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Abstract: In the rapidly evolving digital economy, digital transformation has become critical for small
and medium-sized manufacturing enterprises (SMEs) seeking to sustain competitiveness. Yet,
technology investment alone does not guarantee performance gains, and the interplay between
organizational capabilities and technology application remains underexplored. This study investigates
how learning capability and channel integration capability shape the application of digital technologies
and, in turn, organizational performance. Using survey data from 476 SMEs in Kunming, China, we
construct and empirically validate a structural equation model grounded in the resource-based view and
organizational learning theory. The findings show that both capabilities exert significant direct eftects
on performance and also enhance it indirectly via digital technology application. Importantly,
technology application plays a partial mediating role, indicating that internal capabilities not only drive
outcomes directly but also magnify the value of digital tools. This research advances digital
transformation theory by articulating a “capability—technology—performance” pathway and integrating
resource-based and organizational learning perspectives. Practically, it offers SME managers a dual-
path framework to convert digital investments into measurable results and provides insights for policy
support in capability development.

Keywords: Channel integration Capability, Digital technology application, Digital transformation, Firm performance,
Learning capability.

1. Introduction

In the lead-up to the 2022 holiday shopping season, U.S. retail giant Target faced a “digital trust
crisis”: customer pickup reservations were frequently lost, inventory levels failed to match actual
deliveries, and the much-anticipated intelligent order system became a focal point of consumer
complaints. Despite an investment of over $1 billion in smart store upgrades within two years, Target
reported a decline in operational efficiency and a 12% drop in customer satisfaction in its digital segment
that quarter, with system utilization falling below 80%. Similar cases have emerged globally.
Traditional retailers such as Marks & Spencer in the UK and Metro Group in Germany have also
encountered comparable challenges during digital transtormation, while technologies were deployed,
performance gains failed to materialize. This paradox of “technology without output” has increasingly
become a common hurdle for SMEs in the digital era. According to a McKinsey and Company [1]
report, over 60% of digital investments by mid-sized enterprises worldwide have not translated into
tangible performance improvements. Business leaders widely agree that the issue lies not in the
technology itself, but in whether firms possess the foundational capabilities to convert technology into
value.

China faces a similar reality. Take Kunming, one of China’s pilot cities for SME digitalization, as an
example. In 2024, the city’s total retail sales reached CNY 363.4 billion, with SMEs contributing over
65%, and online sales accounting for 43%. However, a local government survey revealed that only 34%
of enterprises effectively utilize the digital tools they adopt. Nearly half reported insufficient employee
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digital skills and difficulty integrating channels, with some even experiencing customer attrition and
declining repeat purchases following system implementation. The core issue lies in the absence of an
integrated capability system for learning, integration, and application; technologies are present but fail
to take root. As one business owner aptly put it: “We bought the boat, but never taught our staft how to
row.” This practical tension raises a critical research question: under the constraints and dynamism that
characterize the SME context, how do organizational capabilities influence the eftective application of
digital technologies and, ultimately, performance improvement?

In recent years, digital transformation has become a central theme in organizational studies,
strategic management, and information systems research. Existing literature has extensively explored
the adoption, implementation, and outcomes of digital technologies. Dominant theoretical models
include the Technology Acceptance Model (TAM), the Technology—Organization—Environment (TOE)
tramework, and the Unified Theory of Acceptance and Use of Technology (UTAUT) [27. These models
illuminate how technological features, organizational structures, and environmental factors affect
adoption behavior and partly explain the drivers of digital transformation.

In the context of small and medium-sized enterprises (SMEs), scholars have further identified
limiting factors such as resource scarcity, technological complexity, and organizational culture [37]
while also exploring how digital technologies can enhance process efficiency, customer experience, and
strategic agility [47]. However, three major limitations can be observed in the current literature:

First, an overemphasis on technology adoption and a lack of focus on capability support. Most
studies view digital transformation as a matter of whether technologies are adopted, with limited
systematic explanation of how internal organizational capabilities enable effective technology use. For
resource-constrained SMEs, capability limitations may be a more fundamental barrier than technology
supply [5].

Second, a lack of theoretical fit and fragmented explanations. Much of the literature is based on
large enterprise settings, focusing on platform construction and complex system integration, making
them ill-suited for SMEs, which typically face lower operational flexibility and weaker capability bases.

Third, insufficient performance orientation and neglect of transformation chains. Most research
centers on adoption intention rather than tracing how digital value is triggered and realized through
capabilities. As such, the intermediary mechanisms between capabilities, technology use, and
performance remain under-theorized, limiting our understanding of why high investment frequently
yields low returns.

To address these gaps, this study adopts a capability—technology synergy perspective and focuses
on the performance improvement mechanisms in SME digital transformation. Drawing on the
Resource-Based View (RBV) and Organizational Learning Theory, we develop a structural equation
model (SEM) that incorporates four key constructs: learning capability, channel integration capability,
digital technology application, and firm performance. This research seeks to answer the following
question:

How do learning capability and channel integration capability influence firm performance through
digital technology application in SME digital transtormation? Does a significant mediating pathway
exist?

To enhance contextual relevance and practical insight, we conduct an empirical study based on
firsthand data collected from retail SMEs in Kunming, a national pilot city for SME digitalization in
China. We also incorporate real-world cases to strengthen the applied value and interpretive power of
our model.

Compared with existing literature, this study advances digital transformation research in three key
ways. Iirst, it moves beyond traditional technology adoption models (e.g., TAM, TOE) by
conceptualizing a capability—technology—performance chain, clarifying how internal organizational
capabilities activate the value of digital tools. Second, it empirically tests a partial mediation model in
which technology application serves as a process-based transmission mechanism between
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learning/integration capabilities and firm performance, thereby addressing a theoretical blind spot in
the SME transformation literature. Third, by integrating RBV and organizational learning theory
(OLT), this study not only uses these perspectives but extends their logic: it operationalizes learning
capability as a dynamic enabler of digital integration, and reframes technology as a contingent resource
whose value depends on capability configuration. These contributions ofter new directions for theory
and practice in digitally constrained SME contexts.

2. Theoretical Foundation and Research Model
2.1. Integrated Theoretical Perspective: Resource-Based View and Organizational Learning Theory

In a rapidly evolving digital environment, the key to converting technological investment into
performance returns lies in a firm’s internal capability structure and resource integration mechanisms.
To explain how SMEs achieve value creation from technology through internal capabilities, this study
integrates RBV and OLT as the theoretical foundation. These two theories are complementary in focus
and logic and together support the proposed "capability—technology—performance" mechanism model.

(1) Resource-Based View: Structural Logic of Resource-to-Value Conversion. The RBV posits that
sustainable competitive advantage originates from internal firm resources rather than external market
conditions [6, 7. Resources that are rare, heterogeneous, inimitable, and organizationally embedded,
such as information systems, channel integration capability, and technological processes, are considered
the foundation of firm performance differentials.

In the context of digital transformation, although firms invest heavily in technology, performance
improvements depend on the depth of integration between technological resources and organizational
capabilities [8, 97. RBV emphasizes that technology does not inherently create value; its performance
potential is only realized when it is embedded in organizational routines and supported by appropriate
coordination capabilities. Thus, resource orchestration and capability alignment are the critical
pathways through which value is unlocked.

(2) Organizational Learning Theory: Unveiling the dynamic activation of resources. OLT, grounded
in the dynamic capabilities perspective, emphasizes that organizations must continuously acquire,
absorb, and institutionalize new knowledge to remain adaptive and resilient amid environmental
turbulence [10, 117. Learning is not merely a process of knowledge accumulation but serves as a bridge
that transforms external inputs (e.g., digital technologies) into organizational actions and redesigned
processes.

This study integrates RBV and OLT to construct an explanatory framework for digital
transformation in SMEs, as shown in Table 1. While RBV emphasizes the strategic value of internal
resources, it under-specifies the activation mechanisms. OLT offers a dynamic lens on how
organizations acquire and exploit knowledge, but often lacks clarity on resource-based conditions. We
argue that learning capability, as a dynamic process rooted in OLT, is the key enabler that activates the
value of digital resources as proposed by RBV. This perspective transitions from a resource possession
logic to a resource activation logic, thereby explaining the paradox of technology investment failing to
yield performance in SMEs. It bridges the static and dynamic theoretical domains to account for
performance heterogeneity in digital transformation.
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Table 1.
Theoretical Logic
Theoretical Core Focus Theoretical Logic Path Role in the Research Model
Lens
RBV What strategic resources does | Structural logic: resource | Dominant  theory:  explains  how
the firm own uniqueness and | capabilities and technology jointly affect
coordination performance.
OLT How firms activate and apply | Evolutionary logic: | Supporting  theory: explains how
resources learning, absorption, | learning capability enables effective
institutionalization technology use.

2.2. Research Hypotheses
2.2.1. Learning Capability and Firm Performance

According to OLT, learning capability is a dynamic capability that enables firms to continuously
acquire, assimilate, and apply new knowledge in uncertain and fast-evolving environments [12, 137. It
enhances external knowledge absorption and promotes internal institutionalization and process
embedding.

Prior studies indicate that firms with strong learning capabilities can better identify the value of
technology, accelerate employee adaptation, and more effectively convert knowledge into performance
[147. For resource-constrained SMEs, this capability is particularly critical.

H.. Learning capability is positively associated with firm performance.

2.2.2. Channel Integration Capability and Firm Performance

Under the RBV, channel integration capability is considered a structural resource embedded in
organizational routines. It is rare, inimitable, and sustainable qualities that underpin a differentiated
competitive advantage [15, 167]. This capability enables firms to coordinate multi-channel resources,
ensuring information consistency, marketing coherence, and process synergy.

Empirical evidence suggests that high channel integration enhances customer experience, brand
consistency, and cost efficiency [177]. For SMEs, it also helps mitigate management challenges
associated with weak I'T infrastructure.

H.. Channel integration capability is positively associated with firm performance.

2.2.8. Technology Application and Firm Performance

Within the RBV framework, technology resources yield performance gains only when effectively
integrated with internal capabilities [18, 197]. Technology application entails more than system
deployment; it includes process integration, employee proficiency, and data-driven decision-making.

Prior research shows that deep use of ERP, CRM, and related systems can significantly enhance
decision support, process optimization, and customer service [207]. For SMEs prone to “deployment
without use,” the depth of technology application is a decisive factor in performance outcomes.

H;. The level of technology application is positively associated with firm performance.

2.2.4. The Mediating Role of Technology Application in the Learning—Performance Link

Drawing on OLT and Absorptive Capacity Theory, learning capability is a prerequisite for
understanding, absorbing, and redeploying new technologies [21, 227. Firms with strong learning
capabilities can more effectively integrate digital systems into their workflows, improving application
depth.

Research confirms that learning-oriented firms are more proactive in training, process adaptation,
and continuous system refinement, thereby improving alignment between technology and business
objectives [237]. This mechanism is especially salient in SMEs.

H. Learning capability indirectly enhances firm performance through technology application.
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2.2.5. The Mediating Role of Technology Application in the Channel—Performance Link

According to the RBV’s resource orchestration logic, channel integration capability serves as a
toundational enabler of system deployment by providing process infrastructure and data flow [24, 257.
Strong channel integration alleviates issues such as data silos and redundancy, facilitating system
embedding.

Studies have shown that in highly integrated environments, digital systems generate greater
synergistic value, enabling closed-loop data flow and process coordination, which enhances
technological efficiency and ultimately improves performance [267].

H; Channel integration capability indirectly enhances firm performance through technology application.

2.8. Model Construction

This study’s research model aims to address a critical practical dilemma in SME digital
transformation: despite increasing investment in digital technologies, performance returns often fall
short of expectations, which we term the “technology non-performance paradox.” To explain this gap,
we construct a multi-layered mediation model guided by the RBV as the dominant theory and OLT as
the supporting theory. This model conceptualizes performance generation along the “resource—
capability—performance” chain.

RBYV asserts that sustainable competitive advantage stems from rare, inimitable, and strategically
organized internal resources. In digital transformation, although technological resources are widely
available, their value realization hinges on the firm’s complementary capabilities. We define technology
application capability as a strategic resource, with its performance effects depending on the
configuration of internal capabilities.

OLT, from a dynamic capability’s standpoint, explains how firms respond to external change by
acquiring and institutionalizing new knowledge. It provides the process logic for why digital
technologies often fail to generate value, namely, a lack of effective learning capability impedes
absorption and application.

Accordingly, this study selects learning capability and channel integration capability as key
enabling resources:

e Learning capability represents cognitive capability: it involves employees’ and organizations’
ability to understand, absorb, and reconfigure digital technologies.

e Channel integration capability represents a structural capability: it ensures that digital systems
are effectively embedded in operational processes across multi-channel platforms.

2.8.1. Path Logic of the Model
Learning and channel integration capabilities exert direct effects on performance.
e These capabilities also have indirect effects through enhanced technology application.
e Firm performance is conceptualized as a composite of customer satisfaction, operational efficiency,
and cost reduction, reflecting the tangible outcomes of digital transformation.
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Figure 1.

Capability Mechanism Model for SME Digital Transformation.

Figure 1 presents the theoretical framework of this study. Learning capability includes dimensions
such as learning proactiveness, knowledge acquisition, and knowledge transformation. Channel
integration capability comprises platform service capability, content consistency, and information
security. Technology application involves technological investment, user acceptance, data management
and analytics, digital capability, and process optimization. Firm performance is reflected in customer
satisfaction, operational efficiency, and cost control.

By integrating RBV and OLT, the model underscores the activation role of internal capabilities in
digital value realization, contributing to a deeper theoretical understanding of performance mechanisms
in SME digital transformation. This study advances the literature on SME digital transformation by
integrating RBV and OLT into a unified explanatory framework. While prior research often isolates
resources or capabilities, our model conceptualizes digital performance generation as a resource—
capability—application—performance chain. Specifically, we distinguish between cognitive capability
(learning capability) and structural capability (channel integration capability), and demonstrate how
these underpin the depth of technology application as a mediating mechanism. By theorizing technology
application not merely as system deployment but as a process of integration, adaptation, and refinement,
we provide a nuanced explanation for the “technology non-performance paradox” in SMEs. This dual-
theory integration contributes to RBV by extending its structural logic to digital contexts and enriches
OLT by revealing how learning capabilities activate technological resources for sustained performance.

3. Research Design
3.1. Research Context and Data Collection

This study focuses on SMEs in Kunming, China, for the following reasons. First, Kunming was
selected as one of China’s first pilot cities for SME digital transformation, granting it strong regional
representativeness and policy significance. Second, SMEs in this region commonly face challenges such
as limited resources, weak internal capabilities, and stagnant performance improvement conditions that
align well with the theoretical and practical focus of this research.

Data were collected through a structured questionnaire survey. Respondents included senior
executives and core functional department managers to ensure a comprehensive understanding of the
firms’ digital strategies, capability development, and performance outcomes. The questionnaire was
distributed via both online and offline channels. Online dissemination occurred through industry
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associations and corporate WeChat groups, while offline distribution was conducted during chamber of
commerce meetings and professional networking events.

To enhance measurement validity and reliability, a pilot study (n=80) was conducted prior to the
tull-scale survey to refine the phrasing, structure, and comprehension of questionnaire items. In the
tormal survey, 856 questionnaires were distributed, and after excluding responses with over 20%
missing data or evident invalid entries, 328 valid responses were retained, resulting in a response rate of
92.1%. These data provided a solid foundation for subsequent empirical analyses.

3.2. Methodology

This study employs SEM for empirical analysis. As a multivariate statistical technique that
integrates path analysis with measurement error control, SEM is well-suited for examining complex
mediating mechanisms involving latent variables. The analytical procedure includes reliability and

validity assessments, model fit evaluation, and hypothesis testing. Data processing was conducted using
SPSS 26.0 and AMOS 24.0 software.

3.8. Variable Definitions and Scale Development

In this study, five key constructs were measured to capture the mechanisms underpinning digital
transformation in SMEs. Learning capability, grounded in OLT, is conceptualized as a dynamic
capability that enables firms to acquire, absorb, integrate, and apply internal and external knowledge
resources. It encompasses processes such as knowledge acquisition, dissemination, sharing, and
application [87. Following Shirokova et al. [27], learning capability is operationalized through four
dimensions: learning commitment, shared vision, open-mindedness, and knowledge sharing, measured
on a 5-point Likert scale. Channel integration capability refers to a firm’s ability to coordinate
information, services, and processes across online and offline channels to ensure a seamless and
consistent customer experience at multiple touchpoints [287]. Drawing on Wu et al. [297], this construct
is captured through three dimensions: information consistency, service consistency, and operational
coordination, each adapted to the SME retail context and measured on a 5-point Likert scale. Enterprise
technology application emphasizes the depth and breadth of digital system utilization (e.g., ERP, CRM,
data analytics platforms, and mini-program storefronts), focusing on process integration, functional
usage, and value realization rather than mere adoption intention [307]. Based on Oke et al. [317], it is
operationalized through operational proficiency, functional breadth, and process embeddedness, using 5-
point Likert items refined with insights from Kunming’s SME development bureau and local firm
interviews. Enterprise performance is conceptualized as the aggregate of financial, operational, and
market outcomes, in line with the Balanced Scorecard [327] and subjective performance evaluation
approaches. Specifically, it comprises financial performance (e.g., sales growth, net profit margin),
operational performance (e.g., inventory turnover, order fulfillment efficiency), and market performance
(e.g., customer satisfaction, repurchase rate). All performance measures are relative, with respondents
benchmarking their firms against industry peers to minimize inter-industry variation, and are rated on a
5-point Likert scale. Finally, control variables including firm size, years of establishment, industry type,
and ownership nature (state-owned vs. privately owned) are incorporated to enhance model robustness.
Prior evidence highlights their significant association with firm performance [337, justifying their
inclusion in the structural model.

3.4. Scale Design

To ensure theoretical rigor and contextual fit, this study adopts measurement scales that have been
widely validated in prior domestic and international research, adapting them to the digital
transformation context of SMEs to enhance structural validity and contextual relevance, as shown in
Table 2. All items are rated on a 5-point Likert scale (1 = strongly disagree, 5 = strongly agree),
allowing for standardized quantification of respondents’ perceptions and improving data interpretability.
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Specifically, learning capability is measured based on the organizational learning constructs proposed by
Berndt et al. [347], comprising four dimensions: learning commitment, shared vision, open-
mindedness, and knowledge sharing that reflect a firm’s ability to internalize and
institutionalize knowledge. Channel integration capability draws from Li et al. [357, focusing on
omnichannel retail coordination, including information consistency, service consistency, and operational
coordination, to capture the efficiency of resource alignment across platforms. Enterprise technology
application builds on IT capability measurement frameworks developed by Chen et al. [367],
emphasizing the depth and breadth of system use across operational proficiency, functional utilization,
and process embedding. Finally, enterprise performance is assessed subjectively using a relative
performance method, guided by the Balanced Scorecard approach [377, and is disaggregated into
financial, operational, and market performance, thereby oftering a holistic view of digital
transformation outcomes.

Table 2.
Research Variables.
Construct Dimension Sample Measurement Item Source
Learning Learning Commitment | The company encourages employees to | Berndt et al. [34]
Capability continuously acquire new knowledge and skills.
(LC) Shared Vision All employees share a common understanding of
the firm’s strategic goals and direction.
Open-Mindedness Employees are encouraged to question existing
practices and propose improvements.
Knowledge Sharing Knowledge and experience flow smoothly across
departments.
Channel Information Channels provide consistent information on | Lietal. [35]
Integration Consistency pricing, promotions, and product details.
Capability Service Consistency Customers receive  consistent service
(CIC) experiences across different channels.
Operational Online and offline processes, including
Coordination inventory management, are closely coordinated.
Enterprise Operational Proficiency | Employees are proficient in using the core | Chen etal. [36]
Technology functions of information systems.
Application Functional Usage The firm fully utilizes various system functions,
(ETA) not limited to specific modules.
Process Embeddedness | Information systems are deeply integrated into
daily business processes.
Enterprise Financial Performance | The firm’s sales growth rate exceeds the | Oubrahim and Sefiani
Performance industry average. [37]
(EP) Operational Inventory turnover and order processing
Performance efficiency outperform major competitors.
Market Performance Customer satisfaction and repurchase rates
continue to improve.

3.5. Reliability and Validity Testing

To ensure the reliability and validity of the measurement instruments and enhance both the
statistical robustness and the theoretical explanatory power of the SEM, this study conducted a
comprehensive assessment of the psychometric properties of all scales prior to model estimation. As
shown in Table 3, the evaluation covered internal consistency reliability, construct validity, convergent
validity, and discriminant validity. First, internal consistency reliability was tested using Cronbach’s
alpha (a). All coefficients exceeded the recommended threshold of 0.70 [387, indicating strong
reliability: learning capability (a = 0.912), channel integration capability (a = 0.895), enterprise
technology application (a = 0.924), and enterprise performance (o = 0.837). Second, construct validity
was supported by a Kaiser-Meyer-Olkin (KMO) value of 0.927, well above the 0.80 benchmark, and
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Bartlett’s test of sphericity was significant (x* = 4286.731, df = 276, p < 0.001), confirming sampling
adequacy and suitability for factor analysis. Third, convergent validity was evaluated through
confirmatory factor analysis (CIFA). Results showed that all standardized factor loadings ranged from
0.708 to 0.882, composite reliability (CR) values ranged from 0.882 to 0.932, and average variance
extracted (AVE) values ranged from 0.605 to 0.737, all meeting or surpassing recommended thresholds
[897, indicating that observed indicators effectively represented their corresponding latent constructs.
Finally, discriminant validity was established by comparing the square root of AVE for each construct
with inter-construct correlations, where each construct’s AVE square root was consistently greater than
its correlations with other constructs, confirming construct independence. Overall, these results
demonstrate that the measurement model exhibits high reliability, strong convergent and discriminant
validity, and robust psychometric properties, providing a solid foundation for subsequent SEM analysis
and hypothesis testing.

Table 3

Reliability and Validity Assessment of the Measurement Model.

Variable Cronbach’s a CR AVE Standardized factor loading range
Learning ability 0.912 0.921 0.682 0.721-0.865

Channel integration ability 0.895 0.905 0.605 0.703—0.854

Enterprise technology application 0.924 0.932 0.737 0.743-0.882

Enterprise performance 0.837 0.882 0.612 0.715-0.826

4. Quantitative Analysis Results
4.1. Sample Characteristics
To evaluate the representativeness and contextual validity of the dataset, this study conducted a

descriptive analysis of firm-level characteristics (please refer to Table 1 in the Appendix). Among the
500 questionnaires distributed via online platforms such as WeChat, QQ, and industry forums, 476 valid
responses were collected, yielding a high response rate of 95.2%. The sample reflects substantial
heterogeneity across sectors, with retail (85.29%), manufacturing (25.00%), healthcare (14.50%), and
other industries (25.21%) all well represented. In terms of scale and financial capacity, 67.44% of firms
employ fewer than 30 staff, and 75.84% report annual revenues below CNY 2 million, highlighting the
resource limitations typical of Chinese SMEs. Firm maturity is similarly balanced, with 28.57% in
operation for less than two years, 34.66% for 2—5 years, and 36.77% for more than five years. Regarding
digitalization, 71.64% of firms reported some form of online activity, yet most had invested less than
CNY 50,000 annually in digital technologies, and half provided fewer than seven days of employee
training, underscoring limited digital capacity-building. Respondents were primarily business owners
(43.70%) and middle managers (46.85%), ensuring insights from individuals with decision-making
authority. Digital adoption trends show a strong customer-facing orientation, with online sales
platforms (50.21%) being the most common, followed by internal office systems (20.59%) and supply
chain platforms (15.97%). Collectively, the sample offers a contextually grounded and diverse portrayal
of SMEs undergoing digital transformation under resource-constrained conditions.

4.2. Reliability Analysis

To evaluate the internal consistency of the measurement constructs, this study employed
Cronbach’s alpha (a) as the primary reliability coefficient. Cronbach’s a is widely regarded as a robust
indicator of scale reliability, with values closer to 1.0 denoting greater homogeneity among the items
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measuring a latent construct. According to conventional thresholds, a values above 0.80 are considered
highly reliable, values between 0.70 and 0.80 are acceptable, while those below 0.70 may indicate
insufficient internal consistency.

As reported in Table 4, all 13 latent dimensions in this study demonstrated Cronbach’s a values
ranging from 0.836 to 0.858. Specifically, the highest reliability was observed for both platform service
capabilities and operational efficiency (a« = 0.858), while the lowest, though still strong, was noted for
data management and analysis (a = 0.836). Other dimensions, such as learning initiative (o = 0.847),
knowledge acquisition capacity (a = 0.851), digital capability (a = 0.842), and customer satisfaction (a =
0.844), also exhibited excellent internal consistency, each exceeding the 0.80 benchmark.

Collectively, these results confirm that all measurement scales exhibit high internal reliability,
thereby providing a statistically sound foundation for subsequent empirical analyses, including SEM
modeling and hypothesis testing.

Table 4.

Cronbach's reliability analysis

Dimension Cronbach's a Coefficient Number of Items
Learning Initiative 0.847 5
Knowledge acquisition capacity 0.851 5
Knowledge translation capacity 0.847 5
Platform service capabilities 0.858 5
Content consistency 0.854 5
Information security 0.850 5
Technical input 0.841 5
Technology acceptance 0.844 5
Data management and analysis 0.836 5
Digital capability 0.842 5
Business process optimization 0.841 5
Customer satisfaction 0.844 5
Operational efficiency 0.858 5

4.8. Exploratory Factor Analysis

To evaluate the construct validity of the measurement scales, we conducted Exploratory Factor
Analysis (EFA) using SPSS 27. Prior to factor extraction, data adequacy was verified. As shown in
Table 5, the KMO values for all four constructs (Learning Capability, Platform Service Capability,
Digital Capability, and Enterprise Performance) exceeded 0.90, and Bartlett’s tests were all highly
significant (p < 0.001), indicating excellent suitability for factor analysis.

Table 5.

KMO and Bartlett's Test.

Construct KMO Bartlett x* df p-value
Learning Capability 0.909 3022.074 105 0
Platform Service Capability 0.981 3160.796 105 0
Digital Capability 0.938 3160.796 300 0
Enterprise Performance 0.917 3145.926 105 0

To further assess the construct validity of the measurement scales, Principal Component Analysis
(PCA) with Varimax rotation was conducted to extract latent factors for each construct. As summarized
in Table 6, all constructs exhibited well-defined multidimensional structures with satisfactory statistical
properties. Specifically, Learning Capability yielded three factors with eigenvalues of 5.897, 1.824, and
1.649, cumulatively explaining 62.46% of the total variance. IFactor loadings ranged from 0.688 to 0.790.
Platform Service Capability also produced three factors (eigenvalues = 6.102, 1.788, 1.623), accounting
for 63.41% of the total variance, with loadings between 0.719 and 0.790. For Digital Capability, five
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distinct factors were extracted (eigenvalues = 9.117, 1.916, 1.697, 1.520, 1.166), explaining 61.67% of
the variance, with loadings ranging from 0.644 to 0.766. Finally, Enterprise Performance yielded three
factors (eigenvalues = 6.059, 1.813, 1.600), explaining 63.14% of the variance, with loadings between
0.703 and 0.828.

All factor loadings exceeded the commonly accepted threshold of 0.60, and all item communalities
were above 0.55, indicating strong convergent validity and well-differentiated factor structures. These
findings confirm that the measurement items effectively capture their respective latent constructs,
thereby providing a psychometrically robust foundation for subsequent Confirmatory Factor Analysis
(CFA) and SEM.

Table 6.
Factor loading coefficients after rotation.
Number Cumulative .
Construct of Eigenvalues Variance Factor Loading
genva . Range
Factors Explained (%)
Learning Capability 3 5.897, 1.824, 1.649 62.46 0.688-0.790
Platform Service Capability 3 6.102, 1.788, 1.623 63.413 0.719-0.790
Digital Capability 5 9.117, 1.916, 1.697, 1.520, 1.166 61.665 0.644—0.766
Enterprise Performance 3 6.059, 1.813, 1.600 63.144 0.703—0.828

4.4. Confirmatory Factor Analysis

To further validate the measurement model, Confirmatory Factor Analysis (CFA) was conducted on
the four constructs: learning capability, channel integration capability, technology application, and
enterprise performance.

As reported in Table 7, all models demonstrate excellent overall fit. Specifically, the CMIN/DF
values range from 1.115 to 1.466, far below the recommended upper limit of 3, while RMSEA values
remain between 0.016 and 0.031, well under the 0.08 threshold. Moreover, all goodness-of-fit indices
(GIF1=0.95-0.974, CF1=0.986-0.997, NF1=0.939-0.97, IFF[=0.986-0.997) exceed the 0.9 benchmark,
confirming that the four models exhibit strong explanatory power and theoretical consistency.

Table 7.

Model fitting indicators.
Model CMIN DF CMIN/DF GFI RMSEA CFI NFI IFI
Learning Capability | 127.542 87 1.466 0.966 0.081 0.986 0.958 0.986
Channel 97.019 87 1115 0.974 0.016 0.997 0.97 0.997
Integration
Tech Application $31.499 265 1.251 0.95 0.023 0.987 0.939 0.987
Enterprise 118.988 87 1.368 0.967 0.028 0.99 0.963 0.99
Performance

At the indicator level, Appendix Table 2 shows that all standardized factor loadings are above 0.65
(e.g., A1 = 0.748, H5 = 0.764, O1 = 0.864), and all paths are statistically significant (p < 0.001). This
demonstrates that each observed variable strongly explains its corresponding latent construct. The
critical ratios (z-values) for all items are well above 13, further supporting the robustness of the
measurement structure.
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Table 8.
Model AVE and CR index results.
Construct Factor AVE CR
Learning Capability Learning Initiati\.r'e' ‘ . 0.527 0.8438
Knowledge Acquisition Capacity 0.533 0.851
Knowledge Translation Capacity 0.526 0.847
. Platform Service Capability 0.55 0.859
Channel Integration I — = =
nternal Consistency 0.54 0.854
Information Security 0.534 0.851
Technology Input 0.517 0.842
L Technology Acceptance 0.522 0.845
Technology Application Data Management and Analysis 0.507 0.837
Digital Capability 0.517 0.842
Business Process Optimization 0.516 0.842
Enterprise Performance Customer Satisf:a.ction 0.523 0.846
Operational Efficiency 0.548 0.858
Reduce Operating Costs 0.54 0.853

In terms of convergent validity, Table 8 indicates that the Composite Reliability (CR) values for all
dimensions range from 0.837 to 0.859, significantly higher than the minimum threshold of 0.7. The
Average Variance Extracted (AVE) values also exceed the 0.5 benchmark across all factors (e.g.,
learning initiative = 0.527, technology acceptance = 0.522, operational efficiency = 0.548), confirming
that the majority of the variance in measurement items is explained by their corresponding latent
constructs. These results establish both internal consistency and convergent validity of the
measurement scales.

Finally, discriminant validity is confirmed in Appendix Table 8 using the Fornell-Larcker criterion.
The square roots of AVE (e.g., learning initiative = 0.726, platform service capability = 0.742, customer
satisfaction = 0.723) are consistently greater than their corresponding inter-construct correlations (e.g.,
learning initiative-knowledge acquisition = 0.521; operational efficiency-reduced costs = 0.501). This
indicates that each construct explains its own items better than those of other constructs, thereby
demonstrating strong discriminant validity across the four models.

Taken together, the CFA results provide robust evidence of reliability, convergent validity, and
discriminant validity for all measurement models, laying a solid foundation for subsequent SEM
modeling.

4.5. Descriptive Statistics

Descriptive statistics were employed to analyze the fundamental statistical characteristics of the
variables, providing insights into the distribution and internal structure of the data. As shown in Table
9, the sample size for each variable is 476. The range of values for each variable falls within reasonable
limits, with no outliers detected. For Learning Ability, the mean value is 3.482, with a standard
deviation of 0.620, and the skewness and kurtosis values are 0.049 and -0.396, respectively, indicating a
nearly symmetric distribution. Channel Integration has a mean value of 8.338 and a standard deviation
of 0.604, with skewness of 0.271 and kurtosis of -0.189, suggesting that the data distribution is slightly
positively skewed but still close to normal. The variable Enterprise Technology Application has a mean
of 8.468, a standard deviation of 0.555, and skewness and kurtosis values of -0.143 and -0.659,
respectively, indicating a slight negative skew and a platykurtic distribution. Finally, Enterprise
Performance shows a mean of 3.842, a standard deviation of 0.586, with skewness and kurtosis of -0.069
and -0.395, respectively, suggesting a near-normal distribution.

Overall, all variables exhibit skewness and kurtosis values within acceptable ranges (i.e., absolute
values below 1), confirming that the data closely follow a normal distribution. These results provide a
solid foundation for further statistical analysis, including subsequent factor and SEM modeling.
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Table 9.
Descriptive statistics.

Sample Size Minimum | - Maximum Mean Star.ndz{rd Skewness | Kurtosis

Value Value Value Deviation

Learning Ability 476 2 5 3.482 0.620 0.049 -0.396
Channel Integration 476 2 5 3.338 0.604 0.271 -0.189
Enterprise — Technology 476 2.080 4.640 3.468 0.555 -0.143 -0.659
Application
Enterprise Performance 476 1.800 4.933 3.842 0.586 -0.069 -0.395

4.6. Correlation Analysis

Correlation analysis was conducted to examine the linear relationships among the four core
constructs: learning ability, channel integration, enterprise technology application, and enterprise
performance. As shown in Table 10, all Pearson correlation coefficients are positive and statistically
significant at the 0.01 level (two-tailed), indicating stable and meaningful associations between
variables.

Specifically, learning ability is positively correlated with channel integration (r = 0.276, p < 0.01),
enterprise technology application (r = 0.422, p < 0.01), and enterprise performance (r = 0.435, p < 0.01),
suggesting that firms with stronger learning capabilities are more likely to adopt integrated channels,
implement technological solutions, and achieve better performance. Channel integration is also
significantly associated with both enterprise technology application (r = 0.381, p < 0.01) and enterprise
performance (r = 0.434, p < 0.01), implying that more integrated channels may facilitate both
technological deployment and business outcomes.

Notably, enterprise technology applications demonstrate the strongest correlation with enterprise
performance (r = 0.617, p < 0.01), underscoring the critical role of technology in enhancing firm-level
outcomes. These results collectively support the hypothesized positive interrelationships among the
constructs and provide a strong empirical basis for subsequent SEM modeling.

Table 10.
Correlation analysis results of various variables (N=476).
1 2 3 4
Learning Ability 1
Channel Integration 0.276%* 1
Enterprise Technology Application 0.422%% 0.381%% 1
Enterprise Performance 0.4835%* 0.434%* 0.617%* 1

Note: **. The correlation is significant at the 0.01 level (two-tailed). *. The correlation is significant at the 0.05 level (two-tailed).

4.7. Structural Equation Modeling
In this study, Amos 26.0 software was employed to construct the SEM, conduct model fit tests, and
analyze path coefficients. The statistical model established is shown in Figure 2.

Edelweiss Applied Science and Technology
ISSN: 2576-8484

Vol. 9, No. 10: 517-540, 2025

DOLI 10.55214/2576-8484.v9110.10463

© 2025 by the authors; licensee Learning Gate



530

Learning Initiative
@ .65

€
@ ®
41 Enterprise 73
J1 o . vk i
@ .65 —— applications 71 @
e Tz @
33
()
.39 .54

.23

)
apabilitie .65 .64

.25

.68
e 1 Leaming Ability Leaming Ability
.68
®

e

Figure 2.
SEM model.

1. Model Fit and Overall Assessment. Empirically test the hypothesized relationships among
learning capability, channel integration, technology application, and enterprise performance; SEM was
conducted. The global fit indices indicate that the proposed model achieves an excellent fit to the data
(see Table 11). The ratio of chi-square to degrees of freedom (y*/df = 1.275) is well below the
recommended cutoff of 3.0, suggesting a parsimonious model fit. The Root Mean Square Error of
Approximation (RMSEA = 0.024) is substantially lower than the threshold of 0.05, reflecting a close fit
of the model to the population covariance structure. In addition, the incremental fit indices, including
the Goodness-of-Fit Index (GFI = 0.975), Comparative Fit Index (CFI = 0.991), and Incremental Fit
Index (IFT = 0.991), all exceed the stringent benchmark of 0.95, while the Normed Fit Index (NFI =
0.958) surpasses the minimum requirement of 0.90. These results collectively exceed the conventional
thresholds, thereby demonstrating both the robustness and theoretical soundness of the model.

Table 11.

Model Fit Indicators

Indicator CMIN DF CMIN/DF GFI RMSEA CFI1 NFI IF1
Ideal Value - - <38 >0.9 <0.08 >0.9 >0.9 >0.9
Compliance Value - - <5 >0.8 <0.10 >0.8 >0.8 >0.8
Fitted Value 90.546 71 1.275 0.975 0.024 0.991 0.958 0.991

2. Direct Effects Analysis. The results of the SEM path analysis (Table 12) confirm five significant
direct effects, aligning with the hypothesized structural relationships (H1-H3). First, learning capability
— technology application is positive and significant (§ = 0.411, p < 0.001), indicating that firms with
strong knowledge acquisition and assimilation capabilities are more likely to embed and utilize digital
technologies effectively. Similarly, channel integration — technology application is positive and
significant (f = 0.331, p < 0.001), suggesting that seamless cross-channel coordination facilitates the
adoption and deep use of enterprise technologies. Together, these two capability-based antecedents
explain approximately 23.7% of the variance in technology application (R* = 0.237), underscoring the
role of organizational capabilities as enablers of digital technology utilization.
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Second, when predicting performance outcomes, learning capability — enterprise performance (§ =
0.232, p < 0.001) and channel integration — enterprise performance (3 = 0.248, p < 0.001) both remain
positive and significant, confirming that organizational capabilities exert a direct influence on firm
outcomes independent of technology use. Most importantly, technology application — enterprise
performance exhibits the strongest direct effect (B = 0.538, p < 0.001), suggesting that deep and
effective utilization of digital systems (e.g., ERP, CRM, and data analytics platforms) is the dominant
driver of enterprise performance improvement.

Collectively, the three predictors account for 37.7% of the variance in enterprise performance (R* =
0.377), indicating substantial explanatory power. These results highlight a dual pathway: organizational
capabilities not only directly enhance firm performance but also act indirectly by enabling more eftective
technology application. The findings provide strong empirical support for the dynamic capabilities view,
emphasizing that learning and integration capabilities constitute foundational resources, while
technology application represents the proximal mechanism that translates these resources into superior
performance outcomes.

Table 12.
Model coefficients.
. . Unstandardized | Standardized Standard
Independent Variable | Dependent Variable Path Coefficient | Path Coefficient | Error z(CR) |p
Learning Ability Enterprise - Technology |, ,; 0.411 0.076 6.174 Hoox
Application
Channel Integration Enterprise ~ Technology | 47, 0.331 0.071 5.207 Ho
Application
Learning Ability Enterprise Performance 0.248 0.232 0.069 3.586 Hkok
Channel Integration Enterprise Performance 0.261 0.248 0.064 4.055 Hokk
Enterprl.se Technology Enterprise Performance | 0.504 0.538 0.065 7.778 Hkk
Application

3. Mediation Effects. To further validate the hypothesized mediation mechanisms, we employed the
non-parametric bootstrapping method with 5000 resamples to test the indirect effects of learning
capability and channel integration on enterprise performance through technology application.
Bootstrapping is widely recognized as a robust approach for mediation analysis because it does not rely
on the assumption of normality of the indirect eftect distribution [407.

The results (Table 13) reveal that the indirect effect of learning capability on enterprise
performance through technology application is statistically significant (§ = 0.133, 95% CI [0.078,
0.2127, p < 0.001). Similarly, the indirect effect of channel integration on enterprise performance via
technology application is also significant ( = 0.136, 95% CI [0.085, 0.2287, p < 0.001). Importantly,
both mediating effects are partial rather than full, as the direct paths from learning capability (f =
0.232, p < 0.01) and channel integration (§ = 0.248, p < 0.01) to enterprise performance remain
significant when technology application is included in the model.

These findings underscore the pivotal mediating role of technology application in the capability—
performance chain. Specifically, organizational capabilities in learning and channel integration not only
exert direct effects on firm performance but also enhance performance indirectly by deepening the
effective use of digital technologies. This aligns with the RBV and dynamic capability theory, which
emphasize that the value of organizational resources is realized through their integration with
technological applications.
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Table 13.
Path analysis test.

. . o 95% CI —
Indirect Path Standardized B | 95% CI Lower Upper p-value | Mediation Type
Learl.’llng. Capablhty . - 'I,‘eChnOIOgy 0.133 0.078 0.212 < 0.001 Partial Mediation
Application — Enterprise Performance
Chan.nel. Integratlon . - ’I,‘eChnOIOgy 0.136 0.085 0.228 < 0.001 Partial Mediation
Application — Enterprise Performance

Table 14 presents that all five hypotheses (H1-H5) are empirically supported. The analysis reveals
that both learning capability and channel integration capability significantly enhance firm performance,
not only directly but also indirectly through the mediating role of technology application. Technology
application itself emerges as the strongest determinant of enterprise performance. Importantly, the
mediation tests confirm that technology application serves as a partial mediator, thereby reinforcing the
“capability—technology—performance” logic. These results jointly underscore that organizational
capabilities provide the foundational conditions for digital transformation, while technology application
acts as the critical transmission mechanism that amplifies their impact on firm performance.

Table 14.

Summary of assumptions.

Hypothesis | Path relationship Std. Path z-value p- Conclusion

Coefficient (B) value

H1 Learning Capability—Firm Performance 0.232 3.586 **% | Supported
Channel Integration Capability — Firm

He Performance 0.248 4.055 *** | Supported
Technology ~ Application ~ —  Firm

Hs Performance 0.538 7.773 *** | Supported

Supported

Learning  Capability —  Technology Bootstrap CI (Partial

H4 Application — Firm Performance 0.133 (indirect) [0.078,0.212] *** | Mediation)
Channel  Integration  Capability — Supported
Technology ~ Application ~ —  Firm Bootstrap CI (Partial

Hs Performance 0.136 (indirect) [0.085, 0.2287 kK Mediation)

5. Discussion
5.1. Theoretical Contributions

This study offers three distinct theoretical contributions to the literature on digital transformation
in SMEs.

First, it develops and empirically validates a mechanism-based mediation model that explains how
internal capabilities (learning and channel integration) shape performance through technology
application. This structure moves beyond existing adoption-centric frameworks (e.g., TAM, TOE),
providing a deeper understanding of the process through which digital value is realized in resource-
constrained firms.

Second, this study extends the RBV by introducing a dynamic capability lens. Rather than treating
digital technologies as static resources, the model shows that their value realization depends on
capability-driven orchestration. Learning capability is framed not just as a supportive asset but as a
prerequisite mechanism that activates and amplifies the performance effects of technology.

Third, it contributes to OLT by grounding its abstract logic in digital practice. Through empirical
modeling, this study shows that knowledge acquisition and integration directly influence both the depth
of digital system use and the realization of performance gains. This dual impact offers theoretical clarity
on how learning transforms external inputs (technologies) into internal outcomes (efficiency,
satisfaction, cost reduction).
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5.2. Managerial Implications

The findings of this study not only have theoretical value but also provide actionable insights for
managers of SMEs and policymakers, particularly in the following five areas:

(1) Prioritize Capability Building in Digital Strategies. The study finds that both learning capability
and channel integration capability have a significant direct impact on performance. This suggests that
SMEs can still achieve performance improvements through internal knowledge absorption, sharing, and
external resource collaboration, even when technology application is not optimal. Managers should
focus on investing in organizational culture, employee training, knowledge management, and cross-
channel integration to lay a solid foundation for digital transformation.

(2) Enhance the Depth and Embedding of Technology Application. Performance improvement
depends not only on technology adoption but more crucially on the effective integration of information
systems into actual business processes. Managers should avoid the misconception that "system
implementation equals transformation" and instead focus on process reengineering, institutional
coordination, and operational feedback mechanisms. This will enhance the practical value of systems in
areas such as procurement, sales, and customer service, creating a closed loop from "system
implementation" to "process transformation" to "performance improvement."

(8) Build high consistency in channel integration mechanisms. The study confirms the positive effect
of channel integration capability on performance. Enterprises should coordinate their online and offline
channel layouts to ensure consistent customer experiences across product information, pricing
strategies, promotional activities, and service standards. Moreover, they should integrate data across
multiple channels to enhance customer insights and improve responsiveness to market changes.

(4) Optimize the Linkage Between Capabilities and Technology to Unleash Mediating Effects. The
results indicate that technology application plays a partial mediating role in the path from learning
capability and channel integration capability to performance. This suggests that managers should
design organizational mechanisms such as cross-departmental collaboration platforms, technology
usage feedback systems, and data-driven decision support systems to enhance the synergistic effects
between capabilities and technology. This will create a positive feedback loop, where capabilities
empower technology, and technology, in turn, supports performance.

(5) Provide a Reference Path for Digital Transformation of SMEs Globally. Although this study
tocuses on SMEs in China, the core conclusions have broad implications for SMEs in developing
countries at the early stages of digital transformation. In regions like Latin America, Southeast Asia,
Africa, and Eastern Europe, SMEs face similar challenges of "easy technology procurement, but difficult
value realization." Therefore, the proposed “capabilities-first technology embedding performance
release” path provides a universal reference for digital strategies in international contexts, offering a
low-cost and high-efficiency approach to digital transformation.

5.8. Research Limitations and Future Research Directions

Despite the contributions made in theory building and empirical testing, this study has several
limitations that should be addressed in future research. First, the sample data mainly comes from SMEs
in China. While it is representative, the study may suffer from regional bias, limiting the external
generalizability of the findings. Future research could introduce multi-country samples to compare the
applicability and differences of the capability—technology—performance mechanism in different
institutional environments or cultural backgrounds, thus enhancing the cross-cultural applicability of
the model.

Second, this study uses cross-sectional data, which, while revealing correlations between variables,
offers limited support for causal inferences. Future studies could adopt longitudinal tracking or
experimental design methods to more rigorously test the dynamic evolution of the relationships
between capabilities, technology application, and performance.
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Lastly, the organizational capability dimensions selected in this study focus primarily on learning
and channel integration capabilities, without considering other potential factors such as organizational
resilience or leadership support. IFuture research could further enrich the capability system by including
these dimensions to provide a more comprehensive explanation of the multiple pathways through which
performance is achieved in the context of digital transformation.

6. Conclusion

This study, supported by the RBV and OLT, constructs a "capability—technology—performance"
mediation model to systematically explore the performance realization mechanisms of SMEs during
digital transformation. The study finds that learning capability and channel integration capability not
only have a significant direct impact on firm performance but also indirectly promote performance
growth by enhancing technology application. This confirms the foundational role of capability building
in the realization of technological value. This finding addresses the gap in previous research regarding
the interaction mechanisms between capability and technology, advancing the theoretical understanding
of resource integration and technology absorption in the digital context of SMEs.

In terms of theoretical contributions, this study deepens the concept of "capability conversion into
value" within the RBV and expands the applicability of the OLT's mediating mechanisms in digital
practice, providing a new perspective on how firms transform resource advantages into performance
advantages. Practically, the study emphasizes that firms should simultaneously advance capability
building and technology deployment, avoiding the structural bias of "emphasizing technology while
neglecting capability." This offers realistic strategic recommendations for SMEs' digital transformation.
It also provides policy implications, suggesting that in promoting the digital transformation of SMEs,
policymakers should strengthen support for capability training, resource integration, and digital literacy
improvement to enhance the return on technological investments.

Future research could validate the applicability of this model across a broader range of industries
and national contexts, examining the moderating effects of institutional environments, cultural factors,
or industry maturity on the capability—technology—performance path. This would further promote the
contextual and international development of digital transformation theories for SMEs.
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Appendix 1.

Table 1.
Sample characteristic statistics.
Name Category Frequency Percentage (%)
Industry Medical Service Industry 69 14.496
Etail Industry 168 35.294
Manufacturing Industry 119 25.000
Others 120 25.210
Number of Employees Less than 10 people 138 28.992
11-30 people 183 38.44:5
31-50 people 114 23.950
More than 50 people 41 8.613
Operating Income Less than 1 million 141 29.622
1-2 million 220 46.218
2-5 million 103 21.639
More than 5 million 12 2.521
Operating Years Less than 1 year 43 9.034
1-2 years 938 19.588
2-5 years 165 34.664
More than 5 years 175 36.765
Whether to Operate Online Yes 341 71.639
No 135 28.361
Amount of Technical Input Less than 10,000 188 39.496
10,000-20,000 140 29.412
20,000-50,000 101 21.218
More than 50,000 47 9.874
Technical Training Time 7 days 238 50.000
15 days 145 30.462
30 days 74 15.546
More than 30 days 19 3.992
Position Store Owner 208 43.697
Department Manager 120 25.210
Clerk 45 9.454
Others 103 21.639
Type of Technical Input Online Sales Platform 239 50.210
Department Office 98 20.588
Platform
Goods Supply Platform 76 15.966
Others 63 13.285
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Table 2.
Factor loading coefficient.
Construct Item Unstd. Loading Std. Loading SE z (C.R.) p-value
Al 0.991 0.748
Learning Initiative A2 1.012 0.716 0.068 14.577 ok
A3 0.97 0.78 0.068 14.848 ok
A4 0.968 0.728 0.066 14.707 ko
Ab 1 0.716 0.066 14.565 ko
B1 1.037 0.704
B2 1.037 0.731 0.073 14.255 ok
Bs 1.052 0.719 0.072 14.678 ko
B4 1.033 0.737 0.072 14,412 ko
Knowledge Translation B,5 101 0.756 0.072 14.047 il
C1 1 0.756
C2 1.044 0.744 0.069 15.028 Hokk
Cs 1.061 0.784 0.071 14.849 ko
C4 1.015 0.73 0.069 14.768 ko
5 0.944 0.68 0.068 13.792 ok
D1 1 0.663
D2 1.78 0.774 0.083 14.168 ke
Platform Service D3 1.15 0.771 0.079 14.119 bkl
D4 1.094 0.734% 0.08 13.596 bl
D5 1.147 0.762 0.082 13.999 ol
F1 1 0.675
2 1.149 0.766 0.08 14.272 ke
I3 1.154 0.745 0.083 18.96 bl
F4 1.1 0.785 0.08 13.796 ekl
. F5 1.121 0.751 0.08 14.042 ok
Internal Consistency G1 ! 0729
o
G2 1.013 0.748 0.067 15.091 bl
G3 1.023 0.739 0.069 14.924 ok
G4 0912 0.658 0.068 13.827 ok
G5 1.067 0.7738 0.069 15.555 el
H1 1 0.692
H2 1.062 0.747 0.073 14.466 ok
Tech Input Hs 0.992 0.701 0.073 18.67 *k¥
H4 0.989 0.686 0.074 13.408 ekl
Hs 1.052 0.764 0.071 14.747 Fkk
11 1 0.72
12 0.97 0.761 0.064 15.188 kK
Tech Acceptance I3 0.929 0.733 0.063 14.652 Hokk
14 0.952 0.712 0.067 14.286 ekl
15 0.915 0.683 0.067 13.709 Fkk
J1 1 0.661
J2 1.054 0.718 0.08 13.174 kK
Data Management J3 1.064 0.731 0.08 13.86 Hkk
J4 0.9938 0.721 0.075 13.217 Fokk
J5 1.071 0.727 0.08 13.308 Fokk
K1 1 0.748
Ke 0.982 0.718 0.067 14.748 kol
Digital Capability K3 0.981 0.736 0.065 15.102 ok
K4 0.959 0.688 0.068 14.125 *kk
Ks 0.94 0.7038 0.065 14.449 *kk
L1 1 0.677
Process Optimization L2 1.065 0.718 0.079 13.471 Hkk
Ls 1.183 0.765 0.088 14.183 *kk
L4 1.06 0.761 0.075 14.122 *kk
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L5 0.997 0.666 0.079 12.64 okl
M1 1 0.71
Mg 0.97 0.72 0.069 14.096 Hokk
Customer Satisfaction Ms 0.982 0.748 0.067 14.389 Hokk
M4 0.994 0.692 0.073 18.591 *kk
M5 1.006 0.7 44 0.069 14.511 *kk
N1 1 0.732
N2 1.042 0.777 0.066 15.786 ok
Operational Efficiency N3 0.972 0.723 0.066 14.728 Hokk
N4 1.002 0.722 0.068 14.718 *kk
N5 1.087 0.745 0.068 15.162 *kk
01 1 0.864
02 0.842 0.742 0.047 17.794 *k
Reduce Operating Costs (OF:] 0.739 0.65 0.049 15.02 Hkk
O4 0.792 0.678 0.05 15.844 *kk
05 0.863 0.721 0.05 17.142 Hokk

Edelweiss Applied Science and Technology
ISSN: 2576-8484

Vol. 9, No. 10: 517-540, 2025

DOLI 10.55214/2576-8484.v9110.10463

© 2025 by the authors; licensee Learning Gate

539



Table 3.

Pearson correlation and AVE square root value.

540

Learning
Initiative

Knowledge
Acquisition

Knowledge
Translation

Platform
Service

Content
Consistency

Information
Security

Tech
Input

Tech
Acceptance

Data
Mgmt &
Analysis

Digital
Capability

Process
Optimization

Customer
Satisfaction

Operational
Efficiency

Reduced
Costs

Learning
Initiative

0.5621

0.494

Knowledge
Acquisition

0.73

Knowledge
Translation

Platform Service

0.742

0.527

0.534

Content

Consistency

0.527

0.735

0.566

Information

Security

0.534

0.566

Tech Input

0.719

0.64

0.703

0.627

0.63

Tech Acceptance

0.64

0.722

0.627

0.56%

0.563

Data Mgmt &

Analysis

0.703

0.627

0.712

0.554

0.482

Digital
Capability

0.627

0.564

0.719

0.47

Process

Optimization

0.63

0.563

0.47

0.719

Customer
Satisfaction

0.723

Operational
Efficiency

0.571

0.74

0.501

Reduced Costs

0.546

0.501

0.785
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