprise; 3 = medium enterprise; 4 = large enterprise.

5.2. Common Method Bias

We adopted procedural and statistical approaches to assess potential common method
bias (CMB). Procedurally, an unrelated three-item marker variable measuring managers’
emotional exhaustion was embedded between the measures of Al implementation and
QM practices. Emotional exhaustion was theoretically unrelated to the focal constructs. Its
correlations with the study variables were small, ranging from —0.07 to 0.04, indicating
limited common method contamination [86,96].

Statistically, we first conducted Harman's single-factor test. The first unrotated factor
explained 24.34% of the total variance, well below the recommended 40% threshold [97].
We then applied a confirmatory factor analysis marker-variable technique. The baseline
model, in which the marker-factor loadings on the substantive items were fixed to zero,
yielded x?(532) = 1252.001. Allowing these loadings to vary produced x?(500) = 1221.104.
The Satorra—Bentler scaled chi-square difference test indicated that introducing the method
factor did not significantly improve model fit, Ax?sp(32) = 24.23, p > 0.05. Taken together,
the marker-variable correlations, Harman's test, and CFA marker analysis suggest that com-
mon method variance is unlikely to account for a meaningful proportion of the observed
relationships or materially affect the study’s conclusions [98].

5.3. Results of Hypothesis Testing

We used latent SEM with measurements via Mplus 8.3 to test our hypothesized
mediation model. The overall mediation model fits the data well ()(2 =1197.788, df = 458,
p < 0.001; SRMR = 0.051, RMSEA = 0.054, CFI = 0.917, TLI = 0.905). The model also
estimated the non-hypothesized cross-boundary Al-to-QM paths and the direct paths from
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both AI constructs to CP, alongside the hypothesized paths and controls. Structural paths,
interactions, and decomposed effects are unstandardized coefficients (b) with MLR robust
standard errors.

The results, presented in Table 4 and Figure 2, show that external Al implementation
is positively related to EIEP (b = 0.29, SE = 0.07, p < 0.001) and EREP (b = 0.14, SE = 0.05,
p < 0.01); thus, Hypothesis 1 and Hypothesis 2 are supported. Internal Al implementation
is positively related to EIIP (b = 0.33, SE = 0.07, p < 0.001) and ERIP (b = 0.19, SE = 0.04,
p < 0.001); thus, Hypothesis 3 and Hypothesis 4 are supported. EIEP (b = 0.20, SE = 0.05,
p <0.001), EREP (b = 0.20, SE = 0.06, p < 0.01), EIIP (b = 0.15, SE = 0.06, p < 0.05) and ERIP
(b =0.28, SE = 0.05, p < 0.001) are all positively related to CP, supporting H5-HS.

Table 4. SEM coefficients for the mediation model.

Predictors EIEP EREP EIIP ERIP Ccp
External Al implementation 0.29 *** (0.07) 0.14 ** (0.05) 0.05 (0.07) 0.07 (0.05) 0.05 (0.06)
Internal Al implementation 0.06 (0.05) 0.01 (0.04) 0.33 ** (0.07) 0.19 *** (0.04) 0.07 (0.05)
EIEP 0.20 *** (0.05)
EREP 0.20 ** (0.06)
EIIP 0.15 * (0.06)
ERIP 0.28 *** (0.05)
Firm age 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 ** (0.00)
Firm size 0.09 * (0.04) 0.05 (0.03) 0.14 ** (0.05) 0.04 (0.04) 0.05 (0.03)
Industry type Controlled Controlled Controlled Controlled Controlled
R? 0.10 0.05 0.18 0.10 0.31

Note: N = 555; standard errors (SEs) are shown in parentheses; * p < 0.05; ** p < 0.01; *** p < 0.001.

Market turbulence

Al implementation

: External Al
implementation

b=0.26"

Competitive
performance

Internal Al
E implementation

__________________________

Figure 2. Results of structural equation modeling. Note: * p < 0.05, ** p < 0.01, *** p < 0.001. Path
coefficients are unstandardized (b).

We assessed the indirect associations of Al implementation with CP through QM prac-
tices using 20,000 joint Monte Carlo draws from the MLR parameter estimates and robust
covariance matrix. The 2.5th and 97.5th percentiles provided 95% confidence intervals
(CIs), retaining covariance among the estimated parameters [99]. The indirect effects were
positive through EIEP (external AI: b = 0.0584, 95% CI [0.0220, 0.1077]), EREP (external Al:
b =0.0281, 95% CI [0.0070, 0.0565]), EIIP (internal Al: b = 0.0484, 95% CI [0.0084, 0.0889]),
and ERIP (internal Al b = 0.0524, 95% CI [0.0242, 0.0874]).

The total indirect effects across all four QM practices were 0.1121 (95% CI [0.0541,
0.1752]) for external Al and 0.1149 (95% CI [0.0524, 0.1785]) for internal Al. Their re-
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maining direct effects were not significant: 0.0494 (95% CI [—-0.0609, 0.1576]) and 0.0706
(95% CI [—0.0231, 0.1649]), respectively. Adding these direct and total indirect effects
yielded total effects of 0.1614 (95% CI [0.0475, 0.2755]) and 0.1855 (95% CI [0.0867, 0.2831]).
Thus, the observed AI-CP associations were primarily reflected in the QM pathways.

The non-hypothesized cross-boundary paths were not significant: external Al to EIIP
(b = 0.0519, 95% CI [—0.0842, 0.1852]) and ERIP (b = 0.0650, 95% CI [—-0.0324, 0.1610]),
and internal AI to EIEP (b = 0.0604, 95% CI [—0.0385, 0.1608]) and EREP (b = 0.0090,
95% CI [—0.0683, 0.0869]). The corresponding indirect effects on CP were also nonsignif-
icant: 0.0077 [—0.0130, 0.0348], 0.0179 [—0.0093, 0.0445], 0.0123 [—0.0081, 0.0355], and
0.0018 [—0.0141, 0.0188], respectively. These findings are consistent with Al implementa-
tion being more closely associated with QM practices in the same organizational domain.
Transfers across domains may require additional coordination, which the present model
does not directly test.

5.4. Moderating Effects of Market Turbulence

To test the moderated mediation model, we used the latent moderated structural
equation method. Because conventional fit indices are unavailable for latent moder-
ated structural equations (LMS), we compared Akaike information criterion (AIC) values
with the corresponding eight-factor model without an interaction [100]. The AIC values
for the four moderated mediation models (AICggrep = 31,188.555, AICEgrip = 31,193.434,
AICgpp = 31,192.729, AICgp = 31,185.880) were lower than that for the corresponding
model without an interaction (31,198.541). As presented in Table 5, market turbulence
strengthens the associations of EREP (b = 0.26, SE = 0.10, p < 0.01) and ERIP (b = 0.16,
SE = 0.07, p < 0.05) with CP, and weakens the associations of EIEP (b = —0.12, SE = 0.06,
p < 0.05) and EIIP (b = —0.21, SE = 0.06, p < 0.01) with CP. Hence, H9 and H10 are supported.

Table 5. SEM coefficients for the moderated mediation model.

Moderation Moderation Model Moderation Model Moderation Model
Predictors Model for EREP for ERIP for EIEP for EIIP
CP CP CP CP
External Al implementation 0.05 (0.06) 0.04 (0.06) 0.06 (0.06) 0.06 (0.05)
Internal Al implementation 0.07 (0.05) 0.08 (0.05) 0.07 (0.05) 0.08 (0.05)
EIEP 0.19 *** (0.05) 0.20 *** (0.05) 0.19 *** (0.05) 0.19 *** (0.05)
EREP 0.21 *** (0.06) 0.20 ** (0.06) 0.22 *** (0.06) 0.20 *** (0.06)
EIIP 0.15 * (0.06) 0.15 * (0.06) 0.13 * (0.06) 0.13 * (0.06)
ERIP 0.28 *** (0.05) 0.27 *** (0.05) 0.30 *** (0.05) 0.28 *** (0.05)
Market turbulence —0.10 (0.05) —0.05 (0.05) —0.02 (0.04) 0.02 (0.05)
EREP * Market turbulence 0.26 ** (0.10)
ERIP * Market turbulence 0.16 * (0.07)
EIEP * Market turbulence —0.12 * (0.06)
EIIP * Market turbulence —0.21 ** (0.06)
Firm age 0.004 ** (0.002) 0.004 * (0.002) 0.004 ** (0.002) 0.004 ** (0.002)
Firm size 0.04 (0.03) 0.05 (0.03) 0.05 (0.03) 0.05 (0.03)
Industry type Controlled Controlled Controlled Controlled
R? 0.33 0.33 0.34 0.33

Notes: N = 555; standard errors (SEs) are shown in parentheses; * p < 0.05; ** p < 0.01; *** p < 0.001.

We plot the interaction effects in Figure 3. Specifically, when market turbulence was at
higher levels (+5D), the simple slopes for the four QM practices were: bye,_grep = 0.398,
SE =0.106, p < 0.001; byign_grip = 0.387, SE = 0.075, p < 0.001; byg,_g1ep = 0.104, SE = 0.071,
p =0.141; and bhigh_EHp = —0.014, SE = 0.072, p = 0.842. When market turbulence was at
lower levels (-SD), the effects of the four QM practices were: by, prep = 0.029, SE = 0.075,
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p= 0698, blowﬁERIP = 0162, SE = 0059, p< 001, blowﬁEIEP = 0277, SE = 0060, p< 0001, and
biow_enp = 0.279, SE = 0.075, p < 0.001.
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Figure 3. Moderating effects of market turbulence. (a) The relationship between EREP and CP for
higher and lower levels of market turbulence. (b) The relationship between ERIP and CP for higher
and lower levels of market turbulence. (c) The relationship between EIEP and CP for higher and
lower levels of market turbulence. (d) The relationship between EIIP and CP for higher and lower
levels of market turbulence.

We then assessed conditional indirect effects at low (—1 latent SD), mean, and high
(+1 latent SD) market turbulence. Each effect equals the Al-to-QM coefficient multiplied by
the conditional QM-to-CP coefficient. The index of moderated mediation is the product of
the Al-to-QM and interaction coefficients [101]. CIs were obtained from 20,000 joint Monte
Carlo draws per model, retaining parameter covariances and uncertainty in the estimated
moderator variance [99].

For external Al implementation — EIEP — CP, the indirect effect decreased from
0.0801 (95% CI [0.0318, 0.1447]) at low turbulence to 0.0302 (95% CI [—0.0094, 0.0796]) at
high turbulence. The index was —0.0359 (95% CI [—0.0831, —0.0008]). For external Al
implementation — EREP — CP, the effect increased from 0.0041 (95% CI [—0.0169, 0.0296])
to 0.0556 (95% CI [0.0154, 0.1052]), with an index of 0.0369 (95% CI [0.0060, 0.0767]).

For internal Al implementation — EIIP — CD, the indirect effect decreased from
0.0914 (95% CI [0.0431, 0.1445]) at low turbulence to —0.0047 (95% CI [—0.0554, 0.0417])
at high turbulence. The index was —0.0690 (95% CI [—0.1177, —0.0267]). For internal Al
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implementation — ERIP — CP, the effect increased from 0.0309 (95% CI [0.0079, 0.0603]) to
0.0737 (95% CI [0.0313, 0.1280]), with an index of 0.0307 (95% CI [0.0038, 0.0674]). All four
index CIs excluded zero, supporting moderated mediation.

5.5. Endogeneity Analysis

To assess whether the estimated effects of Al implementation on QM practices are
sensitive to potential endogeneity, we conducted a two-stage least squares (2SLS) analysis.
Because the focal concern lies in the links from internal and external Al implementation to the
four QM practices, we treated the two Al implementation constructs as endogenous regressors.

We used two city-level instruments: the log-transformed number of Al enterprises
(IV1) and the share of employment in the information transmission, computer services,
and software industry (IV2). Al-firm agglomeration can lower search, procurement, and
support costs through access to specialized suppliers and knowledge [102]. A larger digital
workforce can ease recruitment and system-integration constraints. Both instruments
reflect city-level supplies of Al technologies and digital talent, which are unlikely to directly
alter a firm’s supplier management, customer involvement, or internal quality routines.
For these resources to contribute to QM practices, firms must deploy them through Al
implementation and integrate them into their business processes [14,103]. We therefore
expect their effects on QM and CP to operate through firm-level Al implementation. The
instruments were constructed from objective secondary data obtained from the Chinese
Research Data Services Platform and official government statistics, matched to firms by
city, and measured in the year preceding the survey. This temporal separation and reliance
on third-party data further reduce concerns associated with same-source, cross-sectional
measurement. Owing to missing municipal data, the 2S5LS sample comprises 529 firms.

The diagnostic tests provide evidence relevant to instrument strength and validity.
In both the external- and internal-Al models, the two instruments significantly predicted
the corresponding Al implementation variable. The Kleibergen—Paap rk LM tests rejected
underidentification (p < 0.001), and the Cragg—-Donald Wald F statistics (48.579 for external
Al and 27.579 for internal Al) exceeded the relevant Stock—Yogo critical values, indicating
that weak-instrument bias is unlikely [104,105]. The Hansen | tests did not reject the
overidentifying restrictions for EIEP (p = 0.174), EREP (p = 0.914), EIIP (p = 0.780), or ERIP
(p = 0.609). In the second stage, external Al implementation remained positively related to
EIEP and EREP, while internal Al implementation remained positively related to EIIP and
ERIP. These results, reported in Table 6, suggest that the main associations persist in the
25SLS analysis, conditional on the instruments” exclusion restrictions.

Table 6. Results of the two-stage least squares analysis.

First Stage Second Stage First Stage Second Stage
Variables External Al EIEP EREP Internal Al EITP ERIP
Implementation Implementation
V1 0.08 *** 0.09 ***
(0.02) (0.03)
v2 17.13 *** 11.23 **
(2.97) (4.00)
Firm age —0.00 —0.00 0.00 —0.00 0.00 0.00
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Firm size —0.05 0.10 ** 0.05 0.12 ** 0.10* 0.02
(0.04) (0.04) (0.03) (0.04) (0.04) (0.04)
Al implementation 0.34 *** 0.18* 0.36 ** 0.32 **
(0.10) (0.09) (0.13) (0.11)
Constant 2.05 *** 2.26 *** 2.10 *** 1.51 *** 1.81 *** 2.38 ***
(0.20) (0.30) (0.28) (0.22) (0.33) (0.28)
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Table 6. Cont.
First Stage Second Stage First Stage Second Stage
Variables
External Al EIEP EREP Internal Al EITP ERIP
Implementation Implementation
Industry type Controlled Controlled Controlled Controlled Controlled Controlled
Observations 529 529 529 529 529 529
Adjusted R? 0.16 0.08 0.03 0.11 0.13 0.05
Kleibergen-Paap rk LM Statistic 47.03 38.11
Underidentification Test p-value p <0.001 p <0.001
Cragg-Donald Wald F Statistic 48.58 27.58
Hansen | Test p-value 0.17 091 0.78 0.61

Note: * p < 0.05, ** p < 0.01, *** p < 0.001. Standard errors in parentheses. The sample size is reduced
to 529 observations because the municipal-level data for some firms are unavailable due to issues
such as local institutional regulations and non-uniform statistical reporting standards.

6. Discussion
6.1. Discussion of Findings

The results support the proposed framework, suggesting that enterprise Al imple-
mentation is positively associated with CP through QM practices. First, the results show
that the value of Al implementation is boundary-specific rather than uniform. External Al
implementation mainly creates value through external QM practices, whereas internal Al
implementation operates primarily through internal QM practices. This suggests that the
performance value of Al depends on where it is embedded and the organizational activities
through which it is translated into action.

Second, the estimated associations of internal Al implementation with QM practices
are numerically larger than those of external Al implementation, suggesting that Al may
contribute to value more readily when firms retain direct control over data, processes, and
implementation routines. Conversely, external Al implementation depends on partners’
information sharing and participation, consistent with research on digital platforms and
network capabilities [47]. From a cross-boundary ambidexterity perspective, this pattern
suggests that uncertainty across external boundaries may limit how readily external Al
implementation supports QM practices.

Third, current Al implementation has numerically larger estimated associations with
exploitative than exploratory QM practices. This pattern suggests that the current strengths
of Al remain concentrated in activities with clearer objectives, established routines, and
richer historical data [106,107]. Al may support monitoring and incremental problem
solving, while its role in experimentation and ambiguous tasks may depend on additional
organizational conditions. The smaller coefficients for exploratory practices may reflect lim-
itations of Al in addressing poorly structured and strategically uncertain tasks. This finding
suggests that Al’s present benefits may be more concentrated in exploitative QM practices.

Fourth, ERIP has the numerically largest estimated coefficient in its association with
CP. This finding suggests that CP may reflect firms’ capacity for adaptation as well as effi-
ciency [108]. ERIP benefits from stronger internal control and greater access to firm-specific
resources, allowing firms to experiment, recombine knowledge, and develop innovation
routines that are difficult to imitate. By contrast, EREP relies on cross-organizational collab-
oration, where knowledge spillovers may weaken firms’ ability to capture the returns from
innovation [109,110]. Among exploitative practices, the estimated coefficient of EIEP on CP
is larger than that of EIIP on CP, possibly because customer responsiveness and supplier
quality coordination extend firms’ resource base and enhance resilience. EIIP, however, is
primarily confined to incremental efficiency gains within existing operations, limiting its
contribution to longer-term differentiation.
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Fifth, two of the positive indirect associations involve external Al implementation
and CP through EIEP, and internal Al implementation and CP through ERIP. The former
pathway uses established technologies to enhance customer responsiveness and supply
chain stability, which may contribute to performance. Meanwhile, the latter may support
internal experimentation through Al-assisted analysis and iteration. Together, these two
pathways offer insights regarding how manufacturing enterprises can balance short-term
gains with long-term development through differentiated Al implementation.

Sixth, market turbulence helps explain when these practices are more closely asso-
ciated with performance. The stronger associations of exploratory QM practices under
high turbulence accord with research linking innovation and external collaboration to
performance in changing markets [111,112]. The weaker associations of exploitative QM
practices under high turbulence suggest that reliable execution of established routines
becomes less valuable when demand changes. The findings thus extend the cross-boundary
ambidexterity perspective to the performance relevance of QM practices under different
market conditions.

Drawing on the above discussion, this study ultimately synthesizes an integrated
framework that illustrates the differential impacts of Al implementation across domains on
CP through various QM dimensions (as shown in Table 7). This framework aims to present
the complex underlying mechanisms with greater clarity.

Table 7. Differential pathways from enterprise Al implementation to CP through QM practices.

Exploitative QM Practices

Exploratory QM Practices

Al-to-QM association: b = 0.29

Indirect association with CP: b = 0.0584
Interpretation: Tasks are well-defined and
technological solutions are mature

Al-to-QM association: b =0.14

Indirect association with CP: b = 0.0281
Interpretation: Faces the dual challenge of
“high task ambiguity” and “low

. External A.I (e.g., intelligent customer service), enabling controllability.” Collaborative innovation
implementation . . . . L
direct enhancements in responsiveness and involves complex external coordination
coordination efficiency. This pathway may and uncertainty, causing the benefits of Al
strengthen operational foundations for to be limited across the extended
performance gains. value chain.
Al-to-QM association: b = 0.33 Al-to-QM association: b = 0.19
Indirect association with CP: b = 0.0484 Indirect association with CP: b = 0.0524
Interpretation: High task clarity closely aligns Interpretation: Leveraging strong internal
Internal Al ) X . . . .
. . with AI’s core strengths. Coupled with strong  control, Al implementation can effectively
implementation . .
reduce the trial-and-error costs and risks

organizational control over internal resources,
this allows for potential benefits in cost
reduction and efficiency enhancement.

associated with radical innovation, which
may support process innovation.

6.2. Theoretical Contributions

The theoretical contributions are as follows. First, this study refines the conceptual-
ization of Al implementation by distinguishing its internal and external organizational
domains. Unlike studies centered on overall Al capabilities or particular business func-
tions [11-14], we examine how the organizational scope of implementation relates to distinct
QM practices. This aligns with the views of Zhou et al. [44] and Li et al. [45], who suggest
that digitalization follows distinct pathways shaped by strategic focus. We complement
their arguments by distinguishing internal and external Al implementation and explaining
their associations with QM practices. These differences give substantive meaning to the
internal-external distinction, connecting where firms apply Al with the organizational
conditions under which Al may support management practices. This provides a more
fine-grained understanding of how Al implementation may acquire organizational value.
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Second, this study extends research on the technological antecedents of QM practices
to the Al domain by examining how Al implementation relates to heterogeneous QM prac-
tices. The existing literature primarily examines the aggregate impacts of mature digital
technologies such as blockchain on QM practices. Most prior studies treat QM practices as
a homogeneous set of practices and fail to capture the divergent evolutionary patterns of
internally distinct practice orientations [4,5,7]. By introducing and building upon the four-
dimensional framework of QM practices [9], we treat Al as a technological antecedent and
explore the mechanisms whereby Al affects enterprises” QM practices. It is worth noting
that the estimated coefficients linking Al implementation to exploitative QM practices were
numerically larger than those for exploratory practices. This finding corroborates the view
that Al currently functions mainly to reinforce existing paradigms and enhance the efficiency
of solving well-defined problems [107]. Its effectiveness in handling high-ambiguity tasks
remains constrained. Thus, this study offers a more nuanced and dynamic theoretical lens for
understanding the evolutionary path and inherent tensions of QM practices in the era of AL

Third, this study adds explanation to the relationship between Al implementation and
CP. Whereas prior accounts emphasize supply chain analytics, decision-making agility, and
dynamic capabilities [12,31,34], we examine QM practices as potential mediating mecha-
nisms and conduct a detailed analysis based on a four-dimensional framework. This aligns
with Haefner et al.’s [113] argument that Al value realization depends on complementary
organizational capabilities. We extend this account by specifying how such complementar-
ity may be expressed in practices of quality control and innovation. In addition, this study
identifies market turbulence as a key boundary condition in the relationship between QM
practices and CP, supporting the view that environmental dynamism increases the contribu-
tion of innovation and external resource integration to firm performance [111,112]. These
findings provide a basis for firms to deploy Al to adjust their QM priorities to prevailing
market conditions rather than relying on a fixed configuration.

Finally, this study extends the research from a cross-boundary ambidexterity per-
spective. While prior studies [51,114] have demonstrated that digital technologies can
effectively support the implementation of cross-boundary ambidextrous management, this
study extends the application of this theoretical lens to the context of Al-enabled QM prac-
tices. Moreover, existing studies often assume that a balanced configuration of exploration
and exploitation is generally beneficial, while giving limited consideration to the contingent
returns of different ambidextrous activities [51,115,116]. Our findings show that the value
of exploitative and exploratory QM practices depends systematically on market turbu-
lence, therefore advancing ambidexterity research from assessing whether ambidextrous
management improves performance [117,118] to explaining when different ambidextrous
dimensions create value. It also suggests how internal and external Al implementation may
relate to tensions between exploration and exploitation in QM practices, thereby extending
the logic of ambidextrous balance toward a more dynamic and context-sensitive account of
organizational adaptation [54,119].

6.3. Practical Implications

The practical implications are detailed below. First, manufacturing firms can align
Al implementation with the specific QM capability they aim to strengthen rather than
adopt Al in a broad or undifferentiated manner [113]. Specifically, firms seeking faster
responses to current customer needs can deploy intelligent customer-service systems
and supplier-monitoring tools to strengthen EIEP. Implementation can begin with high-
frequency external problems, such as recurring complaints or delivery delays, followed by
customer and supplier data integration and a phased human—AlI review process. Toyota
Motor Europe’s use of Al agents to monitor logistics arrival times and coordinate responses
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with partners illustrates this approach [120]. Firms pursuing joint innovation can use
collaborative platforms to support ERED, initially piloting them with selected customers or
suppliers while establishing clear rules for data sharing and intellectual property. Internally,
predictive maintenance and automated inspection are suitable for EIIP, whereas digital
twins and generative design can support ERIP. Pilot selection, resource allocation, and
evaluation indicators can therefore vary with the targeted QM practices.

Second, ERIP represents an important strategic investment that may contribute to CP.
Managers can institutionalize ERIP by establishing dedicated innovation funds, forming cross-
functional teams involving quality, production, research and development, and data specialists,
and giving these teams access to operational and research and development data [108]. Digital
twins, simulation systems, and generative design can then be used to test alternative process
or product configurations before costly physical implementation. China Railway Rolling
Stock Corporation Tangshan’s use of digital twins and AI models for virtual prototype
verification illustrates how this approach can shorten design-validation cycles and reduce
material costs [121]. The evaluation of such projects can extend beyond short-term financial
returns to place greater emphasis on outcomes such as generated patents, new knowledge
systems, and organizational dynamic adaptive capabilities. Through sustained investment in
these areas, an enterprise can develop its QM capacity in support of competitive performance.

Third, manufacturing firms can allocate Al resources to both routine improvement and
exploratory projects, with evaluation criteria suited to each objective. For firms seeking to
improve external responsiveness, external Al implementation may be particularly relevant
when combined with EIEP. By contrast, firms emphasizing internal process innovation
may benefit more from pairing internal Al implementation with ERIP. Firms can adopt
differentiated evaluation and management models aligned with distinct strategic orienta-
tions. Short-term projects can be assessed via explicit return on investment and efficiency
improvement indicators to deliver rapid outcomes. Long-term projects, treated as research
and development investments, can be managed with flexible budgets, extended evaluation
cycles and higher tolerance for uncertainty. Meanwhile, enterprises can configure resources
for these two tracks and seek potential dynamic synergies between them. For instance,
the stable returns and high-quality data gained from EIEP may provide crucial resource
support and real-world validation for ERIP. In practical implementation, firms may adopt
differentiated portfolio strategies based on their own resource endowments.

Fourth, enterprises can flexibly adjust their QM strategies in response to market
turbulence. The moderation results indicate that the associations of exploitative QM
practices with CP weaken as market turbulence increases, whereas those of exploratory QM
practices strengthen. Accordingly, enterprises may tentatively adopt QM strategies aligned
with the characteristics of their respective industries. For firms in mature industries with
stable demand, they can prioritize the construction of internal exploitative QM systems
while maintaining standardized external quality coordination with supply chain partners
to support competitive performance through operational efficiency. For firms in emerging
or highly customized industries with volatile demand, they can tilt QM resources toward
exploratory practices, especially strengthening co-innovation with core customers and
suppliers on quality solutions, and simultaneously cultivating internal quality innovation
capabilities, to adapt to dynamic market changes and support competitive performance.

6.4. Limitations and Future Directions

First, the sample comprises Chinese manufacturing firms, which constrains the gen-
eralizability of the findings. Various contextual conditions may shape the relationship
between Al implementation and QM practices, for instance industrial policies, regulation,
supply-chain structures, and cultural attitudes. Cross-country and cross-industry compar-

https:/ /doi.org/10.3390/app16199774


https://doi.org/10.3390/app16199774

Appl. Sci. 2026, 16,9774

25 of 33

isons could examine these influences, including whether regulatory frameworks such as
the EU AI Act affect the relationships observed here.

Second, single-source reports may introduce common method and perceptual bias.
The cross-sectional design also limits causal inference despite the instrumental-variable sen-
sitivity analysis. Future studies could combine Al implementation reports from managers,
QM assessments from quality staff, and archival performance data, using longitudinal or
experimental designs to establish temporal relationships.

Third, the measurement of Al implementation could be further refined. The concise
Al implementation scales cannot fully capture the multidimensional depth and maturity of
firm-level Al implementation. Future research could combine survey measures with Al
expenditure or patents and develop measures covering technical infrastructure, organiza-
tional deployment, process integration, and value realization to examine these aspects of
internal and external Al implementation.

Fourth, the CP measure captures current performance relative to competitors. Future
research on sustained competitive performance could select measures for the intended
performance dimensions at the questionnaire-design stage and combine longitudinal data
with an appropriate higher-order or formative specification.

Finally, future research could examine whether managerial attention, leadership style,
and attitudes toward Al shape firms’ ability to translate Al implementation into improved
QM practices and CP.
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SEM Structural Equation Modeling

CFA Confirmatory Factor Analysis
CR Composite Reliability
AVE Average Variance Extracted

CMB Common Method Bias
25LS Two-Stage Least Squares
EFA Exploratory Factor Analysis

EIEP Exploitative External QM Practices

EIIP Exploitative Internal QM Practices

EREP Exploratory External QM Practices

ERIP Exploratory Internal QM Practices

SRMR Standardized Root Mean Square Residual
RMSEA  Root Mean Square Error of Approximation

CFI Comparative Fit Index
TLI Tucker-Lewis Index
HTMT Heterotrait-Monotrait Ratio

LMS Latent Moderated Structural Equation

MLR Robust Maximum Likelihood

Appendix A

Table Al. Measurement items, reliability, and

validity.

Constructs

Items

Factor Loading

Reliability and Validity

External Al
Implementation [89]

Please indicate the extent to which you
agree with the following statements
based on your firm’s actual Al
implementation one year ago.

Your company uses Al to
access information.

0.765

Your company uses Al to establish
business collaborations with
new partners.

0.818

CR =0.899, AVE = 0.689,
a =0.897

Your company uses Al to maintain
collaboration with existing partners.

0.864

Your company uses Al to handle
external communication with the
firm’s stakeholders.

0.870

Internal Al
Implementation [89]

Please indicate the extent to which you
agree with the following statements
based on your firm’s actual Al
implementation one year ago.

Your company uses Al to enable
competence/skill development
for employees.

0.856

CR =0.904, AVE =0.701,

Your company uses Al to enable market
planning on a project level.

0.854

a =0.903

Your company uses Al to enable
strategic planning at a corporate level.

0.835

Your company uses Al to handle
communication within the firm.

0.804
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Table Al. Cont.

Constructs

Items

Factor Loading Reliability and Validity

Exploitative
External QM Practices
(EIEP) [9]

Please indicate the extent to which you
agree with the following statements
based on your firm’s actual quality
management practices six months ago.

We are highly responsive to our
customers’ needs.

0.924
CR =0.888, AVE =0.668,

Quality is our number one criterion in
selecting suppliers.

0.859 a =0.889

We regularly survey our
customers’ requirements.

0.778

We require evidence of statistical process
control from suppliers of critical parts.

0.690

Exploratory
External QM Practices
(EREP) [9]

Please indicate the extent to which you
agree with the following statements
based on your firm’s actual quality
management practices six months ago.

We involve customers in developing
new products.

0.729 CR = 0818, AVE = 0.602,

We consult suppliers in early stages of
product development to get new ideas
of products and processes.

a =0.811
0.739

We involve suppliers in developing new
products or processes.

0.853

Exploitative
Internal QM Practices
(EIIP) [9]

Please indicate the extent to which you
agree with the following statements
based on your firm’s actual quality
management practices six months ago.

Quality data (defects, complaints,
satisfaction etc.) are available to
different management levels.

0.738

We make extensive use of statistical
techniques to reduce variance
in processes.

CR =0.859, AVE = 0.604,
a =0.857
0.799

Quality data are timely.

0.794

Quality data are used to evaluate
supervisors’ and
managers’ performance.

0.777

Exploratory
Internal QM Practices
(ERIP) [9]

Please indicate the extent to which you
agree with the following statements
based on your firm’s actual quality
management practices six months ago.

We continually improve all aspects of
products and processes.

0.888 CR = 0919, AVE = 0.791,

We keep searching for new,
innovative processes.

a=0918
0.934

We keep monitoring the processes of
competitors to improve and update our
Oown processes.

0.844
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Table Al. Cont.

Constructs

Items

Factor Loading Reliability and Validity

Competitive

Performance (CP) [40]

Based on your firm's situation at the
time of the survey, please indicate the
extent to which you agree with each of
the following statements.

Compared with our main competitors,
our firm achieves a higher return
on investment.

0.799

Compared with our main competitors,
our firm has a shorter product or service
delivery cycle time.

0.803

Compared with our main competitors,
our firm responds more rapidly to
market demand.

0.827

CR =0.911, AVE = 0.596,

Compared with our main competitors,
our firm confirms customer orders
more rapidly.

0.804

a=00911

Compared with our main competitors,
our firm achieves a higher level of
customer satisfaction.

0.723

Compared with our main competitors,
our firm achieves a higher profit growth
rate and a larger market share.

0.719

Compared with our main competitors,
our firm has lower operating costs.

0.720

Market Turbulence

[90]

Please indicate the extent to which you
agree with the following statements
based on the market conditions faced by
your firm six months ago.

Changes in our industry are intense.

0.855

CR =0.872, AVE =0.695,

In our competitive market, changes take
place continuously.

0.904

« =0.867

In a year, nothing has changed in our
competitive market. (R)

0.733

Note: CR: composite reliability; AVE: average variance extracted; a: Cronbach «. All items were
measured on a five-point scale, anchored by 1 = Strongly disagree, 2 = Disagree, 3 = Neither agree
nor disagree, 4 = Agree, 5 = Strongly agree. Factor loadings are STDYX standardized estimates.

(R) indicates a reverse-coded item.

Table A2. HTMT ratios.

Construct

ExtAl

IntAI EIEP EREP

EIIP

ERIP CP MT

ExtAl
IntAl
EIEP
EREP
EIIP
ERIP
cr
MT

0.428
0.312
0.178
0.199
0.175
0.249
0.074

0.189 —

0.086 0.098 —
0.388 0.150 0.211
0.294 0.193 0.150
0.308 0.366 0.270
0.066 0.189 0.168

0.168
0.323
0.047

0.390 —
0.162 0.066 —

Note: N = 555. All HTMT ratios are below 0.85. ExtAI = external Al implementation, IntAl = internal
Al implementation, CP = competitive performance, and MT = market turbulence.
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