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Abstract

Artificial intelligence (Al) is used in logistics, but the mechanisms linking Al utilization
to firm performance remain insufficiently differentiated. Drawing on the information
technology business value perspective and dynamic capabilities theory, this study examines
whether managers’ perceptions of logistics-oriented Al utilization are associated with
perceived firm performance through innovation capability and logistics efficiency, with
managerial support treated as a secondary boundary condition. Cross-sectional survey
data from 254 middle- and senior-level managers in Chinese logistics firms were analyzed
using IBM SPSS Statistics 27 and IBM SPSS Amos 29 (IBM Corp., Armonk, NY, USA),
and the PROCESS macro version 4.2 (Andrew F. Hayes, Calgary, AB, Canada), with
Model 83 and 5000 bootstrap samples. Perceived Al utilization was positively associated
with innovation capability, logistics efficiency, and perceived firm performance. Both
mediators showed significant indirect effects, and their sequential indirect effect was
also significant. The two individual indirect effects did not differ significantly, but both
exceeded the sequential indirect effect. The proposed sequential, reverse-sequence, and
parallel-mediation models produced identical fit indices, whereas the restricted direct-
effects model showed weaker fit. Neither the Al utilization-managerial support interaction
nor the moderated mediation indices was significant. Exploratory item-level analyses
showed differentiated associations for demand forecasting and order allocation and for
Al infrastructure; the pattern remained stable among 194 respondents involved in Al-
or digital transformation-related activities. Innovation capability and logistics efficiency
appear to function as complementary mechanisms, with a smaller capability-to-process
pathway. Their relative ordering cannot be determined from the cross-sectional data. As the
data are self-reported, the findings represent associations among managerial perceptions
rather than objective causal effects. Sustainability implications are limited to operational
efficiency because environmental outcomes were not directly measured.

Keywords: artificial intelligence utilization; logistics firms; innovation capability; logistics
efficiency; perceived firm performance; parallel mediation; managerial support; sustainable
logistics; China

1. Introduction

Logistics firms are increasingly expected to improve operational efficiency while
responding to sustainability-related pressures. In China, the logistics industry plays an

Sustainability 2026, 18, 7525

https://doi.org/10.3390/su18157525


https://crossmark.crossref.org/dialog?doi=10.3390/su18157525&domain=pdf&date_stamp=2026-07-23
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0000-0002-9221-5185
https://doi.org/10.3390/su18157525

Sustainability 2026, 18, 7525

2 of 43

important role in production, circulation, e-commerce, manufacturing integration, and
regional development. At the same time, the sector faces pressure from energy use, delivery
intensity, carbon emissions, and the need for low-carbon transformation. Prior studies have
linked China’s logistics development to carbon emissions, energy eco-efficiency, regional
logistics efficiency, and low-carbon constraints [1-10]. Studies on artificial intelligence
and sustainable supply chains also suggest that artificial intelligence may support eco-
efficient logistics, supply chain performance prediction, low-carbon decision support, and
sustainability-oriented operations [11-18]. However, these studies do not imply that the
use of Al automatically leads to improvements in environmental performance. Such claims
require direct indicators such as carbon emissions, energy use, fuel consumption, or waste
reduction. Logistics performance has also been linked to green logistics performance,
service quality, and triple-bottom-line outcomes [19-21]. For logistics firms, sustainability
is therefore closely related to resource-efficient operations, reduced process waste, reliable
service delivery, and improved coordination. However, operational efficiency should not be
treated as direct evidence of environmental performance unless carbon emissions, energy
use, waste reduction, or other environmental indicators are directly measured.

Artificial intelligence is increasingly used to support logistics operations. In this
study, Al utilization refers to managers’ assessments of the extent to which their firms
use or invest in logistics-oriented Al applications in operational and managerial processes.
Consistent with the broader operational scope described in the questionnaire, these applica-
tions include cargo transportation, dispatching and routing support, inventory forecasting,
warehouse management, customer demand forecasting, order allocation, customer service
support, Al infrastructure, operational data analysis, and managerial decision support.
This definition distinguishes Al utilization from routine digital tools, descriptive report-
ing systems, and purely rule-based information systems that do not learn from data or
generate prediction or optimization outputs. Therefore, the study examines perceived
logistics-oriented Al utilization across transportation, warehousing, inventory, dispatching,
customer-related operations, and managerial decision-making, rather than direct technical
audits of Al systems, physical assets, data infrastructure, or objective system performance.
Prior research has shown that artificial intelligence, machine learning, automation, predic-
tive analytics, and smart logistics systems may support logistics planning, supply chain
resilience, and operational coordination [22-27]. More specific logistics studies have exam-
ined warehouse optimization, inventory forecasting, routing, automation, smart logistics
systems, and applications of artificial intelligence in supply chain operations [28-36].

Prior Al-logistics research can be broadly distinguished at two levels. Application- and
task-level studies examine how specific Al systems support sustainable logistics optimiza-
tion, human-AlI collaboration in truck operations, and Al-enabled reverse logistics [37-39].
These studies provide detailed evidence on particular tasks and process outcomes. Still,
they do not by themselves explain how Al utilization across multiple logistics processes
becomes associated with firm-level performance. In contrast, firm-level studies examine
Al and machine learning as organizational capabilities or strategic enablers associated
with strategic performance measurement, supply chain consistency, logistics capabilities,
and firm performance [40,41]. This stream provides an organizational perspective but
often treats Al utilization as an aggregate resource. The present study is positioned pri-
marily within the firm-level stream: it examines managers’ perceptions of firm-level Al
use or investment across multiple logistics processes rather than the application-specific
performance of individual Al systems.

Application-level research further indicates that different Al functions may support
different logistics processes. Predictive analytics and demand forecasting have been applied
to demand and inventory planning; routing and optimization systems to transportation
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and dispatching; warehouse analytics and automation to storage, picking, and material
handling; and Al-based decision-support tools to operational coordination and managerial
decision-making [37-39]. These application—process relationships provide operational
context for the firm-level Al utilization construct examined in this study. However, because
the questionnaire did not include separate multi-item measures for each application domain,
the present study does not empirically compare the individual effects of these domains.

Despite this potential, the business value of artificial intelligence is not automatic. The
information technology business value perspective argues that digital technologies are
linked to performance when they are embedded in organizational routines and combined
with complementary resources and capabilities [42,43]. This view is consistent with the
artificial intelligence productivity paradox, which suggests that the benefits of artificial in-
telligence may depend on organizational adaptation, process redesign, and complementary
investments [44—-46]. Dynamic capabilities theory further suggests that firms must sense
opportunities, seize technological possibilities, and reconfigure resources to transform tech-
nological inputs into performance outcomes [47,48]. In this study, Al utilization is viewed
as a technological input that may support sensing through richer operational information,
seizing through new service or process opportunities, and transforming through the re-
design of logistics routines. In logistics firms, Al utilization may therefore be associated
with perceived firm performance when it is connected with innovation capability and
logistics efficiency.

Innovation capability and logistics efficiency are two important mechanisms in this
process. Artificial intelligence may support innovation capability by improving informa-
tion processing, opportunity recognition, knowledge recombination, service development,
and business model adjustment [49-54]. Firm-level studies also suggest that artificial
intelligence and digital transformation may be linked to industrial innovation, product
innovation, organizational learning, strategic agility, and ambidextrous innovation [55-67].
For logistics firms, this capability is important because logistics services increasingly require
rapid responses to demand variability, smart warehousing, platform-based competition,
and customer-specific operational requirements. Logistics efficiency is more directly con-
nected to daily operations. Artificial intelligence may support logistics efficiency through
better forecasting, routing, order allocation, inventory control, warehouse operations, and
real-time decision support. These improvements may reduce delays, lower costs, improve
responsiveness, and support more reliable service delivery [68-74]. At the same time,
efficiency gains do not automatically mean sustainability gains. If improved efficiency
leads to expanded delivery volume, higher service frequency, or increased resource use,
the environmental benefits may be weakened. Therefore, this study treats logistics effi-
ciency as a sustainability-relevant operational pathway rather than a direct measure of
environmental sustainability.

Managerial support may also influence how artificial intelligence is implemented.
Artificial intelligence projects often require resource allocation, employee training, data
governance, system integration, process redesign, and cross-functional coordination. From
an upper echelons perspective, managerial attention and strategic priorities shape how
technologies are interpreted and implemented within organizations [75]. Prior studies on
digital transformation, top management support, predictive analytics, human-artificial
intelligence complementarity, informatization support, technological change, and organiza-
tional change suggest that managerial and organizational conditions can affect whether
digital technologies become embedded in work routines [76-85]. Therefore, this study
examines whether managerial support strengthens the relationship between Al utilization
and innovation capability. Because managerial support is measured as a general support
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construct, this moderating role is treated as an empirical question rather than assumed to
be effective in all artificial intelligence implementation contexts.

Although prior studies have examined artificial intelligence, logistics performance,
digital transformation, and sustainability, three gaps remain. First, application- and task-
level studies identify how specific Al systems support particular logistics activities, but they
offer a limited explanation of how Al use across multiple processes is associated with firm-
level performance [37-39]. Second, recent firm-level studies have linked Al and machine
learning to strategic performance measures, logistics capabilities, supply chain consistency,
and firm performance [40,41]. Accordingly, the research gap does not concern whether Al
utilization is generally associated with positive organizational outcomes; rather, it concerns
the organizational mechanisms through which perceived Al utilization across multiple
logistics processes becomes associated with firm-level performance. In particular, limited
attention has been paid to whether innovation capability and logistics efficiency operate
as complementary organizational mechanisms and whether an additional capability-to-
process pathway, in which innovation capability is associated with logistics efficiency, is also
empirically plausible. Third, the sustainability relevance of Al in logistics is often discussed
conceptually or through application-specific outcomes. Empirical studies, therefore, need to
distinguish operational efficiency from direct environmental performance when emissions,
energy use, fuel consumption, and waste are not objectively measured. General managerial
support is examined in this study as an additional boundary condition rather than as the
central explanatory mechanism.

To address these gaps, this study investigates how managers’ perceptions of firm-level
Al use or investment across multiple logistics processes are associated with perceived
firm performance among Chinese logistics firms. The research model examines multiple
organizational pathways through which perceived cross-process Al utilization may be
associated with perceived firm performance. Specifically, innovation capability and lo-
gistics efficiency are examined as complementary mediating mechanisms, together with
an additional sequential capability-to-process pathway linking innovation capability to
logistics efficiency. Managerial support is examined as an additional potential boundary
condition in the relationship between Al utilization and innovation capability. The study
does not identify which individual Al application is technically superior, nor does it es-
timate objective improvements in delivery time, inventory accuracy, energy use, carbon
emissions, or other operational and environmental outcomes. The application examples
used to describe Al utilization clarify the content domain of the firm-level construct mea-
sured in the questionnaire; they are not separate latent variables or additional paths in the
research model. China provides a relevant empirical context because its logistics sector is
large, rapidly digitalizing, and affected by e-commerce growth, manufacturing-logistics
integration, platformization, regional network expansion, and low-carbon transformation
pressures [1,2,6-10,86-89].

This study makes three main contributions. First, it clarifies the relationship between
application-level and firm-level Al logistics research by using prior application-specific
studies to define the operational content of a firm-level Al utilization construct. This posi-
tioning recognizes the process specificity emphasized in studies of logistics optimization,
truck operations, and reverse logistics [37-39], while examining the organizational-level
pathway emphasized in recent performance and capability research [40,41]. Second, the
study contributes to the business value of artificial intelligence by examining multiple
organizational mechanisms through which perceived Al utilization may become associated
with firm performance. The principal novelty does not lie in proposing isolated positive
relationships; rather, it lies in distinguishing a capability-based pathway through innova-
tion capability, a process-based pathway through logistics efficiency, and an additional
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sequential capability-to-process pathway. In this way, the study avoids assuming a single
direct or exclusively ordered Al-performance mechanism and instead evaluates whether
these mechanisms operate in complementary ways. This pathway links the information
technology business value perspective with the dynamic capabilities theory. Third, the
study contributes to sustainable logistics research by clarifying an efficiency-based opera-
tional pathway without equating perceived logistics efficiency with direct environmental
improvement. Because the study does not directly measure carbon emissions, energy
consumption, fuel use, waste reduction, or objective environmental performance, its sus-
tainability contribution is operational and efficiency-based. The non-significant moderating
effect of general managerial support is treated as a secondary boundary finding rather than
the model’s central contribution.

Based on this background, the study addresses three research questions. First, how
is perceived firm-level Al utilization across multiple logistics processes associated with
perceived firm performance in logistics-related firms? Second, do innovation capability
and logistics efficiency mediate this association as complementary mechanisms, and is an
additional sequential capability-to-process pathway also empirically supported? Third,
does general managerial support strengthen the relationship between Al utilization and
innovation capability? By answering these questions, the study provides an organizational-
level explanation of how perceived cross-process Al utilization is associated with capability
development, logistics process efficiency, and perceived firm performance, while explicitly
distinguishing this purpose from application-specific technical evaluation.

2. Materials and Methods
2.1. Research Design and Research Model

This study uses a quantitative, cross-sectional survey design to examine the associa-
tions between perceived firm-level Al utilization across multiple logistics processes and
perceived firm performance in logistics-related firms. Survey-based organizational research
is useful for examining managers’ assessments of technological utilization, organizational
capabilities, operational processes, and multidimensional firm-level outcomes when ex-
ternally audited technical and performance data are not uniformly available [40,41,90,91].
However, because the data are cross-sectional and self-reported, the estimated relationships
represent statistical associations among the constructs rather than established temporal or
causal effects.

In this study, logistics-oriented Al utilization refers to managers’ assessments of the ex-
tent to which their firms use or invest in Al applications related to logistics operations and
managerial decision-making. Consistent with the measurement items, these applications
include cargo transportation, inventory forecasting, warehouse management, customer
demand forecasting, order allocation, Al infrastructure, data analysis, and decision support.
Prior studies indicate that Al, machine learning, predictive analytics, automation, and opti-
mization systems are applied across transportation, routing, inventory planning, warehous-
ing, supply chain coordination, and operational decision-making [22-36]. Application-level
studies have also examined sustainable logistics optimization, human-AlI collaboration in
truck operations, and Al-enabled reverse logistics [37-39]. In contrast, firm-level studies
have treated Al and machine learning as broader organizational resources or strategic
enablers associated with logistics capabilities and firm performance [40,41]. Accordingly,
the construct used in this study captures perceived firm-level Al utilization across multiple
logistics processes rather than direct technical audits of physical assets, data infrastructure,
specific software systems, algorithms, or objective system performance.

Perceived firm performance is treated as the outcome variable. Innovation capability
and logistics efficiency are conceptualized as distinct yet connected mediating mechanisms.
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Innovation capability represents a capability-building mechanism through which firms may
recognize Al-enabled opportunities, recombine information and knowledge, develop new
service or process ideas, and redesign organizational routines. Prior research has associated
Al and digital transformation with innovation capability, service innovation, business
model innovation, organizational learning, agility, and knowledge recombination [49-67].
Logistics efficiency represents a process-level mechanism through which Al-related and
capability-based changes may become associated with cost efficiency, responsiveness,
service reliability, operational coordination, and continuous process improvement. This
positioning is consistent with prior logistics research that links digital innovation, predic-
tive analytics, smart logistics, technological innovation, and process redesign to logistics
efficiency and operational performance [22-36,68-74].

The theoretical structure of the model draws on the information technology business
value perspective and dynamic capabilities theory. The information technology busi-
ness value perspective suggests that technological resources are more likely to become
performance-relevant when they are embedded in organizational routines and combined
with complementary capabilities and process-level changes [42—46]. Dynamic capabilities
theory further explains how firms may sense technological and operational opportuni-
ties, seize them through innovation and resource mobilization, and transform routines
and processes in response to changing conditions [47,48]. These perspectives support the
distinction between Al utilization as a technological resource, innovation capability as an
organizational capability mechanism, logistics efficiency as a process-level mechanism, and
perceived firm performance as the organizational outcome.

Managerial support is examined as a secondary boundary condition in the associa-
tion between Al utilization and innovation capability, rather than as the model’s central
explanatory mechanism. Previous studies suggest that managerial attention, resource
provision, project evaluation, employee support, and organizational coordination may
influence digital transformation and technology implementation [75-85]. However, the
effects of managerial support may depend on the specificity of the support provided. Broad
managerial encouragement may differ from implementation-specific mechanisms such
as data governance, technical training, system integration, process redesign, and cross-
functional coordination [76-85]. Therefore, the model treats general managerial support as
a potential moderator whose empirical relevance requires direct testing.

As shown in Figure 1, the research model includes three baseline associations from
Al utilization to innovation capability (H1a), logistics efficiency (H1b), and perceived firm
performance (Hlc). These paths reflect prior evidence that Al and related digital tech-
nologies may be associated with organizational innovation, logistics process efficiency,
and firm-level performance [22-41,49-74,92-104]. The model also includes the relation-
ship from innovation capability to logistics efficiency (H2a), reflecting the expectation that
firms with stronger innovation capabilities are better positioned to translate technological
information and opportunities into redesigned logistics routines and operational improve-
ments [47,48,63-74,105,106]. Logistics efficiency is associated with perceived firm perfor-
mance (H2b), as cost efficiency, responsiveness, reliability, and process coordination are cen-
tral to the competitiveness and performance of logistics-related firms [19-21,68-74]. Innova-
tion capability is also directly associated with perceived firm performance (H2c), consistent
with prior research that links innovation capability, innovation performance, organizational
agility, and business model development to broader firm-level outcomes [49-67,92-106].
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Managerial Support
(MS)
Secondary boundary condition

H4 H2c (+)

| l

H2a (+) H2b (+)
Innovation Capability Logistics Efficiency Perceived Firm Performance

(IN) (LE) (FP)

Al Utilization
(A)
Perceived firm-level Al use/
investment across logistics
processes
Transportation, forecasting,
warehousing, order allocation,
infrastructure, and decision support

H2es=3=s

Hla(+)

H1b (+)

Hic (+)

H3c: Proposed sequential indirect pathway
Al— IN — LE — FP
Figure 1. Research model. Note: Al utilization is modeled as an aggregate firm-level construct cover-
ing multiple logistics-oriented applications. Hla-H1c and H2a-H2c denote the direct structural paths.
H3c represents the proposed sequential indirect pathway through innovation capability and logistics
efficiency, and H4 represents the hypothesized moderating role of managerial support. Because the
data are cross-sectional and self-reported, the figure should be interpreted as a theoretically specified
association model rather than evidence of temporal or causal precedence.

The indirect hypotheses are represented by combinations of these structural paths
rather than by separate causal arrows. H3a concerns the indirect association between
Al utilization and perceived firm performance through innovation capability. H3b con-
cerns the indirect association through logistics efficiency. These hypotheses are consistent
with the information technology business value argument that technological resources
become performance-relevant through complementary organizational and process mecha-
nisms [42—46]. H3c concerns the sequential indirect association in which perceived Al uti-
lization is associated first with innovation capability, innovation capability is subsequently
associated with logistics efficiency, and logistics efficiency is associated with perceived firm
performance. This ordering reflects a capability-to-process interpretation derived from
dynamic capabilities theory, in which firms first develop or mobilize organizational capa-
bilities and then apply those capabilities to the redesign and improvement of operational
processes [47,48].

Nevertheless, innovation capability and logistics efficiency are not assumed to operate
only through a single exclusive sequence. Innovation capability may be directly associated
with perceived firm performance, while logistics efficiency may independently mediate the
Al utilization—performance association. The research model, therefore, permits capability-
based, process-based, and sequential indirect pathways. Appendix A comparisons with
reverse-sequence and parallel-mediation models are conducted to evaluate the relative
structural plausibility of these alternative explanations. These alternative models are treated
as robustness analyses rather than as additional formal hypotheses.

The proposed sequence places innovation capability before logistics efficiency because
it concerns the organizational ability to recognize and develop Al-enabled opportunities.
In contrast, logistics efficiency concerns the operational application of Al-related and
capability-based changes to logistics activities. This ordering is theoretically consistent
with the distinction between capability development and process-level value realization
in the information technology business value and dynamic capabilities literatures [42-48].
However, because the study uses cross-sectional data, the proposed ordering is theoretically
specified and statistically evaluated but should not be interpreted as establishing temporal
precedence or causality.
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The examples listed within the Al utilization construct in Figure 1 clarify the measure’s
operational scope. Prior research shows that predictive analytics may support demand
and inventory planning, optimization algorithms may support routing and dispatching,
warehouse analytics and automation may support storage and material handling, and
Al-based decision tools may support coordination and managerial decision-making [22-39].
Nevertheless, the examples in Figure 1 do not represent separate latent variables, validated
application-specific dimensions, or additional causal paths. The study, therefore, does not
estimate or compare the technical effectiveness of individual Al applications. Application-
specific differentiation is examined only through supplementary exploratory item-level
analyses, which should be interpreted with caution because a single questionnaire item
represents each application domain.

The model is most relevant to logistics-related firms that have begun using or in-
vesting in Al applications and seek to improve organizational capabilities and logistics
operations. It is not designed to determine whether the initial adoption of Al causes
objective improvements in delivery time, inventory accuracy, warehouse productivity,
fuel consumption, carbon emissions, energy use, or other operational and environmental
outcomes. Prior sustainability research indicates that Al and logistics efficiency may be
relevant to resource-efficient and sustainability-oriented operations [11-21]. Still, direct
environmental claims require objective measures of emissions, energy consumption, fuel
use, mileage, and waste reduction.

The five constructs are defined as follows. Al utilization refers to managers’ perceived
firm-level use of or investment in logistics-oriented Al applications in transportation,
forecasting, warehousing, order allocation, infrastructure, data analysis, and decision sup-
port [22—41]. Innovation capability refers to the firm’s perceived ability to encourage new
ideas, support innovation activities, identify market opportunities, transform Al-related
outputs into new services or business models, and maintain innovation management sys-
tems [49-67,105,106]. Logistics efficiency refers to managers’ perceptions of the operational
efficiency of logistics activities, including cost efficiency, service satisfaction, responsiveness,
continuous process improvement, and Al-enabled efficiency improvement [19-36,68-74].
Managerial support refers to the perceived extent to which managers encourage the use
of Al, provide resources, evaluate Al-related projects, support employee experimentation,
and promote organizational learning [75-85]. Firm performance refers to perceived or-
ganizational performance in profitability, employee satisfaction and cohesion, customer
satisfaction, operational efficiency, and social responsibility or sustainability-related perfor-
mance [90,91].

Because firm performance encompasses both financial and non-financial dimensions,
it is treated as a subjective, multidimensional organizational performance construct rather
than as an objective financial, operational, or environmental performance measure. Prior
research supports the use of subjective performance measures that integrate financial and
non-financial organizational outcomes, particularly when knowledgeable managers serve
as key informants [90,91]. Nevertheless, the findings should be interpreted as associations
among managerial perceptions rather than as objective evidence of financial, operational,
or environmental performance change.

2.2. Research Hypotheses

The hypotheses are developed from the perspective of information technology busi-
ness value and dynamic capabilities theory. The central theoretical question is not simply
whether perceived Al utilization is positively associated with organizational outcomes.
Such associations are theoretically plausible and have received increasing attention in prior
research. Rather, this study examines the organizational mechanisms through which man-
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agers’ perceptions of Al utilization across multiple logistics processes become associated
with perceived firm performance.

Al utilization is treated as a logistics-oriented technological resource, innovation capa-
bility as a capability-building mechanism, logistics efficiency as a process-level mechanism,
and perceived firm performance as the organizational outcome. The information tech-
nology business value perspective explains why the use of technology is more likely to
become performance-relevant when it is embedded in organizational routines and linked to
complementary capabilities and operational processes [42-46]. Dynamic capabilities theory
explains how firms sense technological and operational opportunities, seize them through
capability development, and transform organizational routines and processes [47,48].

Accordingly, the proposed model distinguishes baseline constituent associations from
the indirect mechanisms through which perceived Al utilization may become associated
with perceived firm performance. The direct relationships establish the structural compo-
nents of the broader model, but they are not presented as the principal theoretical novelty of
the study. Innovation capability and logistics efficiency are conceptualized as complemen-
tary mechanisms that may operate independently and sequentially. The model, therefore,
accommodates capability-based, process-based, and capability-to-process pathways rather
than assuming a single exclusive mechanism.

2.2.1. Baseline Associations of Al Utilization

Al utilization may be positively associated with innovation capability by supporting
information processing, opportunity recognition, knowledge recombination, and service
redesign. These functions are particularly relevant to logistics firms because managers
must respond to changes in customer demand, delivery uncertainty, inventory fluctuations,
and service-specific operational requirements. Al-based information and analytical outputs
may help firms identify operational problems, assess alternative service solutions, and
redesign logistics routines.

From a dynamic capabilities perspective, these functions are related to sensing, as
Al can help firms identify operational problems and changes in customer and market
conditions. They are related to seizing because firms may use Al-generated information
to develop new services, process solutions, or adjust their business models. They are
related to transforming because firms may redesign organizational routines and decision
processes around Al-enabled information. Prior studies also indicate that Al and digital
transformation are associated with innovation capability, service innovation, business
model innovation, organizational agility, and knowledge recombination [49-67,92-96].
Therefore, the following hypothesis is proposed:

H1a. Perceived Al utilization is positively associated with innovation capability.

Al utilization may also be positively associated with logistics efficiency. Logistics
operations require timely and accurate decisions in demand forecasting, routing, inventory
management, warehouse operations, transportation scheduling, order allocation, and ex-
ception handling. Learning-based prediction, algorithmic optimization, and Al-supported
analysis may reduce information delays, improve resource allocation, and support more
responsive logistics processes. For example, demand forecasting may support inventory
planning, routing algorithms may assist vehicle dispatching, and warehouse analytics
may help identify avoidable operational delays. This argument is consistent with prior
research on smart logistics, automation, predictive analytics, machine learning, inventory
forecasting, warehouse optimization, and supply chain optimization [22-36]. Thus, this
study proposes:
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H1b. Perceived Al utilization is positively associated with logistics efficiency.

Al utilization may also be positively associated with perceived firm performance
when it is linked to decision quality, process coordination, operational responsiveness,
and resource allocation. However, the information technology business value perspective
suggests that the use of technology alone does not guarantee performance improvement.
Technology is more likely to become performance-relevant when it is integrated into orga-
nizational routines and combined with complementary resources and capabilities [42—46].

Recent studies have linked Al capability, digital technologies, Al-driven decision-
making, and Al adoption with organizational or firm performance [40,41,97-104]. In
logistics firms, Al applications may become performance-relevant when they are con-
nected with operational activities such as forecasting, transportation planning, ware-
housing, order fulfillment, and customer response. The following baseline hypothesis is
therefore proposed:

Hilc. Perceived Al utilization is positively associated with perceived firm performance.

2.2.2. Capability, Process, and Performance Associations

Innovation capability and logistics efficiency represent conceptually distinct but po-
tentially connected aspects of Al-related value realization. Innovation capability reflects
a firm’s ability to recognize opportunities, recombine knowledge, develop new service
ideas, improve processes, and redesign organizational routines. Logistics efficiency re-
flects the perceived operational condition of logistics activities, including cost efficiency,
responsiveness, coordination, service reliability, and continuous process improvement.

Innovation capability is expected to be positively associated with logistics efficiency
because firms with stronger innovation capabilities may be better able to redesign work-
flows, introduce new service methods, adjust operational routines, and apply technological
information to operational problems. From a dynamic capabilities perspective, innovation
capability helps firms reconfigure resources and translate technological opportunities into
organizational and process changes [47,48].

In logistics firms, this relationship is important because operational efficiency often
depends on the firm’s ability to convert data-based insights into practical improvements
in transportation planning, warehouse operations, inventory control, order fulfillment,
and customer response. Prior research also suggests that technological innovation and
logistics innovation are associated with supply chain efficiency and operational perfor-
mance [63-74,100,101]. Thus, the following hypothesis is proposed:

H2a. Innovation capability is positively associated with logistics efficiency.

Logistics efficiency is expected to be positively associated with perceived firm per-
formance because efficient logistics operations may be associated with lower costs, more
reliable services, higher customer satisfaction, shorter response times, and more stable
operations. Customers commonly evaluate logistics services based on delivery reliability,
service accuracy, response speed, and cost control.

Logistics efficiency is also relevant to sustainability-oriented operations because ef-
ficient transportation, warehousing, inventory management, and order allocation may
reduce unnecessary resource consumption and process waste [19-21,107-110]. However,
logistics efficiency is not treated as direct evidence of environmental sustainability, as
this study does not measure carbon emissions, fuel consumption, energy use, or waste
reduction. Therefore, this study proposes:
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H2b. Logistics efficiency is positively associated with perceived firm performance.

Innovation capability may also be directly associated with perceived firm performance.
Firms with stronger innovation capability may be better able to identify market oppor-
tunities, recombine technological and organizational knowledge, develop differentiated
logistics services, improve existing processes, and adjust their business models in response
to changing customer and operational requirements. These capabilities may be associated
with perceived firm performance through improved adaptability, service differentiation,
customer value creation, and more effective use of technological resources.

Prior studies have linked Al-enabled innovation capability, service innovation,
business model innovation, organizational agility, and innovation performance with
broader organizational outcomes [49-67,92-106]. Accordingly, the following hypothesis
is proposed:

H2c. Innovation capability is positively associated with perceived firm performance.

2.2.3. Complementary Indirect and Sequential Mechanisms

The indirect effects clarify whether innovation capability and logistics efficiency func-
tion as complementary intervening mechanisms in the association between perceived Al
utilization and perceived firm performance. The model allows these mechanisms to op-
erate independently through separate indirect pathways and jointly through a sequential
capability-to-process pathway.

Innovation capability may translate Al-related operational information into new ser-
vices, process improvements, business model adjustments, and organizational routines.
Through this capability-building mechanism, perceived Al utilization may become associ-
ated with perceived firm performance rather than remaining a stand-alone technological
resource. This argument is consistent with the information technology business value
perspective, which emphasizes the role of complementary organizational capabilities in
converting technological resources into organizational outcomes [42—46]. Therefore, the
following hypothesis is proposed:

H3a. Innovation capability mediates the association between perceived Al utilization and perceived
firm performance.

Logistics efficiency may also function as an intervening process-level mechanism.
Al applications in forecasting, routing, warehouse management, inventory control, order
allocation, and operational decision support are closely connected with logistics processes.
Improvements in logistics efficiency may subsequently be associated with perceived firm
performance through lower costs, stronger responsiveness, greater service reliability, and
more coordinated logistics operations [23-25,27,28,35-42,68-74]. Thus, this study proposes:

H3b. Logistics efficiency mediates the association between perceived Al utilization and perceived
firm performance.

In addition to these two specific indirect pathways, innovation capability and logistics
efficiency may operate sequentially. Perceived Al utilization may first be associated with
innovation capability by supporting information processing, opportunity recognition,
knowledge recombination, and service redesign. Innovation capability may then help
firms apply Al-related information to logistics workflows, operational routines, and service
processes. These capability-based changes may subsequently be associated with logistics
efficiency, which is more proximally related to perceived firm performance.
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This ordering reflects a capability-to-process logic. Innovation capability concerns
the organizational ability to identify and develop Al-enabled opportunities. In contrast,
logistics efficiency concerns the operational application of capability-based changes to
cost control, coordination, responsiveness, and continuous process improvement. The
sequential pathway, therefore, provides an additional explanation of how perceived Al
utilization may become associated with perceived firm performance [43-45,47-49,68-74].

Because the study uses cross-sectional data, the proposed ordering is theoretically
specified and statistically evaluated, but should not be interpreted as establishing temporal
or causal precedence. Accordingly, the following hypothesis is proposed:

H3c. Innovation capability and logistics efficiency sequentially mediate the association between
perceived Al utilization and perceived firm performance, such that perceived Al utilization is first
associated with innovation capability, innovation capability with logistics efficiency, and logistics
efficiency with perceived firm performance.

Although the proposed model specifies a capability-to-process sequence, innovation
capability and logistics efficiency may also operate as parallel mechanisms. An alternative
sequence in which logistics efficiency precedes innovation capability is also theoretically
conceivable, because operational improvements may generate organizational learning, in-
formation, and resources that support subsequent innovation. Therefore, parallel-mediation
and reverse-sequence models are examined as supplementary alternative models rather
than formulated as additional hypotheses. Because the data are cross-sectional, these com-
parisons assess relative structural plausibility rather than temporal or causal precedence.

2.2.4. Managerial Support as a Secondary Boundary Condition

Managerial support is examined as a secondary boundary condition rather than as
the model’s central explanatory mechanism. Al implementation may require managerial
attention, resource allocation, employee training, data integration, process redesign, and
cross-functional coordination. From an upper echelons perspective, managers influence
how technological initiatives are interpreted, prioritized, resourced, and implemented
within organizations [75].

Prior studies on digital transformation, top management support, predictive ana-
lytics, human—Al complementarity, informatization support, technological change, and
organizational change also suggest that managerial and organizational conditions may in-
fluence technology implementation and employee engagement [76-85]. General managerial
support may therefore strengthen the association between perceived Al utilization and in-
novation capability by encouraging experimentation, allocating resources, and supporting
the organizational use of Al-related information.

At the same time, the moderating role of managerial support remains an empirical
question. The construct used in this study captures broad managerial encouragement and
resource support rather than specific implementation mechanisms such as data governance,
technical training, system integration, process redesign, or cross-functional coordination. The
following hypothesis is therefore proposed as a secondary boundary-condition hypothesis:

H4. General managerial support positively moderates the association between perceived Al uti-
lization and innovation capability, such that the association is stronger when managerial support
is higher.
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2.3. Sample and Data Collection

Data were collected from middle- and senior-level managers working in logistics-
related firms in China through the Tencent Questionnaire platform and WeChat-based
distribution. The survey was administered between 30 November 2025 and 7 Decem-
ber 2025. Participants were recruited through logistics-industry professional networks
and organizational contacts. The study used purposive, non-probability sampling be-
cause the research required respondents with sufficient knowledge of their firms’ lo-
gistics operations, use of Al or digital technology, innovation activities, and overall
organizational performance.

Before accessing the main questionnaire, respondents were asked to confirm that
they worked in a logistics-related firm and held a middle- or senior-level managerial
position. They were also asked whether they had sufficient knowledge of the firm’s
logistics operations and Al or digital technology use. A separate item identified whether
the respondent was directly involved in Al- or digital transformation-related activities
within the firm. These eligibility checks and respondent-information items were used to
improve the relevance of the respondents as key informants for firm-level constructs.

A total of 300 questionnaires were returned. Of these, 12 were excluded for incomplete
responses, 10 for failing to meet eligibility or screening criteria, and 24 for invalid response
patterns. The final analytic sample comprised 254 valid responses, corresponding to an
84.7% usable-response rate. The specific exclusion criteria were established before the main
statistical analyses and were applied consistently across all responses.

Among the 254 respondents, 194 (76.4%) reported direct involvement in Al- or digital
transformation-related activities. This subgroup was used in a supplementary robustness
analysis to assess whether the main direct, indirect, and moderation results remained
stable among respondents with more direct exposure to Al-related organizational activities.
Direct involvement was self-reported and was used to strengthen key-informant relevance;
it did not constitute an independent technical verification of implemented Al systems,
algorithms, infrastructure, or objective operational outcomes.

The final sample included managers from third-party logistics, manufacturing logistics,
e-commerce logistics, and cold-chain logistics firms of different sizes. Middle- and senior-
level managers were selected as key informants because they were expected to have broader
knowledge of technology investment, operational processes, innovation activities, resource
allocation, and firm-level outcomes than employees without managerial responsibilities.
This respondent selection is consistent with the study’s organizational-level focus.

The final sample size was considered adequate for the planned reliability and validity
assessments, PROCESS Model 83 analysis, bootstrap tests of indirect and conditional
indirect effects, and supplementary structural and robustness analyses. Nevertheless,
because the sampling strategy was purposive and network-based, the sample should not
be interpreted as statistically representative of all logistics firms in China.

2.4. Measures

All core constructs were measured using five-point Likert scales ranging from
1 = strongly disagree to 5 = strongly agree. The measurement items were adapted from
prior studies and adjusted to the context of logistics-oriented Al utilization in Chinese
logistics-related firms. Because the study used a survey design, the measures capture
managers’ perceptions of firm-level Al use or investment, organizational capabilities, logis-
tics processes, managerial support, and firm performance rather than externally audited
technical, operational, financial, or environmental records.

Al utilization was measured using five items reflecting perceived firm-level Al use
or investment across multiple logistics-related activities. The items covered Al use in
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cargo transportation, inventory forecasting and warehouse management, customer demand
forecasting and order allocation, investment in Al infrastructure, and Al-based data analysis
and decision-making. These items were combined to represent an aggregate, cross-process
Al utilization construct. They were not designed as separate multi-item subdimensions for
transportation Al, warehousing Al, demand-forecasting Al, Al infrastructure, or decision-
support Al. Accordingly, the main analysis evaluates managers’ overall perceptions of
firm-level Al utilization rather than the technical effectiveness of individual Al applications.

To provide additional differentiation within this broad construct, supplementary
exploratory analyses examined the five Al items separately and simultaneously. However,
because a single item represented each application domain, these analyses were treated as
exploratory diagnostics rather than as tests of validated application-specific latent variables.
The results should therefore not be interpreted as definitive comparisons of the technical or
causal effects of individual Al applications.

Innovation capability was measured using five items reflecting the firm’s perceived
ability to encourage new ideas, provide support for innovation activities, recognize market
opportunities, convert Al-related outputs into new services or business models, and main-
tain innovation management systems. The construct was operationalized as a perceived
organizational capability rather than as an objective count of innovations, patents, new
services, or implemented business models.

Logistics efficiency was measured using five items reflecting perceived cost efficiency,
customer satisfaction with logistics services, responsiveness to market demand, continuous
evaluation and improvement of logistics operations, and Al-enabled efficiency improve-
ment. The construct was operationalized as a perceived process-level measure. It does not
provide objective evidence of delivery time, routing efficiency, warehouse productivity,
inventory accuracy, fuel consumption, energy use, carbon emissions, or waste reduction.

Firm performance was measured using five subjective items covering profitability,
employee satisfaction and cohesion, customer satisfaction, operational efficiency, and social
responsibility or sustainability-related performance. The items were combined to repre-
sent a multidimensional managerial assessment of firm performance rather than separate
financial, employee-related, customer-related, operational, and environmental outcome
models. This approach is consistent with prior research supporting subjective measures
that integrate financial and non-financial organizational outcomes [90,91]. Because the con-
struct includes heterogeneous performance dimensions, supplementary analyses examined
alternative scoring procedures and reduced-item specifications to assess whether the main
findings depended on the inclusion of operational-efficiency or sustainability-related items.

Managerial support was measured using five items reflecting managerial encourage-
ment of Al use, the provision of resources, the evaluation of Al-related projects, support
for employee experimentation, and the promotion of organizational learning. The scale
captures broad managerial support rather than implementation-specific mechanisms. It
does not separately measure data governance, technical training quality, system integration,
process redesign, or cross-functional coordination. This distinction is important because the
hypothesized moderating effect concerns general managerial support rather than specific
Al implementation practices.

Construct scores were calculated by averaging the corresponding items after data
screening and reliability assessment. Higher scores indicated higher perceived Al utiliza-
tion, innovation capability, logistics efficiency, managerial support, and firm performance.
The complete measurement items and their original or adapted sources are presented in
Appendix Table A1.
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2.5. Common Method Bias

Because the predictor, mediator, moderator, and outcome variables were collected
from the same respondents at a single point in time, common method bias was considered a
potential threat. Several procedural remedies were applied during questionnaire design and
data collection. Participation was voluntary and anonymous; respondents were informed
that there were no right or wrong answers, and the questionnaire used neutral wording.
In addition, measurement items were organized into separate construct blocks to reduce
respondents’ tendency to infer the proposed relationships among the variables.

Common method bias was assessed using several statistical diagnostics. First, Har-
man’s single-factor test was conducted by entering all measurement items into an unrotated
exploratory factor analysis. The first factor accounted for 35.528% of the total variance,
below the commonly used 50% criterion. This result indicates that a single factor did
not account for the majority of the observed variance. However, Harman’s test is only a
preliminary diagnostic and cannot by itself rule out common method bias.

Second, full-collinearity variance inflation factor diagnostics were conducted by re-
gressing each focal construct on the remaining constructs. The resulting VIF values ranged
from 1.432 to 1.652, which were below the conservative threshold of 3.3. The detailed results
are reported in Appendix Table A2. These values do not indicate severe construct-level
collinearity or a dominant common method component. Nevertheless, full-collinearity
VIF diagnostics should be interpreted as supplementary evidence rather than as definitive
proof that common method bias is absent.

Third, a single-factor confirmatory factor analysis was estimated by loading all mea-
surement items onto one common latent factor. The single-factor model showed poor fit:
x2 = 1201.529, df = 275, x2/df = 4.369, GFI = 0.654, AGFI = 0.592, NFI = 0.610, TLI = 0.636,
CFI = 0.667, and RMSEA = 0.115. These fit indices were substantially poorer than those
of the proposed five-factor measurement model. The detailed comparison is reported
in Appendix Table A3. This result suggests that a single common latent factor does not
adequately represent the covariance among the measurement items.

A marker-variable test or latent method-factor model was not conducted because
the original questionnaire did not include a theoretically unrelated marker construct or
dedicated method indicators. Taken together, the procedural remedies, Harman's single-
factor test, full-collinearity VIF diagnostics, and single-factor CFA provide no evidence that
a single common method factor dominated the results. However, because all core variables
were measured using self-reported data from the same respondents at a single point in
time, common method bias cannot be entirely ruled out. The findings should therefore be
interpreted cautiously, and this issue is acknowledged in the limitations section.

2.6. Reliability and Validity Assessment

Reliability and construct validity were assessed using Cronbach’s alpha, exploratory
factor analysis, confirmatory factor analysis, composite reliability, average variance ex-
tracted, the Fornell-Larcker criterion, and heterotrait-monotrait ratios. Cronbach’s alpha
values for all constructs exceeded 0.80, indicating satisfactory internal consistency. The
Kaiser-Meyer-Olkin value was 0.921, and Bartlett’s test of sphericity was statistically
significant, supporting the suitability of the dataset for factor analysis.

Exploratory factor analysis extracted five factors consistent with the proposed measure-
ment structure. The cumulative variance explained was 63.298%, and the factor loadings
ranged from 0.673 to 0.799. These results provided preliminary support for the distinctive-
ness of Al utilization, innovation capability, logistics efficiency, perceived firm performance,
and managerial support.
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Confirmatory factor analysis was conducted using AMOS 29. The five-factor measure-
ment model showed good fit: CMIN/DF = 1.056, GFI = 0.918, CFI = 0.995, NFI = 0.909,
TLI = 0.994, SRMR = 0.037, and RMSEA = 0.015. Standardized factor loadings ranged
from 0.664 to 0.811. Composite reliability values ranged from 0.837 to 0.871, exceeding the
recommended threshold of 0.70. Average variance extracted values ranged from 0.507 to
0.576 and therefore exceeded the recommended threshold of 0.50. These results supported
convergent validity.

Discriminant validity was assessed using the Fornell-Larcker criterion and HTMT
ratios. The square root of the average variance extracted for each construct exceeded its
correlations with the other constructs. In addition, the HTMT values ranged from 0.451 to
0.616, which were below the conservative threshold of 0.85. Taken together, these results
supported the discriminant validity of the five constructs.

Additional analyses were conducted to examine the robustness of the multidimen-
sional subjective firm performance measure. First, an equal-weighted firm performance
score was compared with a CFA loading-weighted score. The two scores were almost
perfectly correlated, and the substantive PROCESS results remained unchanged. Second,
item-removal sensitivity analyses were conducted using a reduced firm performance score
that excluded the operational-efficiency and social-responsibility /sustainability items. The
principal direct and indirect effects remained significant. Third, multi-group confirmatory
factor analysis was conducted across middle- and senior-management respondents. The
configural and metric models showed acceptable fit, and the chi-square difference test was
not significant, supporting metric invariance across respondent positions.

These supplementary checks indicate that the main findings were not dependent on
a particular scoring method, on the inclusion of operational-efficiency and sustainability-
related performance items, or on differences between middle- and senior-level respondents.
The detailed results are reported in Appendix Tables A4-A7. Nevertheless, these analyses
support the stability of the subjective performance measure and do not convert it into an
objective financial, operational, or environmental performance indicator.

2.7. Control Variables

Firm size, firm type, respondent position, and direct involvement in Al- or digital
transformation-related activities were included as control variables in the main regression
and conditional process analyses. The same set of controls was entered consistently across
the innovation capability, logistics efficiency, and perceived firm performance equations.

Firm size was controlled because larger firms may possess greater financial, techno-
logical, and human resources for Al investment, innovation activities, and logistics process
improvement. Firm size was measured using ordered employee-count categories: fewer
than 50 employees, 50-199 employees, 200-499 employees, and 500 or more employees.

Firm type was controlled because third-party logistics, manufacturing logistics, e-
commerce logistics, and cold-chain logistics firms may differ in operational structure,
customer requirements, supply chain roles, technology intensity, and Al application pri-
orities. Firm type was entered using dummy variables, with third-party logistics firms
serving as the reference category. The dummy variables represented firms in manufacturing
logistics, e-commerce logistics, and cold-chain logistics.

Respondent position was controlled because middle- and senior-level managers may
differ in their access to strategic information, operational knowledge, and assessments
of firm-level performance. Respondent position was coded as middle management or
senior management, with middle management used as the reference category in the regres-
sion analyses.
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Direct involvement in Al- or digital transformation-related activities was also con-
trolled. This binary variable indicated whether respondents reported direct participation
in Al implementation, digital transformation, or related organizational initiatives. It was
included because directly involved respondents may possess more detailed knowledge
of the firm’s Al use, innovation activities, and operational changes. In addition to its role
as a control variable in the full-sample analyses, this variable was used to identify the
194 directly involved respondents for a supplementary subsample robustness analysis.

The inclusion of these controls helps reduce potential confounding associated with or-
ganizational resources, logistics business context, managerial perspective, and direct expo-
sure to Al-related activities. However, control variables cannot eliminate omitted-variable
bias or establish causal inference in a cross-sectional observational study. Accordingly, the
controlled coefficients should be interpreted as adjusted statistical associations rather than
causal effects.

2.8. Analytical Strategy

The analyses were conducted using SPSS 27, AMOS 29, and PROCESS macro version
4.2. SPSS was used for descriptive statistics, reliability and validity assessment, correlation
analysis, common method bias diagnostics, and supplementary regression analyses. AMOS
was used to assess the measurement model and compare alternative structural models.
PROCESS was used as the primary tool for testing the direct, indirect, sequential indirect,
moderation, and conditional indirect associations specified in the research model [111].

PROCESS Model 83 was estimated using 5000 bootstrap samples. Perceived Al
utilization was specified as the independent variable; innovation capability and logistics
efficiency as sequential mediators; perceived firm performance as the dependent variable;
and managerial support as the moderator of the association between Al utilization and
innovation capability. Firm size, firm type, respondent position, and direct involvement in
Al- or digital transformation-related activities were included as control variables. Indirect
effects were considered statistically significant when the 95% bootstrap confidence interval
did not include zero. Model explanatory power and block-level effect sizes, including R?,
adjusted R?, model-level f>, AR?, and incremental f, are reported in Appendix Table AS.

Several supplementary analyses were conducted to examine the robustness and inter-
pretation of the findings. First, the five Al utilization items were entered separately and
simultaneously into regression models predicting innovation capability, logistics efficiency,
and perceived firm performance, with the same control variables used in the main anal-
ysis. Because multiple coefficients were tested, the Benjamini—-Hochberg false discovery
rate adjustment was applied. Second, the main PROCESS model was re-estimated using
the 194 respondents who reported direct involvement in Al- or digital transformation-
related activities. Third, bootstrap contrasts were used to compare the magnitudes of the
three specific indirect effects. Fourth, the proposed sequential model was compared with a
reverse-sequence model, a parallel-mediation model, and a restricted direct-effects model
using CFI, TLIL, RMSEA, SRMR, AIC, and BIC.

Additional measurement robustness checks included full-collinearity VIF diagnostics,
alternative firm performance scoring, item-removal sensitivity analysis, and multi-group
CFA. These supplementary analyses were conducted to examine construct breadth, respon-
dent knowledge, indirect-effect heterogeneity, measurement robustness, and structural
plausibility. They were not used to formulate additional hypotheses.

Because the study is based on cross-sectional, self-reported data, all estimated relation-
ships were interpreted as statistical associations rather than causal or temporal effects.
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3. Results
3.1. Sample Characteristics and Description

After data screening, 254 valid responses were retained for analysis. The final sample
consisted of middle- and senior-level managers working in logistics-related firms in China.
Table 1 presents the main sample characteristics, including firm type, firm size, respondent
position, and direct involvement in Al- or digital transformation-related activities.

Table 1. Sample characteristics.

Characteristic Distribution

3PL: 112 (44.1%); Manufacturing: 46 (18.1%);
E-commerce: 56 (22.0%); Cold chain: 40 (15.7%)

<50 employees: 77 (30.3%); 50-199 employees:
Firm size (FS) 100 (39.4%); 200499 employees: 35 (13.8%); >500
employees: 42 (16.5%)

Middle management: 151 (59.4%); Senior
management: 103 (40.6%)

Firm type (FT)

Respondent position (POS)

Direct involvement in Al/digital
transformation (INV)
Note: N = 254. Percentages are based on the final valid sample.

Yes: 194 (76.4%); No: 60 (23.6%)

As shown in Table 1, the sample included several types of logistics-related firms. Third-
party logistics firms accounted for the largest share, followed by e-commerce, manufactur-
ing, and cold-chain logistics firms. The sample, therefore, reflects multiple logistics-related
business contexts rather than a single logistics subsector.

Firm size also varied across the sample. Most respondents worked in firms with fewer
than 200 employees, although medium-sized and larger firms were also represented. All
respondents held middle- or senior-level managerial positions. These respondents were
selected because their organizational roles were expected to provide relevant knowledge
of firm-level technology use, innovation activities, logistics operations, and perceived
organizational performance.

Among the 254 respondents, 194 (76.4%) reported direct involvement in Al- or digital
transformation-related activities. This subgroup was subsequently used in a supplementary
robustness analysis to examine whether the main findings remained stable among respon-
dents with more direct exposure to Al-related organizational activities. However, direct
involvement was self-reported and does not constitute independent technical verification
of Al systems or their operational performance.

The sample should not be interpreted as statistically representative of the entire Chi-
nese logistics industry because purposive, non-probability sampling was used. Accordingly,
the findings are appropriate for evaluating the hypothesized associations within the study
sample, but their broader generalizability should be interpreted cautiously.

3.2. Preliminary Analyses

Before hypothesis testing, preliminary analyses were conducted to assess internal
consistency, distributional characteristics, factorability, and potential common method bias.
Detailed results for normality, exploratory factor analysis, and Harman's single-factor test
are reported in Appendix Table A9.

Cronbach’s alpha values ranged from 0.836 to 0.870, exceeding the recommended
threshold of 0.70. Skewness values ranged from —0.218 to —0.098, and kurtosis values
ranged from —0.915 to —0.491. These values indicated no serious univariate departures
from normality.
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The data were suitable for factor analysis. The Kaiser-Meyer—Olkin value was 0.921,
and Bartlett’s test of sphericity was statistically significant. Exploratory factor analysis
extracted five factors consistent with the proposed measurement structure. The cumulative
variance explained was 63.298%, and factor loadings ranged from 0.673 to 0.799.

Several diagnostics were used to assess potential common method bias. Harman’s
single-factor test showed that the first unrotated factor accounted for 35.528% of the total
variance, below the commonly used 50% criterion. Full-collinearity VIF values ranged from
1.432 to 1.652, below the conservative threshold of 3.3. The detailed VIF results are reported
in Appendix Table A2.

A single-factor confirmatory factor analysis also showed poor fit: x? = 1201.529,
df =275, x2/df = 4.369, GFI = 0.654, AGFI = 0.592, NFI = 0.610, TLI = 0.636, CFI = 0.667, and
RMSEA = 0.115. This model fit was substantially poorer than that of the proposed five-factor
measurement model. The single-factor CFA results are reported in Appendix Table A3.

Taken together, the preliminary analyses supported the suitability of the data for sub-
sequent measurement and hypothesis testing. The common method diagnostics provided
no evidence that a single common method component dominated the observed covariance.
Nevertheless, because all core variables were collected via a cross-sectional, self-report
questionnaire, common method bias cannot be entirely ruled out.

3.3. Measurement Model

The measurement model was assessed using reliability, convergent validity, and
discriminant validity. Table 2 reports the descriptive statistics, Cronbach’s alpha values,
standardized loading ranges, composite reliability, and average variance extracted for the
five constructs.

Table 2. Measurement, reliability, and convergent validity.

Cronbach’s Loading

Construct Items Mean SD CR AVE
o Range

Al 5 3.448 0.802 0.848 0.664-0.811 0.848 0.529

IN 5 3.399 0.801 0.843 0.686-0.762 0.843 0519

LE 5 3.418 0.791 0.836 0.677-0.749 0.837  0.507

FP 5 3.387 0.802 0.854 0.716-0.773 0.854 0.540

MS 5 3.421 0.864 0.870 0.716-0.803 0.871 0576

Note: All constructs were measured using five-point Likert scales. Composite reliability and average variance
extracted were calculated based on the confirmatory factor analysis results.

As shown in Table 2, all Cronbach’s alpha values were above 0.80, indicating good
internal consistency. The standardized factor loadings were all above 0.60, and the compos-
ite reliability values were all above 0.70. The average variance extracted values were all
above 0.50. These results indicate acceptable convergent validity. The full standardized
factor loadings from the confirmatory factor analysis are reported in Appendix Table A10.

The confirmatory factor analysis also showed good model fit. The fit indices were as
follows: CMIN/DF = 1.056, GFI = 0.918, CFI = 0.995, NFI = 0.909, TLI = 0.994, SRMR = 0.037,
and RMSEA = 0.015. These results suggest that the five-factor measurement model fits the
data well.

Table 3 reports the correlations among the constructs, the Fornell-Larcker discriminant
validity results, and the HTMT assessment.
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Table 3. Correlations, discriminant validity, and HTMT results.

Panel A. Correlations and Fornell-Larcker Criterion

Construct Al IN LE FP MS

Al 0.727

IN 0.525 ** 0.720

LE 0.394 ** 0.389 ** 0.712

FP 0.475 ** 0.479 ** 0.455 ** 0.735

MS 0.449 ** 0.492 ** 0.449 ** 0.458 ** 0.759
Panel B. HTMT Ratio

Construct Al IN LE FP MS

Al —

IN 0.616 —

LE 0.458 0.451 —

FP 0.556 0.561 0.533 —

MS 0.525 0.575 0.524 0.535 —

Note: N = 254. In Panel A, the square roots of average variance extracted are shown in bold on the diagonal, and
off-diagonal values are Pearson correlation coefficients. In Panel B, HTMT values below 0.85 indicate adequate
discriminant validity. ** p < 0.01.

All interconstruct correlations were positive and statistically significant. The largest
correlation was between Al utilization and innovation capability (r = 0.525, p < 0.01). For
every construct, the square root of AVE exceeded its correlations with the other constructs,
satisfying the Fornell-Larcker criterion. In addition, the HTMT ratios ranged from 0.451
to 0.616 and were all below the conservative threshold of 0.85. These results supported
discriminant validity.

Appendix A analyses were conducted to assess the robustness of the multidimen-
sional measure of subjective firm performance. First, the equal-weighted firm performance
score was compared with a CFA loading-weighted score. The two scoring methods pro-
duced highly consistent scores, and re-estimation of the main model yielded substantively
unchanged results, as reported in Appendix Table A4.

Second, a reduced three-item firm performance measure was estimated by excluding
the operational efficiency and social responsibility /sustainability items. The retained items
represented profitability, employee satisfaction and cohesion, and customer satisfaction.
The main direct and indirect results remained stable. These sensitivity results are reported
in Appendix Table A5.

Third, multi-group CFA was conducted across middle- and senior-management
respondents. Both the configural and metric models showed acceptable fit, and the
chi-square difference test was not statistically significant. These results supported
metric invariance across respondent positions. The detailed results are reported in
Appendix Tables A6 and A7.

Taken together, the results supported the internal consistency, convergent validity, and
discriminant validity of the five constructs. The supplementary analyses also indicated that
the substantive findings were not dependent on the firm performance scoring method, the
inclusion of operational-efficiency and sustainability-related items, or respondent position.

3.4. Hypothesis Testing with PROCESS Model 83

The hypotheses were tested using PROCESS Model 83 with 5000 bootstrap samples.
Perceived Al utilization was specified as the independent variable; perceived firm per-
formance as the dependent variable; innovation capability as the first mediator; logistics
efficiency as the second mediator; and managerial support as the moderator of the as-
sociation between Al utilization and innovation capability. Firm size, firm-type dummy
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variables, respondent position, and direct involvement in Al- or digital-transformation-
related activities were included as control variables.
Table 4 presents the direct and interaction effects corresponding to Hla-H2c and H4.

Table 4. PROCESS Model 83 results for direct and interaction effects.

Hypothesis Path b SE t p Result

Hla Al — IN 0.4770 0.2301 2.0730 0.0392  Supported
Hib Al — LE 0.2797 0.0662 4.2223 <0.001  Supported
Hic Al — FP 0.2293 0.0634 3.6180 <0.001  Supported
H2a IN — LE 0.2297 0.0669 3.4351 <0.001  Supported
H2b LE — FP 0.2769 0.0590 4.6929 <0.001  Supported
H2c IN — FP 0.2522 0.0632 3.9889 <0.001  Supported

H4 ﬁ\ll XMS = —0.0241  0.0659 —0.3665 0.7143  Not supported

Note: N = 254. Unstandardized coefficients are reported. Control variables included firm size, firm type dummy
variables, respondent position, and direct involvement in artificial intelligence or digital transformation. Full
regression results with control variables are provided in Appendix Table A11.

As shown in Table 4, perceived Al utilization was positively associated with innovation
capability (b = 0.4770, p = 0.0392), logistics efficiency (b = 0.2797, p < 0.001), and perceived
firm performance (b = 0.2293, p < 0.001). Therefore, Hla, H1lb, and Hlc were supported.

Innovation capability was positively associated with logistics efficiency (b = 0.2297,
p <0.001) and perceived firm performance (b = 0.2522, p < 0.001). Logistics efficiency was
also positively associated with perceived firm performance (b = 0.2769, p < 0.001). Thus,
H2a, H2b, and H2c were supported.

The interaction between Al utilization and managerial support was not statistically sig-
nificant in predicting innovation capability (b = —0.0241, p = 0.7143). Accordingly, H4 was
not supported. General managerial support did not significantly alter the strength of the as-
sociation between perceived Al utilization and innovation capability in the present sample.

The mediation hypotheses were evaluated using 95% bootstrap confidence intervals.
Table 5 presents the three specific indirect effects and the moderated mediation indices.

Table 5. Indirect effects and moderated mediation results.

Hypothesis/ Effect/

Index Path Evidence BootLLCI BootULCI  Result
H3a 1?; —7IN= 00995 0.0483 0.1621 Supported
H3b ?IE “LE= o775 0.0298 0.1385 Supported
Al — IN —

H3c LE — FP 0.0251 0.0089 0.0452 Supported
Index of
moderated Al = IN — —0.0061 —0.0430 0.0264 NOt. .

- FP significant
mediation
Index of
moderated AL=IN= 60015 00113 0.0068 Not

- LE — FP significant
mediation

Note: Bootstrap samples = 5000. BootLLCI and BootULCI denote the lower and upper limits of the 95% bootstrap
confidence interval. An indirect effect is statistically significant when the interval does not include zero. The effect
estimates for H3a and H3c correspond to the mean level of managerial support. Conditional indirect effects at
low, mean, and high levels of managerial support are reported in Appendix Table A12.

The indirect association between Al utilization and perceived firm performance, medi-
ated by innovation capability, was statistically significant, supporting H3a. The indirect
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association through logistics efficiency was also significant, supporting H3b. In addition,
the sequential indirect association through innovation capability and logistics efficiency
was significant, supporting H3c.

The conditional indirect effects involving innovation capability were significant at
low, mean, and high levels of managerial support. However, both indices of moderated
mediation included zero. Therefore, the magnitude of the indirect effects did not differ
significantly across levels of managerial support.

Overall, Hla-H1c, H2a-H2c, and H3a-H3c were supported, whereas H4 was not
supported. The results indicate that perceived Al utilization was associated with perceived
firm performance through both innovation capability and logistics efficiency, individually
and sequentially. However, these findings should not be interpreted as demonstrating that
the sequential pathway is the only or dominant mechanism. The relative magnitudes of
the indirect effects and the alternative-model comparisons are examined in the subsequent
analyses. The explanatory power and block-level effect sizes for the three regression
equations are reported in Appendix Table AS8.

3.5. Al Item-Level Exploratory Analysis

To examine whether the broad Al utilization construct contained differentiated
application-level associations, supplementary regression analyses were conducted for
AI1-AI5. Each item was entered first separately and then simultaneously into models
predicting innovation capability, logistics efficiency, and perceived firm performance, using
the same control variables as in the main analysis.

When entered separately, all five Al items were positively associated with innovation
capability, logistics efficiency, and perceived firm performance. The complete separate-
entry results for AI1-Al5 are reported in Appendix Table A13. However, when all five items
were entered simultaneously and the Benjamini-Hochberg false discovery rate correction
was applied, only three associations remained statistically significant.

As shown in Table 6, the simultaneous-entry results indicated differentiated associa-
tions across the Al application items. The demand forecasting and order allocation item
was uniquely associated with logistics efficiency after accounting for the other Al items,
whereas the Al infrastructure investment item was uniquely associated with innovation
capability and perceived firm performance. However, these findings remain exploratory
because each application domain was represented by a single item and the items may
share substantial conceptual variance. Therefore, the results should not be interpreted as
definitive comparisons of the technical or causal effects of specific Al applications.

Table 6. Al item-level simultaneous-entry results.

FDR-
Al Item Outcome B p Adjusted p Result
AI3 Demand/Order LE 0298  <0.001 0.006 Significant
Allocation
AI4 Infrastructure IN 0.237 0.001 0.006 Significant
Al4 Infrastructure FP 0.238 0.001 0.007 Significant

Note: Standardized regression coefficients ((3) are reported. Only associations that remained statistically sig-
nificant after the false discovery rate correction are shown. The full simultaneous-entry results are reported in
Appendix Table Al4.

3.6. Al-Involved Subsample Robustness Analysis

The main PROCESS Model 83 analysis was re-estimated using the 194 respondents
who reported direct involvement in Al- or digital transformation-related activities. The
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purpose was to examine whether the main findings remained stable among respondents
with more direct exposure to Al-related organizational activities.

The main direct associations remained significant in the Al-involved subsample. Per-
ceived Al utilization was positively associated with innovation capability, logistics effi-
ciency, and perceived firm performance. Innovation capability was positively associated
with logistics efficiency and perceived firm performance, and logistics efficiency was, in
turn, positively associated with perceived firm performance. The three specific indirect
effects through innovation capability, logistics efficiency, and their sequential pathway were
also significant.

In contrast, the interaction between Al utilization and managerial support remained
nonsignificant, and both indices of moderated mediation included zero. The full direct,
indirect, interaction, and moderated mediation results for the Al-involved subsample are
reported in Appendix Table A15.

These results indicate that the main pattern was not driven solely by respondents with-
out direct involvement in Al- or digital transformation-related activities. Nevertheless, the
subgroup analysis was based on self-reported involvement and does not provide indepen-
dent technical verification of implemented Al systems or objective operational outcomes.

3.7. Bootstrap Contrasts of Indirect Effects

Pairwise bootstrap contrasts were conducted to compare the magnitudes of the
three specific indirect effects. The difference between the indirect effects through innovation
capability and through logistics efficiency was not statistically significant. However, both
individual indirect effects were significantly larger than the sequential indirect effect. The
full bootstrap contrast results are reported in Appendix Table A16.

These findings indicate that innovation capability and logistics efficiency provide
comparable independent indirect pathways, whereas the sequential indirect pathway
is statistically significant but smaller. Accordingly, the sequential pathway should be
interpreted as an additional mechanism rather than as the only or dominant mechanism.

3.8. Alternative-Model Comparisons

Four structural models were compared in AMOS: the proposed sequential model, a
reverse-sequence model, a parallel-mediation model, and a restricted direct-effects model.
The proposed sequential, reverse-sequence, and parallel-mediation models produced iden-
tical global fit indices, including x2, df, CFIL, TLIL, RMSEA, SRMR, AIC, and BIC. Therefore,
these three models could not be differentiated based on global model fit alone. In contrast,
the restricted direct-effects model showed comparatively weaker fit. The structural specifi-
cations and complete fit indices for the four models are reported in Appendix Table A17.

These findings indicate that the data support models incorporating innovation ca-
pability and logistics efficiency more strongly than a model containing only the direct
effects of Al utilization. However, the relative ordering of innovation capability and logis-
tics efficiency cannot be determined from global fit indices. Accordingly, the sequential
capability-to-process interpretation should be treated as theoretically specified rather than
empirically superior to the reverse-sequence or parallel alternatives. Because the data are
cross-sectional, these model comparisons assess structural plausibility rather than temporal
or causal precedence.

3.9. Supplementary Structural Equation Modeling Results

AMOS-based structural equation modeling was conducted as a supplementary check
of the main direct relationships. The model corresponded to the proposed sequential
specification reported in Appendix Table A17 and included paths from perceived Al
utilization to innovation capability, logistics efficiency, and perceived firm performance;
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from innovation capability to logistics efficiency and perceived firm performance; and
from logistics efficiency to perceived firm performance. The model showed good fit:
x% =168.756, df = 164, x2/df = 1.029, CFI = 0.998, TLI = 0.997, RMSEA = 0.011, and SRMR
= 0.036. The principal structural paths were positive and statistically significant, broadly
supporting the pattern observed in the PROCESS analysis. However, as reported in
Section 3.8, the proposed sequential, reverse-sequence, and parallel-mediation models
produced identical global fit indices. Therefore, the SEM results support the structural
plausibility of models incorporating innovation capability and logistics efficiency but do
not establish that the proposed capability-to-process ordering is empirically superior to
the reverse-sequence or parallel alternatives. This SEM analysis did not estimate the
managerial-support interaction or the conditional indirect effects. PROCESS Model 83
therefore remained the primary basis for testing the mediation, sequential mediation,
moderation, and moderated mediation hypotheses.

3.10. Summary of Results

Perceived Al utilization was positively associated with innovation capability, logistics
efficiency, and perceived firm performance. Innovation capability was positively associated
with logistics efficiency and perceived firm performance, and logistics efficiency was
positively associated with perceived firm performance. Thus, Hla-H1lc and H2a-H2c
were supported.

The three indirect effects were significant, supporting H3a-H3c. However, managerial
support did not moderate the relationship between Al utilization and innovation capa-
bility, and the indices of moderated mediation were not significant. Therefore, H4 was
not supported.

Appendix A analyses showed that the main results remained stable in the 194-person
Al-involved subsample. The individual indirect effects through innovation capability
and logistics efficiency were larger than the sequential indirect effect. Overall, the results
indicate that innovation capability and logistics efficiency function as complementary
intervening mechanisms, while the significant but smaller sequential pathway represents
an additional capability-to-process mechanism. However, the relative ordering of the
two mediators could not be determined from the alternative-model comparisons.

4. Discussion
4.1. Interpretation of the Findings

This study examined how perceived logistics-oriented Al utilization is associated
with perceived firm performance through innovation capability and logistics efficiency,
and whether managerial support strengthens the association between Al utilization and
innovation capability. The main results showed that perceived Al utilization was positively
associated with innovation capability, logistics efficiency, and perceived firm performance.
Innovation capability was positively associated with both logistics efficiency and perceived
firm performance, while logistics efficiency was positively associated with perceived firm
performance. The indirect effects through innovation capability, through logistics efficiency,
and through the sequential pathway were all significant. However, managerial support did
not significantly moderate the association between Al utilization and innovation capability,
and the indices of moderated mediation were not significant.

These findings should be interpreted at the firm level. The study did not directly
compare the technical effectiveness of individual Al systems. Rather, it examined managers’
perceptions of firm-level Al use or investment across multiple logistics processes, including
transportation, forecasting, warehousing, order allocation, infrastructure, data analysis,
and decision support. Accordingly, the results indicate associations among perceived Al
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utilization, organizational capabilities, logistics processes, and perceived firm performance
rather than objective or causal effects of specific Al technologies.

The first major finding is that the performance relevance of Al utilization appears to
depend on complementary organizational and process mechanisms rather than on tech-
nology use alone. Managers who reported greater Al utilization also tended to report
stronger innovation capability, greater logistics efficiency, and better perceived firm perfor-
mance. This interpretation is consistent with the information technology business value
perspective, which argues that digital technologies become performance-relevant when
they are integrated with organizational capabilities and operational routines [42—46]. It
is also consistent with dynamic capabilities theory, because firms must identify techno-
logical opportunities, mobilize resources, and reconfigure organizational processes before
technology use becomes associated with performance [47,48].

The positive association between Al utilization and innovation capability suggests
that Al-related information and analytical resources may support opportunity recognition,
knowledge recombination, service redesign, and business model adjustment. This finding
is consistent with prior studies linking Al and digital transformation with innovation capa-
bility, service innovation, organizational agility, and innovation performance [49-67,92-96].
The present study extends this literature by showing that perceived cross-process Al utiliza-
tion is associated with innovation capability in logistics-related firms, where technological
information may be applied to transportation, warehousing, forecasting, order allocation,
and customer-response problems.

The positive association between Al utilization and logistics efficiency indicates that
Al use is also linked to process-level logistics outcomes. Forecasting, routing, warehouse
management, inventory control, and order allocation may support more timely information
processing, better resource coordination, and more responsive logistics operations [22-39].
This result is consistent with prior research on smart logistics, predictive analytics, au-
tomation, machine learning, and supply chain optimization. It extends this literature
by positioning logistics efficiency as a distinct process mechanism linking perceived Al
utilization to perceived firm performance.

The exploratory item-level analyses provide additional differentiation. When exam-
ined separately, all five Al utilization items were significantly associated with innovation
capability, logistics efficiency, and perceived firm performance. However, after simulta-
neous entry and FDR correction, only demand forecasting and order allocation remained
significantly associated with logistics efficiency. In contrast, Al infrastructure remained
significantly associated with innovation capability and perceived firm performance. These
findings suggest that different Al application areas may have differentiated organizational
associations. Nevertheless, they should be interpreted with caution because each item
represented a single application domain, and the items may share substantial conceptual
variance. The results, therefore, do not establish that these applications are universally
more important than the others.

The relationships among innovation capability, logistics efficiency, and perceived firm
performance provide the central organizational interpretation of the results. Innovation ca-
pability was positively associated with logistics efficiency and perceived firm performance,
while logistics efficiency was positively associated with perceived firm performance. These
findings suggest that innovation capability may support both direct organizational value
creation and the redesign of logistics processes. Logistics efficiency, in turn, represents
a more operational mechanism through which Al-related resources and organizational
capabilities may become associated with performance [63-74,100-106].
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The indirect-effect results indicate that innovation capability and logistics efficiency
function as complementary intervening mechanisms. The indirect effects through innova-
tion capability and logistics efficiency were both significant, and there was no statistically
significant difference between their magnitudes. Both individual indirect effects were
significantly larger than the sequential indirect effect. These results suggest that innovation
capability and logistics efficiency each provide meaningful and comparably important
pathways linking perceived Al utilization with perceived firm performance.

The sequential indirect pathway through innovation capability and logistics efficiency
was also statistically significant. This finding is consistent with a capability-to-process
interpretation in which Al-related resources are associated with innovation capability,
innovation capability is associated with logistics efficiency, and logistics efficiency is subse-
quently associated with perceived firm performance. However, the sequential pathway
was smaller than the two individual indirect pathways and should therefore be interpreted
as an additional mechanism rather than as the only or dominant mechanism.

The alternative model comparisons require further caution in interpreting the rela-
tive ordering of innovation capability and logistics efficiency. The proposed sequential,
reverse-sequence, and parallel-mediation models produced identical global fit indices,
whereas the restricted direct-effects model showed comparatively weaker fit. Accordingly,
the data support the inclusion of innovation capability and logistics efficiency as interven-
ing organizational mechanisms. Still, the global model fit does not favor the proposed
sequential ordering over the reverse sequence or parallel alternatives. Because the data
are cross-sectional, the temporal ordering of innovation capability and logistics efficiency
cannot be established empirically. The proposed capability-to-process sequence is therefore
theoretically grounded and supported by the significant sequential indirect effect. Still, it
should not be interpreted as structurally superior to the alternative specifications.

The robustness analysis using the 194 respondents directly involved in Al- or digital
transformation-related activities produced a similar pattern. The main direct and indirect
effects remained significant, whereas the interaction between Al utilization and managerial
support and the moderated mediation indices remained nonsignificant. This suggests that
the primary findings were not driven solely by respondents without direct involvement in
Al-related activities. However, direct involvement was self-reported and does not provide
independent verification of specific Al systems or objective operational outcomes.

The nonsignificant moderating effect of managerial support requires cautious inter-
pretation. It does not demonstrate that management is unimportant for Al implementation.
Rather, the broad managerial support measure used in this study may not capture the
specific implementation mechanisms needed to strengthen Al-enabled innovation. Such
mechanisms may include data governance, technical training, system integration, process
redesign, and cross-functional coordination. The result, therefore, differs from studies that
emphasize top management support as a major condition for digital transformation [75-85],
but it does not necessarily contradict them. Instead, it suggests that future research
should distinguish general managerial encouragement from implementation-specific forms
of support.

The sustainability implications should also remain limited to the operational level. Lo-
gistics efficiency may be relevant to resource use, process waste, responsiveness, and service
reliability, and prior studies have linked Al and logistics efficiency with sustainable supply
chain operations [11-21,107-110]. However, the present study did not directly measure
carbon emissions, fuel consumption, energy use, waste reduction, or other objective envi-
ronmental outcomes. The findings, therefore, support an efficiency-based interpretation of
sustainability rather than direct evidence of environmental improvement.

https://doi.org/10.3390/su18157525


https://doi.org/10.3390/su18157525

Sustainability 2026, 18, 7525

27 of 43

Overall, the findings indicate that perceived logistics-oriented Al utilization is as-
sociated with perceived firm performance through multiple organizational mechanisms.
Innovation capability and logistics efficiency each provide significant independent indirect
pathways, while the smaller sequential indirect effect is consistent with an additional
capability-to-process mechanism. However, because the sequential, reverse-sequence, and
parallel-mediation models showed identical global fit, the relative ordering of innovation
capability and logistics efficiency cannot be determined from the present data. Accordingly,
these relationships should be interpreted as theoretically specified statistical associations
rather than causal or temporally established effects.

4.2. Theoretical Implications

This study contributes to research on Al business value, dynamic capabilities, and
logistics management by explaining how perceived logistics-oriented Al utilization is
associated with perceived firm performance through multiple organizational mechanisms.
The contribution does not lie in showing a simple positive Al-performance relationship,
but in identifying capability-based, process-based, and sequential pathways through which
Al utilization may become performance-relevant.

First, the study clarifies the relationship between application-level and firm-level Al
research. Prior studies have examined specific Al applications in forecasting, transportation,
warehousing, routing, reverse logistics, and operational decision-making [37-39]. Other
studies have treated Al and machine learning as broader organizational resources associated
with logistics capabilities and firm performance [40,41]. The present study connects these
two streams by examining firm-level Al utilization across multiple logistics processes while
using application-level research to clarify the operational content of the construct. However,
it does not claim to identify the technical effect of each application.

Second, the study extends the information technology business value perspective by
identifying innovation capability and logistics efficiency as complementary mechanisms
linking perceived Al utilization with perceived firm performance [42-46]. Innovation
capability represents a capability-building pathway through which firms may recognize
opportunities, recombine knowledge, and redesign services or processes. Logistics effi-
ciency represents a process-level pathway through which Al-related resources may become
associated with operational responsiveness, coordination, and cost efficiency.

Third, the findings refine dynamic capabilities theory by showing that Al-related
information may be associated with both organizational capability development and opera-
tional reconfiguration [47,48]. Innovation capability reflects the firm’s ability to sense and
seize Al-enabled opportunities, whereas logistics efficiency reflects the transformation of
resources and routines at the process level. The significant path from innovation capability
to logistics efficiency supports this capability-to-process logic.

Fourth, the study shows that innovation capability and logistics efficiency should not
be treated as a single strictly ordered mechanism. The indirect effects through innovation
capability and logistics efficiency were both significant and larger than the sequential indi-
rect effect. In addition, the proposed sequential, reverse-sequence, and parallel-mediation
models produced identical global fit indices. Accordingly, the main theoretical contribution
lies in demonstrating that Al utilization may become performance-relevant through mul-
tiple complementary mechanisms. At the same time, the relative ordering of innovation
capability and logistics efficiency remains unresolved. The sequential capability-to-process
pathway remains theoretically meaningful, but it should be interpreted as an additional
mechanism rather than as the only or empirically superior structure.
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Fifth, the nonsignificant moderating effect of managerial support provides a secondary
boundary implication. General managerial support did not strengthen the association be-
tween Al utilization and innovation capability. This finding suggests that broad managerial
encouragement may be less important than implementation-specific mechanisms such
as data governance, technical training, system integration, process redesign, and cross-
functional coordination [75-85]. Future studies should distinguish these more specific
forms of support from general managerial support.

Finally, the theoretical interpretation is bounded by the study’s measurement de-
sign. Firm performance was measured as a multidimensional subjective construct rather
than as objective financial, operational, or environmental performance [90,91]. Likewise,
the sustainability contribution is limited to an operational-efficiency pathway. Because
emissions, energy use, fuel consumption, and waste reduction were not directly mea-
sured, the findings should not be interpreted as direct evidence of environmental improve-
ment [11-21,107-110].

Overall, the theoretical contribution lies in showing that perceived Al utilization
may be associated with firm performance through complementary capability and process
mechanisms, with an additional but smaller sequential capability-to-process pathway.

4.3. Practical and Sustainability Implications

The findings provide several practical implications for logistics-related firms. First,
managers should avoid treating Al investment as a stand-alone technology project. The
results indicate that perceived Al utilization is associated with perceived firm performance
through both innovation capability and logistics efficiency. Firms should therefore develop
these two mechanisms in parallel while also establishing processes to translate innovation
activities into operational improvements.

Second, Al implementation should begin with clearly defined logistics problems.
These may include inaccurate demand forecasting, inefficient inventory planning, delayed
dispatching, poor warehouse coordination, ineffective order allocation, or limited use of
operational data. Al applications should then be aligned with specific process objectives
and evaluated using operational indicators such as inventory accuracy, delivery reliability,
response time, vehicle utilization, warehouse productivity, order failure, and operating cost.

The exploratory item-level results also suggest that Al applications may have dif-
ferentiated organizational associations. Demand forecasting and order allocation were
uniquely associated with logistics efficiency, while Al infrastructure was uniquely associ-
ated with innovation capability and perceived firm performance after simultaneous entry
and FDR correction. These findings should be used with caution because each application
domain was measured with a single item. Still, they suggest that firms may benefit from
distinguishing among application-specific implementation goals.

Third, firms should strengthen innovation capability by encouraging employees to
identify operational problems, generate Al-enabled service ideas, and redesign logistics
routines. At the same time, logistics efficiency should be managed as an independent imple-
mentation target rather than only as a downstream outcome of innovation capability. The
results indicate that both mechanisms contribute separately to perceived firm performance.

Fourth, the nonsignificant moderating effect of managerial support suggests that
general managerial encouragement alone may be insufficient. More specific forms of imple-
mentation support may be needed, including data governance, employee training, system
integration, process redesign, and cross-functional coordination. Firms should therefore
connect managerial support with concrete implementation routines and responsibilities.
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Finally, sustainability implications should be interpreted at the operational-efficiency
level. More efficient logistics processes may support better resource use, lower process
waste, improved service reliability, and fewer operational failures. However, this study did
not directly measure carbon emissions, energy consumption, fuel use, mileage, loading
rates, or waste reduction. Firms seeking to evaluate environmental benefits should link AI
projects to objective environmental and operational indicators.

4.4. Limitations and Future Research

This study has several limitations. First, the cross-sectional and self-reported design
does not establish temporal or causal relationships. Reverse causality is possible, and future
studies should use longitudinal, multi-wave, panel, or quasi-experimental designs.

Second, common method bias cannot be completely ruled out because all focal vari-
ables were collected from the same respondents. Future research should use multi-source
data, multiple respondents within each firm, and objective operational records.

Third, the purposive, non-probability sample of logistics-related firms in China limits
generalizability. Future research should use broader samples and compare logistics sectors,
firm sizes, and national contexts.

Fourth, Al utilization was measured as a broad firm-level construct. The exploratory
AI1-AI5 analysis partially addressed this breadth, but a single item represented each
application domain. Future studies should develop multi-item measures for specific Al
applications and compare their effects across transportation, warehousing, forecasting,
inventory, order fulfillment, and decision support.

Fifth, firm performance was measured as a multidimensional subjective construct.
Although sensitivity analyses supported measurement stability, future studies should
examine financial, operational, employee-related, customer-related, and sustainability-
related outcomes separately and use objective indicators where possible.

Sixth, the Al-involved subsample analysis strengthened respondent relevance but
did not independently verify implemented Al systems or operational outcomes. Future
research should combine survey responses with system records, project documentation,
and technical audits.

Seventh, the proposed sequential, reverse-sequence, and parallel-mediation models
produced identical global fit indices. Accordingly, the present cross-sectional data could not
distinguish whether innovation capability and logistics efficiency operate sequentially, in
reverse order, in parallel, or reciprocally over time. Longitudinal and multi-wave research
is needed to examine their temporal ordering more directly.

Finally, managerial support was measured broadly. Future studies should distinguish
general managerial encouragement from implementation-specific support, including data
governance, technical training, system integration, process redesign, and cross-functional
coordination. Objective environmental measures should also be included to assess whether
Al-enabled logistics efficiency results in measurable reductions in emissions, fuel use,
energy consumption, mileage, or waste.

4.5. Conclusions

This study examined how perceived logistics-oriented Al utilization is associated
with perceived firm performance through innovation capability and logistics efficiency in
logistics-related firms in China. The findings showed positive associations between Al
utilization and innovation capability, logistics efficiency, and perceived firm performance.
Innovation capability and logistics efficiency were also positively associated with perceived
firm performance.
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The indirect effects through innovation capability, through logistics efficiency, and
through their sequential pathway were significant. However, the two individual indirect
effects were larger than the sequential indirect effect. The proposed sequential, reverse-
sequence, and parallel-mediation models produced identical global fit indices, whereas
the restricted direct-effects model showed comparatively weaker fit. These results indicate
that innovation capability and logistics efficiency function as complementary intervening
mechanisms, while the sequential capability-to-process pathway represents an additional,
smaller association. Nevertheless, the relative ordering of the two mediators cannot be
determined from the present cross-sectional data.

The moderating effect of general managerial support was not supported, and the
moderated mediation indices were not significant. This suggests that implementation-
specific support may be more relevant than broad managerial encouragement.

The study contributes by showing that the performance relevance of perceived Al
utilization is associated with multiple organizational pathways rather than with a single di-
rect or strictly sequential mechanism. Nevertheless, because the evidence is cross-sectional
and self-reported, the results should be interpreted as associations among managerial
perceptions rather than as objective causal effects of Al systems on financial, operational,
or environmental performance.
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INV  Direct involvement in Al/digital transformation initiatives
FT Firm Type
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Appendix A

Table Al. Measurement items.

Construct Item Measurement Item Source
Firm tvpe Third-party logistics, Manufacturing,
Company yp E-commerce, Cold chain, Other
Information ; 3
Firm size Fewer than 50, 50-199, 200-499, 500+
.. Frontline staff, Middle management,
Position Seni
Personal enior management
Information

Direct involvement

Direct involvement in Al- or digital
transformation initiatives (Yes/No)

Al technology is used in cargo

All .
transportation. .
Developed for this study
A Al is used for inventory forecasting and  pased on prior research on
warehouse management. Al machine learning, and
e Al is applied to customer demand automation in
AT utilizat -
HHization A3 forecasting and order allocation. logistics [22,34,35] and
Th velv i N contextually adapted to
Al4 € comparny proactively invests in logistics-oriented Al
infrastructure. -
applications.
Al is used for data analysis and
AI5 L .
decision-making.
The company encourages employees to
IN1 propose improvements or innovative
ideas.
The company provides funding for
IN2 . . L
innovation activities.
The company quickly identifies market ~ Adapted .and contexjcually
, IN3 opportunities and takes innovative modified from prior
Innovation actions through AL measures and
Capability conceptualizations of
The company converts Al technology innovation capability
IN4 outcomes into new busmess models or [51,52,105].
services.
The company has established innovation
management systems, such as
IN5 . .
innovation departments or reward
systems.
The company completes logistics tasks
LE1
at low cost.
LE2 Customers are satisfied with the
company’s logistics services. Adapted and contextually
. - The company’s logistics process modified from. prior
Logistics Efficiency LE3 responds quickly to changes in market studies of logistics
demand. performance, efficiency,
and innovation [19,68,72].
LE4 The company regularly evaluates and
improves logistics operations.
LE5 The company improves logistics

efficiency using Al technology.
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Table Al. Cont.

Construct Item Measurement Item Source
FP1 Profitability improved over the past
three years.
Employee satisfaction and cohesion
FP2 .
improved over the past three years.
The company performed well in Adaptgd and conte?du.'.ally
. . : ; modified from subjective
Perceived firm FP3 customer satisfaction over the past three - . .
and multidimensional firm
performance years.
performance measures
FP4 Overall operational efficiency improved [90,91].

over the past three years.

Social responsibility and sustainability
FP5 performance have improved over the
past three years.

Management actively promotes the

Msl application of AI technology.
MS2 Management provides sufficient
resources for innovation projects. Adapted and contextually
M ; larl luates Al modified from prior
Managerial Support MS3 anagement reguiarty evatuates studies of managerial and
project progress.
top-management support
Employees receive management support [80,83,85].
MS4 .
to test new technologies.
MS5 Management values social responsibility

and sustainability.

Note: All items were measured using a five-point Likert scale ranging from 1 = strongly disagree to
5 = strongly agree.

Table A2. Full-collinearity VIF results.

Construct Approx. R? Full-Collinearity VIF
Al utilization 0.372 1.593
Innovation capability 0.395 1.652
Logistics efficiency 0.302 1.432
Perceived firm 0.372 1.592
performance
Managerial support 0.364 1.573

Note: Values below 3.3 provide supplementary evidence that severe construct-level collinearity or a dominant
common method component was not evident; they do not establish the absence of common method bias.

Table A3. Comparison of the Single-Factor and Five-Factor CFA Models.

Model x> df x2df GFI AGFI NFI TLI CFI RMSEA SRMR

Single-factor CFA  1201.529 275 4369 0.654 0592 0.610 0.636 0.667 0.115 0.096
Five-factor model  279.750 265 1.056 0918 0900 0.909  0.994 0.995 0.015 0.037
Note: In the single-factor model, all measurement items were loaded onto one common latent factor. The poor fit

of the single-factor model suggests that the observed relationships are unlikely to be fully explained by a single
common method factor.
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Table A4. Equal-weighted and CFA loading-weighted firm performance comparison.

Indicator Equal-Weighted FP CFA Loading-Weighted FP
Mean 3.3866 3.3867
Standard deviation 0.8018 0.8023
Minimum 1.20 1.20
Maximum 4.80 4.81
Correlation with .
equal-weighted FP o 1.000
FP equation R? 0.358 0.3581
Al — FP 0.2293 *** 0.2292 ***
IN — FP 0.2522 *** 0.2529 ***
LE — FP 0.2769 *** 0.2767 ***
0.0995, 95% CI [0.0483, 0.0998, 95% CI [0.0482,
Al — IN — FP, mean MS 0.1621] 0.1604]
0.0775, 95% CI1 [0.0298, 0.0774, 95% CI1[0.0311,
Al LE = FP 0.1385] 0.1362]
Al - IN — LE — FP, 0.0251, 95% CI [0.0089, 0.0251, 95% CI [0.0087,
mean MS 0.0452] 0.0443]

Note: PROCESS Model 83 was re-estimated using the same covariates and 5000 bootstrap samples. FP = Perceived
Firm Performance, measured as subjective perceived firm performance; MS = managerial support. ** p < 0.001.

Table A5. Item-removal sensitivity analyses.

Sensitivity Model Reliability Key Direct Results Key Indirect Results Conclusion
Al — LE nob5: b =0.2774, Al — LE_no5 — FP: 0.0711,
p =0.0001; IN — LE_nob5: 95% CI1[0.0271, 0.1283]; AI — Core results
Remove LE5 o = 0.806 b =0.2481, p = 0.0004; IN — LE_no5 — FP at mean unchaneed
LE_no5 — FP: b = 0.2564, MS: 0.0251, 95% CI [0.0093, &
p <0.001 0.0445]
Al _no4 — IN: b = 0.5203, Al no4 — LE — FP: 0.0751,
p =0.0224; AIl_no4 — 95% CI [0.0286, 0.1346]; Core results
Remove A4 «=0.819 LE: b = 0.2640, p = 0.0001; Al no4 — IN — LE — FP at unchanged
Al_no4 — FP:b =0.1964, mean MS: 0.0251, 95% CI &
p =0.0016 [0.0096, 0.0441]
Al — LE — FP: 0.0775, 95%
Al X MS_no5 — IN: CI10.0314, 0.1358]; Al — IN H4 remains
Remove MS5 o =0.832 b= —0.0355. » = 05911 — LE — FP at mean MS_nob5: unsupported
= TR P =T 0.0250, 95% CI [0.0092, PP
0.0441]
Al — FP_core3: b =0.2466, AI — LE — FP_core3: 0.0793,
p =0.0005; IN — FP_core3:  95% CI [0.0305, 0.1429]; Al — Core results
FP_core3 «=0.794 b =0.2326,p =0.0009; LE -+ IN — LE — FP_core3 at unchaneed
FP_core3: b = 0.2836, mean MS: 0.0257, 95% CI &
p <0.001 [0.0093, 0.0454]
Note: FP_core3 retained FP1 profitability, FP2 employee satisfaction and cohesion, and FP3 customer satisfaction,
while excluding FP4 operational efficiency and FP5 social responsibility /sustainability performance. All indirect
effects were estimated using 5000 bootstrap samples.
Table A6. Multi-group CFA for firm performance across respondent positions.
Model x> df p CMIN/DF CFI TLI RMSEA  Ax2 Adf Ap
Configural model ~ 15.280 10 0.122 1.528 0.989 0.979 0.046 — — —
Metric model 18.547 14 0.183 1.325 0.991 0.987 0.036 3.267 4 0.514

Note: The metric model constrained the factor loadings to be equal across middle and senior managers. The
chi-square difference test was nonsignificant, supporting metric invariance.
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Table A7. Standardized loadings for firm performance in the multi-group CFA.

Item Middle Managers Senior Managers
FP1 0.688 0.771
FP2 0.695 0.746
FP3 0.781 0.792
FP4 0.633 0.830
FP5 0.738 0.711
Note: All standardized loadings were positive and acceptable in both groups.
Table A8. Model Explanatory Power and Effect Sizes.
Dependent . . 2 Adjusted Model- Incremental
Model Variable Main Predictors R R2 Level £2 P
Al utilization,
Innovation managerial support,
Model 1 Capabilit Al utilization x 0.381 0.358 0.615 0.0003 0.0005
p y managerial support,
controls
Loistics Al utilization,
Model 2 5! innovation capability, 0.224 0.198 0.289 0.201 0.259
Efficiency
and controls
. Al utilization,
Perceived innovation capabilit
Model 3 Firm Perfor- vation capabtiity, g 358 0.334 0.558 0.349 0.544
logistics efficiency,
mance
and controls
Note: Model-level 2 was calculated as R?/(1 — R?). Incremental f> was calculated as AR?/(1 — R2_full). For
Model 1, AR? and incremental f2 refer to the addition of the Al utilization x managerial support interaction term
after the main effects and control variables have been included. For Models 2 and 3, AR? and incremental 2 refer
to the increase in R? and f2 from adding the main theoretical predictors beyond the control variables.
Table A9. Additional data quality checks.
Test Indicator Result Rec01T1m.ended Assessment
Criterion
Normality Skewness range —0.218 to —0.098 Within £2 Acceptable
Kurtosis range —0.915 to —0.491 Within £2 Acceptable
EFA KMO 0.921 >0.70 Acceptable
Bartlett’s test of %2 =2968.910, D
sphericity df = 300, p < 0.001 Significant Acceptable
Number of extracted 5 Consistent with Acceptable
factors theoretical constructs P
Cumulative variance 63.298% >50% Acceptable
explained
Factor loading range 0.673 to 0.799 >0.50 Acceptable
Common method First factor variance
bias in Harman’'s 35.528% <50% No serious concern

single-factor test
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Table A10. Full CFA standardized factor loadings.

Standardized

Construct Item . CR AVE
Loading
All 0.724 0.848 0.529
Al2 0.701
Al utilization Al3 0.811
Al4 0.728
AI5 0.664
IN1 0.720 0.843 0.519
IN2 0.721
Innovation Capability IN3 0.713
IN4 0.686
IN5 0.762
LE1 0.727 0.837 0.507
LE2 0.749
Logistics Efficiency LE3 0.704
LE4 0.677
LE5 0.701
FP1 0.725 0.854 0.540
FP2 0.727
Perceived Firm Performance FP3 0.773
FPr4 0.716
FP5 0.732
MS1 0.716 0.871 0.576
MS2 0.758
Managerial Support MS3 0.772
MS4 0.742
MS5 0.803

Table A11. Full PROCESS Model 83 regression results with controls.

Dependent Variable Predictor b SE t p LLCI ULCI
Al 0.4770 0.2301 2.0730 0.0392 0.0238 0.9303

MS 0.364 0.2313 1.5737 0.1168 —0.0916 0.8196

Al x MS —0.0241 0.0659 —0.3665 0.7143 —0.1539 0.1056

Fnnovation Capability FS 0.0646 0.0393 1.6426 0.1017 —0.0129 0.1421
(IN) FT 2 0.0106 0.1128 0.0936 0.9255 —0.2116 0.2327

FT_3 —0.1006 0.1070 —0.9403 0.3480 —0.3114 0.1102

FT_ 4 —0.1920 0.1212 —1.5839 0.1145 —0.4308 0.0468

POS_1 —0.1409 0.0852 —1.6551 0.0992 —0.3087 0.0268

INV_1 —0.1045 0.0957 —1.0926 0.2756 —0.2930 0.0839

Al 0.2797 0.0662 42223 <0.001 0.1492 0.4101

IN 0.2297 0.0669 3.4351 0.0007 0.0980 0.3614

FS 0.0259 0.0436 0.5947 0.5526 —0.0599 0.1118

Logistics Efficiency FT_2 —0.1475 0.1244 —1.1858 0.2369 —0.3925 0.0975
(LE) FT_3 0.0480 0.1178 0.4072 0.6842 —0.1841 0.2801

FT 4 —0.0828 0.1338 —0.6186 0.5368 —0.3463 0.1808

POS_1 —0.1154 0.0937 —1.2312 0.2194 —0.3000 0.0692

INV_1 —0.1989 0.1057 —1.8822 0.0610 —0.4070 0.0092
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Table A11. Cont.

Dependent Variable Predictor b SE t p LLCI ULCI
Al 0.2293 0.0634 3.6180 0.0004 0.1044 0.3541

IN 0.2522 0.0632 3.9889 0.0001 0.1277 0.3768

LE 0.2769 0.0590 4.6929 <0.001 0.1607 0.3932

Perceived Firm FS 0.0095 0.0403 0.2349 0.8145 —0.0699 0.0888
Performance (EP) FT_2 0.0324 0.1152 0.2813 0.7787 —0.1945 0.2593
FT_3 —0.0656 0.1089 —0.6026 0.5473 —0.2801 0.1489

FT_4 0.0160 0.1237 0.1291 0.8974 —0.2277 0.2596

POS_1 0.0658 0.0869 0.7577 0.4494 —0.1053 0.2369

INV_1 0.0682 0.0983 0.6937 0.4885 —0.1254 0.2618

Table A12. Full bootstrap conditional indirect effects and moderated mediation indices.

Indirect Effect Moderator

Path Hypothesis Level Effect BootSE BootLLCI BootULCI  Assessment
Al — IN — FP H3a Low MS 0.1047 0.0345 0.0462 0.1817 Significant
Al — IN — FP H3a Mean MS 0.0995 0.0293 0.0483 0.1621 Significant
Al — IN — FP H3a High MS 0.0942 0.0312 0.0409 0.1617 Significant
Al - LE — FP H3b — 0.0775 0.0282 0.0298 0.1385 Significant
A= 11\12; LE = H3c LowMS 00264  0.0104 0.0086 0.0498 Significant
Al= H\}i; LE = H3c MeanMS  0.0251  0.0092 0.0089 0.0452 Significant
Al IR Y EE= H3c HighMS 00238 00095  0.0079 00441  Significant
Index of
moderated Al= IN = MS —0.0061 00173  —0.0430 0.0264 _ Not
.. FP significant
mediation
Index of
moderated N g 00015 00044  —0.0113 0.0068 _ Not
. LE — FP significant
mediation
Note: Bootstrap samples = 5000. Low, mean, and high levels of MS represent the mean and 41 SD of Managerial
Support. An indirect effect is significant when the 95% bootstrap confidence interval does not include zero.
Table A13. Al Item-Level Separate Regression Results.
Al Item Outcome B p FDR-Adjustedp  Assessment
All Transportation Innovation capability (IN) 0.392 <0.001 <0.001 Significant
All Transportation Logistics efficiency (LE) 0.285 <0.001 <0.001 Significant
ATl Transportation Perceived firm 0374  <0.001 <0.001 Significant
performance (FP)
AI2 Inventory/Warehouse  Innovation capability (IN) 0.396 <0.001 <0.001 Significant
AI2 Inventory /Warehouse Logistics efficiency (LE) 0.347 <0.001 <0.001 Significant
AT2 Inventory /Warehouse Perceived firm 0334  <0.001 <0.001 Significant
performance (FP)
AI3 Demand/Order . . .
Allocation Innovation capability (IN) 0.459 <0.001 <0.001 Significant
AI3 Demand/Order - - s e
Allocation Logistics efficiency (LE) 0.420 <0.001 <0.001 Significant
AI3 Demand/Order Perceived firm C e
Allocation performance (FP) 0.412 <0.001 <0.001 Significant
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Table A13. Cont.
Al Item Outcome B p FDR-Adjustedp  Assessment
AI4 Infrastructure Innovation capability (IN) 0.465 <0.001 <0.001 Significant
Al4 Infrastructure Logistics efficiency (LE) 0.328 <0.001 <0.001 Significant
Al4 Infrastructure Perceived firm 0.427 <0.001 <0.001 Significant
performance (FP)
AIS Data/Decision Innovation capability (IN) ~ 0.384  <0.001 <0.001 Significant
Support
AI Data/Decision Logistics efficiency (LE) 0224  <0.001 <0.001 Significant
Support
AI5 Data/Decision Perceived firm 0.321 <0.001 <0.001 Significant
Support performance (FP)
Note: Standardized regression coefficients are reported. Each Al item was entered separately into regression
models predicting innovation capability, logistics efficiency, and perceived firm performance. The same control
variables used in the main analysis were included: firm size, firm type dummy variables, respondent posi-
tion, and direct involvement in Al- or digital transformation-related activities. FDR-adjusted p-values were
calculated using the Benjamini-Hochberg procedure. AI1-AI5 represent single questionnaire items rather than
validated application-specific latent constructs; therefore, these results should be interpreted as exploratory
item-level associations.
Table A14. Al Item-Level Simultaneous-Entry Regression Results with FDR Correction.
Al Item Outcome B p FDR-Adjusted p Assessment
All Transportation Innovation capability (IN)  0.066 0.361 0.492 Not significant
All Transportation Logistics efficiency (LE) —0.005 0.948 0.948 Not significant
ATl Transportation Perceived firm 0111  0.145 0.242 Not significant
performance (FP)
Al2 Innovation capability (IN) 0.103 0.141 0.242 Not significant
Inventory/Warehouse pability ’ ' ' &
AlL2 Logistics efficiency (LE) 0.138 0.065 0.163 Not significant
Inventory /Warehouse & Y ’ ’ ’ gn
Al2 Perceived firm D
Inventory /Warehouse performance (FP) 0.052 0479 0-553 Not significant
Not significant
Al3 Demand/Order 2 ion capability IN) 0177 0.025 0.093 after FDR
Allocation i
correction
AI3 Demand/Order .. .. C g
Allocation Logistics efficiency (LE) 0.298 <0.001 0.006 Significant
AI3 Demand/Order Perceived firm D
Allocation performance (FP) 0.160 0.054 0.161 Not significant
Al4 Infrastructure Innovation capability (IN)  0.237 0.001 0.006 Significant
Al4 Infrastructure Logistics efficiency (LE) 0.128 0.088 0.189 Not significant
Al4 Infrastructure Perceived firm 0238  0.001 0.007 Significant
performance (FP)
AD D;é;{) lgrefls“’“ Innovation capability (IN) ~ 0.086  0.207 0.311 Not significant
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Table A14. Cont.
Al Item Outcome B p FDR-Adjusted p Assessment
AI5 Data/Decision - - o
Support Logistics efficiency (LE) —0.060 0.410 0.513 Not significant
Al5 Data/Decision Perceived firm 0.033 0647 0.693 Not significant
Support performance (FP)
Note: Standardized regression coefficients are reported. All five Al utilization items were entered simulta-
neously into separate regression models predicting innovation capability, logistics efficiency, and perceived
firm performance. The same control variables used in the main analysis were included: firm size, firm type
dummy variables, respondent position, and direct involvement in Al- or digital transformation-related activities.
FDR-adjusted p-values were calculated using the Benjamini-Hochberg procedure. Statistical significance was
assessed at an FDR-adjusted threshold of 0.05. Because a single questionnaire item represented each Al application
domain, these results should be interpreted as exploratory item-level associations rather than as tests of validated
application-specific latent constructs.
Table A15. Robustness Analysis Using the Al-Involved Subsample.
Effect or Path b/Effect SE/BootSE P BootLLCI  BootULCI  Assessment
Al — IN 0.4151 0.0695 <0.001 0.2781 0.5521 Significant
Al x MS — IN —0.0256 0.0788 0.7461 —0.1811 0.1299 . N(.)t
significant
Al — LE 0.3033 0.0797 <0.001 0.1460 0.4606 Significant
IN — LE 0.1787 0.0781 0.0233 0.0246 0.3328 Significant
Al — FP 0.3085 0.0746 <0.001 0.1613 0.4558 Significant
IN — FP 0.1761 0.0714 0.0146 0.0352 0.3170 Significant
LE — FP 0.2809 0.0661 <0.001 0.1505 0.4114 Significant
Al — IN — FP 0.0731 0.0310 — 0.0189 0.1393 Significant
Al - LE — FP 0.0852 0.0338 — 0.0271 0.1597 Significant
Al - IN — LE — FP 0.0208 0.0108 — 0.0003 0.0432 Significant
Index of moderated mediation: Not
Al — IN —s FP —0.0045 0.0154 — —0.0398 0.0244 significant
Index of moderated mediation: Not
Al — IN — LE —s FP —0.0013 0.0046 — —0.0116 0.0074 significant

Note: Subsample N = 194, consisting of respondents who reported direct involvement in Al- or digital
transformation-related activities. Unstandardized coefficients are reported for direct and interaction effects.
Indirect effects and indices of moderated mediation were estimated using 5000 bootstrap samples. BootLLCI
and BootULCI denote the lower and upper limits of the 95% bootstrap confidence interval. An indirect effect
or moderated mediation index is statistically significant when the confidence interval does not include zero.
Al = perceived Al utilization; IN = innovation capability; LE = logistics efficiency; FP = perceived firm perfor-
mance; MS = managerial support. The same control variables used in the full-sample analysis were included.

Table A16. Bootstrap Contrasts of Specific Indirect Effects.

Comparison Indirect-Effect Paths Contrast BootSE BootLLCI  BootULCI  Assessment
Ha —H3b A1 7 INZIPvs AL=LE g 6000 00440 00643  0.1059 _ Not
— FP significant
H3a — H3c A7 IN=FPvs AL NG 074 0.0300 0.0198 0.1381 Significant
— LE — FP
H3b — H3c AT LEZEPvS AI=IN G 450y 0.0303 0.0009 0.1192 Significant

— LE — FP

Note: Bootstrap samples = 5000. BootLLCI and BootULCI denote the lower and upper limits of the 95% bootstrap
confidence interval. A contrast is statistically significant when the confidence interval does not include zero.
Al = perceived Al utilization; IN = innovation capability; LE = logistics efficiency; FP = perceived firm performance.
Positive contrast values indicate that the first indirect effect was larger than the second.
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Table A17. Alternative Structural Model Specifications and Fit Indices.

Model

Structural Paths

XZ

df

2/df

CFI

TLI

RMSEA

SRMR

AIC

BIC

Proposed
sequential
model

Al — IN; Al — LE;
Al — FP; IN — LE;
IN — FP; LE — FP

168.756

164

1.029

0.998

0.997

0.011

0.0357

260.756

423.474

Reverse-
sequence
model

Al — IN; Al — LE;
Al — FP; LE — IN;
IN — FP; LE — FP

168.756

164

1.029

0.998

0.997

0.011

0.0357

260.756

423.474

Parallel-
mediation
model

Al — IN; Al — LE;
Al — FP; IN — FP;
LE — FP; IN «+ LE !

168.756

164

1.029

0.998

0.997

0.011

0.0357

260.756

423.474

Restricted
direct-
effects
model

Al — IN; AI — LE;
Al — FP

204.766

167

1.226

0.982

0.980

0.030

0.0650

290.766

442 871

Note: Al = perceived Al utilization; IN = innovation capability; LE = logistics efficiency; FP = perceived firm
performance. The proposed sequential model specifies the capability-to-process path IN—LE. The reverse-
sequence model specifies the opposite directional path LE—IN. The parallel-mediation model specifies no
directional path between IN and LE but allows the two mediators to covary. The restricted direct-effects model
includes only the direct paths from Al utilization to IN, LE, and FP. Lower x2/df, RMSEA, SRMR, AIC, and BIC
values, and higher CFI and TLI values, indicate a better relative fit. The proposed sequential, reverse-sequence, and
parallel-mediation models produced identical fit indices, indicating that these models could not be distinguished
based on global model fit alone. The restricted direct-effects model showed comparatively weaker fit. Because
the data are cross-sectional, the model comparisons assess relative structural plausibility rather than temporal or
causal precedence. ! The covariance between innovation capability and logistics efficiency was freely estimated.
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