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ABSTRACT

Despite the increasing adoption of digital technology, small and medium enterprises (SMEs) continue to lag
behind larger firms. This study integrates the technology, organization, and environment (TOE) framework with
Rogers’ diffusion of innovation (DOI) theory to investigate the factors influencing SMEs’ digital technology
adoption. Data from 419 SMEs was analyzed using partial least squares structural equation modelling (PLS-SEM),
followed by artificial neural network (ANN) analysis to rank the importance of the variables identified.

The PLS-SEM results show that technological, organizational, and environmental factors directly impact
adoption. The supported variables include adoption costs, top management support, human resources, digital
culture, and trading partner pressure. Some factors indirectly impact adoption through top management support.
This study also found that SMEs’ international orientation moderates the relationship between digital culture and
adoption behavior. The ANN results identify that the most important predictors, ranked from the most to the
least influential, are digital culture, international orientation, top management support, trading partner pressure,
human resources, and adoption costs.

This research contributes to the theoretical discourse on technology adoption by integrating the TOE frame-
work with Rogers’ DOI theory. It highlights that no single TOE element functions in isolation. The findings
provide practical guidance for SME managers, stressing the need to improve organizational factors, such as,
human resources, digital culture, and top management support. Governments may use these findings to identify
ways to support SMEs’ digital technology adoption, particularly by offering subsidies to reduce costs, which

remain a barrier.

Introduction

Although digital technologies (DT) are increasingly being integrated
into business systems, small and medium enterprises (SMEs) are re-
ported to be currently lagging behind larger businesses in adopting such
technologies, even those relevant to their operations (Pingali et al.,
2023). This may leave SMEs unable to compete with larger firms, risking
loss of market share if they cannot respond to disruptive digital in-
novations, thereby jeopardizing their ongoing viability (Rakshit et al.,
2021). Scholars have observed that the factors influencing DT adoption
differ between large firms and SMEs. For instance, SMEs are often
constrained by knowledge gaps, which restrict their ability to fully
capture the benefits of DT (Eller et al., 2020; Marzi, Marrucci et al.,
2023). Additionally, SMEs face financial resource disadvantages,
because adopting DT commonly necessitates significant financial in-
vestment (Ghobakhloo et al., 2022).

The diffusion and adoption of digital innovations are widely
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recognized in the literature as a fusion of organizational and information
systems (IS) strategies (Vial, 2019). This intersection has attracted
considerable attention from both practitioners and scholars, prompting
extensive research into its mechanism (Chauhan et al., 2023). However,
the associated studies have certain related limitations that indicate a
research gap in this context. First, current studies predominantly focus
on technology adoption in larger enterprises or more general business
settings, often overlooking the unique economic interests and distinct
challenges faced by SMEs (Roffia & Mola, 2022). Unlike their larger
counterparts, SMEs typically have smaller workforces with limited
knowledge, and limited financial resources (Ashiru et al., 2023), yet
have more agile decision-making processes (Su et al., 2023). This
discrepancy is significant, because findings from research on larger
firms, while valuable, may not be entirely extrapolated to SMEs (Justy
et al., 2023). In this context, SMEs are relatively under-researched, and
there is a need to better understand the factors leading to their adoption
of digital technology. Prior research has largely centered on developed
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countries, with limited focus on the uptake of IT-related technology by
SMEs in developing nations (Mkansi, 2022). SMEs in developing coun-
tries arguably face more challenges than those in developed countries,
such as a lack of digital infrastructure, institutional voids, and ineffec-
tive regulations (Skare & Soriano, 2021). Thus, they may be more reliant
on government assistance to tackle knowledge- (Maroufkhani et al.,
2020) and infrastructure-related challenges (Shukla & Shankar, 2022) in
adopting new technology.

Second, past research in IT-related adoption primarily focuses on
firms’ inclination toward certain technology adoption (e.g., enterprise
resource planning, cloud computing, the Internet of things, big data
analytics); whereas studies that explore this intention at the aggregate
level are somewhat scarce (Lee et al., 2021), even though their number
has recently begun to increase (Lee et al., 2021; see also Shukla &
Shankar, 2022; Chauhan et al., 2023). The current competitiveness in
the market, stemming from globalization, the COVID-19 pandemic,
rapid technology development, and changes in consumer behavior, has
equipped firms with multiple DTs and paired them together simulta-
neously to unleash the combinatorial effects of enhancing the spillover
effects of technological innovation (Pingali et al., 2023; Oduro et al.,
2023). Systematic reviews by Ghobakhloo et al. (2022) and Ramdani
et al. (2022) have identified common predictors across various DTs,
suggesting that despite their diverse applications, these technologies
share similar underlying characteristics and can be considered single
entities influenced by theories like technology acceptance model,
diffusion of innovations, resource-based view, and the
technology-organization-environment framework.

Third, in terms of statistical analyses, past studies mostly rely on
logistic regression (e.g., Ferreira et al., 2019) or partial least squares
structural equation modeling (e.g., Tiwari et al., 2023). With the
growing need to better understand which indicator is the most influ-
ential — or indeed the least influential — in terms of affecting firms’ de-
cisions to adopt new technology, relying solely on a given traditional
statistical method may not be entirely effective (Singh et al., 2023).
Thus, the application of an artificial neural network is warranted, where
such an application could examine nonlinear relationships, enabling an
understanding of which factors are most significant in influencing out-
comes when multiple factors coincide (Abbasi et al., 2021). Addition-
ally, most studies in the field of technology adoption have focused on the
direct relationships between factors affecting technology adoption and
its outcomes, often disregarding the role of moderators (Alsaad et al.,
2017; Mohtaramzadeh et al., 2018). Investigating moderating factors
could provide deeper insights into how these effects influence the causal
relationships between variables, offering a more contextualized under-
standing (Oliveira et al., 2019) and facilitating theoretical refinement
(Maroufkhani et al., 2023).

Based on the gaps identified in the literature above, this study aims to
answer the following research questions:

1. What are the significant factors influencing digital technology
adoption among small and medium enterprises?

2. What is the hierarchical order of these significant factors in terms of
their influence on digital technology adoption among small and
medium enterprises?

3. How do moderating factors influence digital technology adoption
among small and medium enterprises?

By answering the above research questions, this study advances the
digital technology adoption literature by: 1) revealing the order of sig-
nificant variables influencing SMEs’ decisions to adopt DT based on
their importance; 2) examining DT as a collective concept rather than
individually; 3) exploring less-frequently examined factors such as dig-
ital culture; 4) guiding policymakers and SMEs managers to enhance DT
adoption in Indonesia in particular, and in broader contexts; and 5)
examining the role of moderating factors, particularly international
orientation, in influencing the adoption of DT.
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Literature review

To understand the broader context of this study, it is essential to
outline the key concepts and frameworks that underpin this research.
This process involves detailing the concept of DT, the role of SMEs
within the national context, and the diffusion of DT among SMEs, which
are elaborated upon in the following sub-sections.

Overview of digital technology (DT)

The term digital technology refers to a set of technologies associated
with digital transition that extend beyond organizational boundaries
(Ghobakhloo, 2020). Some scholars suggest that DT represents a
collection of intelligent innovations that define the current technolog-
ical paradigm (Pedota et al., 2023). The implementation of these DTs
can digitize and streamline a firm’s value creation process, thereby
bolstering competitiveness, enhancing productivity, and fostering digi-
tal innovation (Papadopoulos et al., 2020). Recognized as a significant
asset for business transformation due to their disruptive potential and
systemic organizational impact (Skare & Soriano, 2021), DTs are
increasingly being incorporated into business systems to capitalize on
their transformative power (Feliciano-Cestero et al., 2023).

The current global societal shock, a term coined by scholars to
describe the profound impact stemming from the political and economic
climate, has been regarded as a catalyst in expediting firms’ digital
technology transitions (Justy et al., 2023). For instance, firms were
forced to adopt DTs to allow them to resume normal business routines
amidst the ongoing measures that still restrict their worker movement
(Crespo et al., 2023). A recent study reveals that firms with increased
revenue during COVID-19 were associated with the use of DTs in their
operations, while enterprises that did not engage with DT generally
faced declining turnover (Ashiru et al., 2023).

The DTs included in this study are commonly referred to by the
abbreviation SMACIT, which stands for social, mobile, analytics, cloud,
and the Internet of things (Vial, 2019). In particular, this term covers
cloud computing, artificial intelligence, big data analytics, block chain,
the Internet of things, and mobile applications. These DTs radically
change conventional firm strategy by allowing tasks to be achieved
across time, location, and function. Akpan et al. (2022) concur that these
state-of-the-art DTs not only suit the needs of SMEs, enabling them to
thrive in the fourth industrial revolution and during the COVID-19 crisis,
but also serve as strategic resources that enhance their competitive
advantage and performance in the current business environment. Fabian
et al. (2023) observe that these technologies have become ubiquitous
and easily accessible to SMEs.

Overview of small and medium enterprises (SMEs)

Although some studies describe SMEs as ‘laggards’ in adopting dig-
ital technology, they nevertheless have certain advantages over large
enterprises. For instance, SMEs can swiftly adapt to changes in their
environment due to their flexible management practices (Justy et al.,
2023). The reduced bureaucratic structure of SMEs facilitates reorga-
nization and reconfiguration, proving advantageous in the digital
environment (Su et al., 2023). Their flat organizational structure also
leads to more efficient workflows than those seen in larger firms.
Importantly, SMEs generally exhibit lower levels of organizational
resistance to change compared to large enterprises, a significant barrier
that often prevents larger firms from embracing new innovations
(Broccardo et al., 2024). Given these factors, the potential for improving
DT adoption among SMEs is considerable.

In Indonesia, SMEs are pivotal to the country’s economic activities,
employing over 97 % of the workforce and contributing >60 % of its
GDP in 2019 (Ministry of Cooperative & Micro, Small & Medium En-
terprises [MCMSME], 2021). They have been chosen for this research
because they exemplify conditions prevalent in many developing
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countries, where SMEs play a crucial role in the economy, yet whose DT
adoption remains low. The Ministry of Finance (2023) reports that only
17 million, or a mere 25 %, of Indonesian SMEs have embraced online
platforms. Additionally, Indonesia’s population is spread across 7000
islands, highlighting the importance of DT for SMEs to access the
growing domestic market and remain competitive. By 2045, Indonesia is
expected to become the world’s fourth-largest economy (Secretary
Cabinet, 2017). Studying this context could offer lessons for other na-
tions with similar levels of technological integration and economic
conditions.

This study adopts the Indonesian government’s definition of SMEs, in
alignment with its focus on Indonesia. The government classifies SMEs
into three categories, micro, small, and medium enterprises (MSMEs)
based on yearly turnover and asset value, as stipulated in Micro, Small,
and Medium Enterprises Law No 20 (2008), as shown in Table 1, below.
A firm must satisfy both criteria (value of assets and annual turnover),
which are expressed in Indonesian rupiah (IDR), to be considered an
SME. However, for consistency with the existing literature, the term
SMEs is used, which is more universally recognized.

Digital technology diffusion in small and medium enterprises — theoretical
framework

To gain deeper insight into the factors influencing DT adoption
among SMEs, it is essential to explore the theoretical frameworks that
provide a structured approach to examining these determinants. This
study combines the technology-organization—-environment framework
and Diffusion of Innovation theory to create a robust foundation for
analyzing the adoption of DT within SMEs, which will be discussed in
the following sub-sections.

The technology—organization—environment (TOE) framework

The TOE framework is regarded as the quintessential model to reveal
factors that promote or inhibit IT-related adoption among firms, because
its three dimensions cover all the factors necessary for successful tech-
nology adoption (Sun et al., 2024). The framework identifies several key
predictors of the likelihood of certain innovations, namely technolog-
ical, organizational, and environmental, which can present both op-
portunities and constraints to the adoption of new innovations
(Tornatzky & Fleischer, 1990). Technological factors pertain to the
characteristics of the technology itself, influencing a firm’s decisions to
adopt, including adoption costs, perceived benefits, perceived risks,
compatibility, and complexity of technological innovation, which are
mostly derived from Rogers’ diffusion of innovation theory (Tiwari
et al.,, 2023). Organizational factors are inextricably linked to and
controlled by firms, such as human resources, top management support,
the number of resources, and size. All these factors may make firms more
receptive to innovation (Baker, 2012). Environmental factors are char-
acterized as factors arising outside such firms’ spheres, where firms do
not have control over these factors, such as competitive pressure and
government regulation (Maroufkhani et al., 2020). The TOE framework
is considered progressive because it can incorporate different elements
from state-of-the-art knowledge in specific research fields (Su et al.,
2023). However, some scholars criticize the TOE framework for not
incorporating important variables in its taxonomies (Toufaily et al.,
2021). Thus, to avoid any bias from the application of the TOE frame-
work, it is used as the overarching theoretical foundation to unify

Table 1
Indonesian SMEs by category.

No. Category Value of assets (IDR) Annual turnover (IDR)

1 Micro enterprises 0-50 million 0-300 million
2 Small enterprises 50-500 million 300 million-2.5 billion
3 Medium enterprises 500 million-10 billion 2.5-50 billion

Source: Micro, Small, and Medium Enterprises Law No 20 (2008).
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different constructs under a single umbrella in this study.

Diffusion of innovation theory (DOI)

Given the TOE’s limitations, this study adds another theoretical lens
to improve its framework, namely Rogers’ DOI theory. DOI theory at-
tempts to explain how and why an innovation, such as information,
ideas, or products gains momentum and spreads within a social system
over time via communication channels (Rogers, 2003). In this theory, an
innovation is defined as an idea, practice, or object perceived as new by
an individual or organization. In principle, the DOI assumes that the
higher the individual’s perception of five key elements, the greater the
possibility of that individual adopting the innovation (Tiwari et al.,
2023). The five elements are: (1) relative advantage, the extent to which
the individual perceives the innovation to be superior to their current
option; (2) compatibility, the degree to which the innovation aligns with
the individual’s existing values; (3) trialability, the extent to which the
innovation can be tried out; (4) observability, the visibility of the in-
novation’s outcomes to others; and (5) complexity, the perceived ease of
use, or otherwise, of the innovation (Rogers, 2003). Diffusion of inno-
vation theory is chosen to complement the TOE framework in this
research because its constructs are identical to those of the TOE, except
for the environmental context (Toufaily et al., 2021). Several studies
have concluded and underscored that the combination of the TOE
framework and DOI theory should provide a comprehensive framework
for unraveling critical factors leading to technology adoption among
SMEs (Maroufkhani et al., 2023), especially among those in developing
countries (Chau et al., 2021).

Research model and hypotheses development

To examine the factors influencing DT adoption, this study uses the
TOE framework as a guideline to identify the structures underpinning
the factors that affect DT adoption among SMEs. Due to the extensive
number of factors that may either prevent or promote SMEs’ adoption of
DT from the literature, the application of the TOE framework should
help to classify them into specific categories (Baker, 2012). Table 2,
below, identifies determinants addressed in past research within the
field of innovation adoption.

Technological context

Adoption cost (AC)

The cost of acquiring new technology is often reported as the primary
obstacle to firms’ ability to engage with technological innovation,
especially for SMEs, which inevitably face resource constraints (Eller
et al., 2020). Advanced DTs entail significant financial outlays, pri-
marily due to the initial investment required for their acquisition, which
is often paid upfront. In addition to this initial outlay, there are ongoing
maintenance costs to consider (Skare et al., 2023). SMEs are often hes-
itant to adopt new technology due to significant required investments
and their relative lack of resources (Marzi, Manesh et al., 2023). The cost
to acquire DT is almost inevitably a decisive factor before SMEs engage
with new technology (Ghobakhloo & Ching, 2019; Moghavvemi et al.,
2021; Park & Kim, 2021; Sharma, Singh et al., 2024). Hence, it could
conceivably be hypothesized that:

H1. Adoption cost negatively affects DT adoption intention.

Perceived benefits (PB)

lacovou et al. (1995) define PB as the extent to which an organiza-
tion recognizes the potential benefits of adopting an innovation. In this
study, PB refers to the degree to which SMEs believe DT as providing
greater benefits compared to their traditional business practices. Swani
(2021) claims that a firm’s intention to adopt new technology increases
concurrently with the improvement of benefits they can realize from
such adoption. When effectively incorporated, DTs offer utilitarian
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Table 2

Determinants identified based on literature review.
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Context Variable identified in Similar variable from Significant effect Insignificant effect
this study past studies
Technology Adoption cost Cost Sharma, Singh et al. (2024) Wong et al. (2020)
Investment cost Moghavvemi et al. (2021)
Financial investment Park and Kim (2021)
Perceived costs Ghobakhloo and Ching (2019) Ilin et al. (2017)
Perceived benefits Relative advantage Sharma, Singh et al. (2024); Tiwari et al. (2023); Wong et al. (2020); Chen et al. (2023)
Albar and Hoque (2019)
Perceived usefulness Abed (2020)
Perceived benefits Pappas et al. (2021); Park and Kim (2021)
Perceived value Ghobakhloo and Ching (2019)
Compatibility Compatibility Tiwari et al. (2023); Maroufkhani et al. (2023) Chen et al. (2023); Park and Kim
(2021); Albar and Hoque (2019)
Incompatibility Moghavvemi et al. (2021)
Perceived compatibility ~ Ghobakhloo and Ching (2019)
Complexity Complexity Sharma, Singh et al. (2024); Tiwari et al. (2023); Maroufhani et al. Chen et al. (2023); Albar and Hoque
(2023); Moghavvemi et al. (2021); Wong et al. (2020) (2019)
Organization =~ Human resources Employee capability Sharma, Singh et al. (2024)
Technological Park and Kim (2021)
capabilities
Technology Pappas et al. (2021) Tiwari et al. (2023); Chen et al.
competence (2023)
Knowledge competency  Ghobakhloo and Ching (2019) Ilin et al. (2017)
Top management Top management Sharma, Singh et al. (2024); Chen et al. (2023); Maroufhani et al. Tiwari et al. (2023)
support support (2023); Abed (2020); Deng et al. (2020); Albar and Hoque (2019)
Management support Park and Kim (2021)
Upper management Wong et al. (2020)
support
Digital culture Organizational culture Albar and Hoque (2019)
Digital organizational Martinez-Caro et al. (2020)
culture
International International Cho et al. (2023)
orientation orientation
Environment  Trading partner Vendor support Sharma et al. (2024b)
pressure Trading partner Chen et al. (2023) Tiwari et al. (2023)

Competitive pressure

Government
regulatory support

Government resource
support

pressure

Partner adoption
Competitive pressure
Competition
Competitor adoption
Lack of critical mass
Competitive
environment
Regulatory support
Regulatory pressure
Government support
policy

Government regulatory
support

Government resource
support

Government support

Tiwari et al. (2023); Chen et al. (2023); Wong et al. (2020)
Pappas et al. (2021)

Moghavvemi et al. (2021)

Tiwari et al. (2023)
Park and Kim (2021)

1lin et al. (2017)

Ilin et al. (2017)

Park and Kim (2021)
Sharma, Singh et al. (2024)

Park and Kim (2021)
Albar and Hoque (2019)

Wong et al. (2020)

Chen et al. (2023)

benefits for SMEs, such as providing better access to skills and talent,
expanding market share, assisting firms in developing new products,
services, or management (Ramdani et al., 2022), and promoting firms’
efficiency through better communication and collaboration (Li et al.,
2022). These benefits are recognized as key drivers to DT adoption
(Marzi, Marrucci et al., 2023).

Past studies have discovered that perceived benefits were the
essential impetus of innovation adoption because the adoption of new
technology is based on commercial advantages (Abed, 2020; Park &
Kim, 2021; Pappas et al., 2021; Tiwari et al., 2023; Sharma, Singh et al.,
2024). Additionally, PB might motivate firms’ top management to
support the adoption of new technology. This suggests that, due to po-
tential advantages, top management is likely to facilitate adoption
(Wong et al. 2020). From this perspective, top management support may
mediate the relationship between PB and DT adoption. Thus, it leads to
the following hypotheses:

H2a. Perceived benefits positively affect digital technology adoption

intention.
H2b. Perceived benefits positively affect top management support.

Compatibility

Compatibility refers to the degree to which an innovation is seen as
consistent with an individual’s current values, prior experiences, and the
demands of adopters (Rogers, 2003). The idea of compatibility is rele-
vant for the diffusion of new technologies because it assists in mitigating
potential uncertainties associated with adopting new technological so-
lutions (Moghavvemi et al., 2021). This may be because firms are con-
fronting various challanges when implementing new technology, such
as data integration, storage, analysis, and sharing (Kumar et al., 2022).
When the new technology aligns with a firm’s current values, it
promptly encourages top management to support its adoption (Duan
etal., 2019). In contrast, if new technology is perceived as incompatible,
top management tends to decline it due to extensive learning and
adjustment required (Maroufkhani et al., 2023). Compatibility appeared
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to positively affect IT-related adoption among SMEs in various coun-
tries, including Iran (Ghobakhloo & Ching, 2019), Vietnam (Chau et al.,
2021), and India (Tamvada et al., 2022; Tiwari et al., 2023). In addition,
compatibility also influences top management support for such initia-
tives among Iranian SMEs (Maroufkhani et al., 2023). Thus, it leads to
the following hypotheses:

H3a. Compatibility positively affects digital technology adoption
intention.

H3b. Compatibility positively affects top management support.

Complexity

Complexity refers to how an individual perceives the ease of use of an
innovation. Essentially, this perception is inversely proportional to the
possibility of adopting the innovation (Rogers, 2003). The easier it is for
organizations to apply a new innovation, the more likely they are to
engage with such technology. Conversely, a high degree of complexity
can make it difficult for organizations to understand and adopt new
innovations Advanced DT is considered a complex IT innovation in
which SME managers might assume its adoption to be somewhat
arduous (Tamvada et al., 2022). Thus, it is logical for SME managers to
assume DT may not be implemented within their current business sys-
tems, especially when the technology is considered relatively new,
leading to resistance to adoption. Such a perception might arise owing to
the combination of a lack of training (Moghavvemi et al., 2021) and
insufficient knowledge in the use of IT-related technology (Roffia &
Mola, 2022). Complexity appeared to be a key inhibitor in some studies
for the adoption of different technology among SMEs in various coun-
tries, including Iran (Maroufkhani et al., 2020), Malaysia (Moghavvemi
et al., 2021), South Africa (Mkansi, 2022), and India (Tamvada et al.,
2022; Tiwari et al., 2023). Thus, it can be hypothesized:

H4. Complexity negatively affects digital technology adoption
intention.

Organizational context

Human resources (HR)

Tamvada et al. (2022) contend that the ongoing advancement of DT
introduces complex challenges related to their operation and mainte-
nance. Additionally, DTs necessitate a cohesive business strategy, inte-
grating them to attain a firm’s overarching objectives (Liu et al., 2023).
Unlike the previous business environment that mostly viewed firms’
employees as DTs’ operators, the modern digital business landscapes
necessitate firms’ human resources not only to operate but also collab-
orate with DTs to achieve a more beneficial outcome (Vial, 2019),
thereby making firms’ employees an integral part of business trans-
formation (Li et al., 2022).

To this end, the human element is crucial to embrace digital initia-
tives. The literature suggests that firms with proficient IT knowledge can
absorb advanced technologies more quickly and harness them effec-
tively compared to those lacking such knowledge (Huy et al., 2012). Put
differently, a lack of internal expertise regarding IT knowledge is
considered one of the major impediments to engaging with new tech-
nologies. Previous studies found a correlation between HR and new
technology adoption among SMEs (Oliveira et al., 2019), Greek SMEs
(Pappas et al., 2021), and Chinese SMEs (Chen et al., 2023). Hence, the
following hypothesis is posted:

H5. Small and medium enterprises’ human resources positively affect
DT adoption.

Digital culture (DC)

Digital culture refers to the shared assumptions and overall knowl-
edge regarding organizational practices in a digital context
(Martinez-Caro et al., 2020). It can be viewed as a means by which a firm
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can start planning for digital strategies in a quickly evolving environ-
ment, and has become an intrinsic part of the new business model, which
has imprinted itself on digital innovation (Leal-Rodriguez et al., 2023).
Some studies report that DC has a positive relationship with firms’
behavior in adopting certain technology (Albar & Hoque, 2019), digi-
tization (Martinez-Caro et al., 2020), contributes positively to the degree
of digitalization (Zangiacomi et al., 2020) and digital processes in the
firm (Proksch et al., 2021), and has a positive association with firms’
digital transformation (Guy, 2019). This association can be attributed to
the fact that while individuals within organizations might use DT in
diverse ways and attribute different meanings to it, a strong DC helps
establish a common standard. In contrast, lack of DC has been identified
as one of the most significant barriers to firms’ engagement with
advanced technologies (Raj et al., 2020).

Although many studies have attempted to reveal the role of DC in
influencing the uptake of DT, they have mostly employed large orga-
nizations as their research background. As Dasgupta and Gupta (2019)
caution, the culture among large and small organizations might be
different, it is crucial to conduct studies to reveal whether DC has a
similar impact on technology acceptance among SMEs as it has in large
enterprises. Hence, the following hypothesis is created:

H6. Small and medium enterprises’ digital culture positively affects
digital technology adoption intention.

Top management support (TMS)

Top management in an organization has been considered the ‘chief
architect’ of the firm’s actions and the prime decision makers, making
their endorsement a critical element in many firms’ decisions (Popli
et al., 2022). Maroufkhani et al. (2020) define TMS as the degree to
which the upper echelons in an organization understand and encourage
the uptake of technology for business purposes, where positive attitudes
toward change can enhance the adoption process. Top management
often orchestrates the establishment of essential IT infrastructure and
the integration and re-engineering of business processes to facilitate
technological adoption (Baabdullah et al., 2021).

Since the 1960s, TMS has been postulated in the literature and
highlighted as a vital component in the adoption of technology in the
organization that may work either to advocate the adoption or against
the adoption (Oliveira et al., 2019). Studies indicate that more sup-
portive the top management’s involvement within the organization
concerning adopting new technology, the stronger the possibility that
the adoption will take place (Swani, 2021). TMS has been discovered as
a primary determinant that affects IT-related adoption among SMEs in
Saudi Arabia, Iran, Australia, and China (Albar & Hoque, 2019; Deng
etal., 2020; Maroufhani et al., 2023; Chen et al., 2023). Accordingly, the
following hypothesis is proposed:

H7. Top management support positively affects digital technology
adoption intention.

Environmental context

Trading partner pressure (TPP)

Trading partner pressure refers to a mandate given by trading part-
ners to their distributors to engage with particular technologies (Tiwari
et al., 2023). In general, large firms and SMEs typically follow different
decision-making paths when considering the adoption of new technol-
ogy from a supply chain perspective. Large firms often adopt new
technology to enhance efficiency and security within the supply chain.
SMEs, particularly from the supply chain viewpoint, tend to align with
their suppliers’ mandates because the benefits of adoption are more
pronounced for large enterprises when their trading associates
throughout the distribution chain also engage with the same techno-
logical spectrum (Abed, 2020). Therefore, trading partners generally
require their distributors to adopt a specific technology they have
implemented to achieve a competitive edge (Marzi, Marrucci et al.,
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2023).

From the SMEs’ perspectives, pressure from trading partners is a
crucial driver for the adoption of DT. These partners often equip SMEs
with the necessary preliminary knowledge for utilizing DT effectively,
which makes SMEs more receptive to its adoption (Maroufkhani et al.,
2020). Within the industry ecosystem, small firms are considered to
have less coercive power and are often obliged to adhere to their sup-
pliers’ requirements (Abed, 2020). Thus, TPP has been seen as a potent
predictor of technology adoption, especially among SMEs. TPP has been
found to be a determinant factor behind various IT initiatives among
SMEs in Australia, Saudi Arabia, and China (Deng et al., 2020; Abed,
2020; Chen et al., 2023). Thus, this guides the following hypothesis:

H8. Trading partner pressure positively affects digital technology
adoption intention.

Competitive pressure (CP)

The current business environment is seen as being turbulent and
intense, stemming from various factors, including the availability
advanced technology, changing customers’ consumption, and global-
ization (Hock-Doepgen et al., 2021). According to Zhu et al. (2006), CP
is the extent of influence that firms experience due to the competition in
the market. This pressure is defined by the possibility of losing cus-
tomers or market share as the competition intensifies (Ghobakhloo &
Ching, 2019). Firms often respond to the competition by adopting DT to
be competitive in the industry landscape, and many firms try to become
the first movers in adopting DT to achieve the benefit from a first mover
advantage (Shetty & Panda, 2023).

Swani (2021) reveals that firms tend to follow their competitors in
their efforts regarding new technology adoption due to concerns about
market displacement when competitors have already adopted certain
technologies, initiating a bandwagon cycle. The more firms that adopt
DT, the greater the pressure on those who have not yet adopted it to do
so (Shetty & Panda, 2023), because increased adoption amplifies
competitive pressure to conform (Su et al., 2023). Competitive pressure
has been found to be a factor leading to technology adoption among
firms in various countries, including Malaysia (Wong et al., 2020),
Greece (Pappas et al., 2021), China (Chen et al., 2023), and India
(Tiwari et al., 2023). Thus, this guides the following hypothesis:

H9. Competitive pressure positively affects digital technology adop-
tion intention.

Government resource support (GRESS)

Government support refers to the existence of government policies
and efforts aimed at fostering technology adoption (Chau et al., 2021).
The support available from the government can be diverse, and includes
mediating IT infrastructure (Alsaad et al., 2021), offering direct or in-
direct funding, improving SMEs IT-related knowledge (Mkansi, 2022),
providing experts to answer SMEs’ queries (Park & Kim, 2021), and
creating privacy and security regulations (Priharsari et al.,2023) Given
the potentially extensive nature of government support, scholars have
divided it into two categories: governmental policies related to resource
support and those related to regulatory support (e.g., Ilin et al., 2017).
GRESS includes consultation, seminars, training, and educational
assistance provided by the government to enhance enterprise em-
ployees’ knowledge of the use of specific technologies in their business
activities (Zhang et al., 2023); creating internet infrastructures, such as
base transceiver station (BTS) or satellites, are also included in this
category (Priharsari et al., 2023). GRESS has been found to be a deter-
minant in technology adoption among firms in Balkan countries (Ilin
et al., 2017). Accordingly, the following hypothesis is enacted:

H10. Government resource support positively affects digital technol-
ogy adoption intention.
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Government regulatory support (GREGS)

GREGS encompasses government legislative regulation designed to
create a positive economic climate to encourage technology adoption,
for instance, by providing tax reductions, subsidies, reductions in tele-
com costs (Alsaad et al.,, 2021), and creating an appropriate legal
environment (Park & Kim, 2021). Pingali et al. (2023) highlight that,
due to challenges like unstable political systems, infrastructure, and
regulatory issues faced by SMEs in developing countries, GREGS is
essential to foster an environment conducive to technology adoption.
GREGS has been argued to represent a driving factor behind South
Korean firms and Chinese SMEs technology adoption (Park & Kim, 2021;
Chen et al., 2023). Hence, it can be hypothesized:

H11. Government regulatory support positively affects digital tech-
nology adoption intention.

Moderating role of a firm’s international orientation (I0)

Knight and Kim (2009) interpret IO as a firm’s vision that assists in
creating and harnessing resources to fulfil their objectives in the inter-
national realm. A high IO is characterized as firms that actively pursue
opportunities within the international realm, considering the world as
their market, articulating their international objectives across organi-
zations, and enhancing the resources necessary for international activ-
ities (Moen et al., 2016). According to Crespo et al. (2023), IO embodies
a managerial perspective that emphasizes a proactive culture, one which
actively pursues opportunities overseas and devises strategies aimed at
succeeding in global markets.

Firms with high international strategy often take proactive steps to
engage with new technological innovation to acquire an extensive
perspective of the international markets (Kyriakou & Loukis, 2019).
They do this to ensure their products meet the requirements or prefer-
ences of international markets (Ballerini et al., 2023). Digital technol-
ogies provide firms with the agility to navigate the market, because they
amass valuable customer data that aid in predicting emerging trends,
thereby fostering enhanced product and service innovation (Reim et al.,
2022). Furthermore, according to Freixanet et al. (2021), IO positively
induces firms’ innovation through greater use of DTs.

Despite the significance of IO in predicting DT uptake, most IT-
related adoption studies have primarily examined the direct relation-
ship between IO and firms’ intentions to adopt DT (e.g., Cho et al.,
2023). In practice, the degree of firms’ I0 may affect their organiza-
tional factors, such as human resources and digital culture. This is
because IO is linked to the adoption of strategies aimed at reducing
competitive risks and enhancing business growth (Crespo et al., 2023).
Prior research has shown that a firm’s internationalization moderates
the relationship between certain types of innovation (e.g., sustainable
operation) and direct variables (e.g., Liu et al., 2020). Building from
these perspectives, HR and DC might be moderated by firms’ IO. This
leads to the following hypotheses:

H12a. International orientation moderates the relationship between
human resources and digital technology adoption intention.

H12b. International orientation moderates the relationship between
digital culture and digital technology adoption intention.

Control variables

Research in management and IT-related studies suggests that certain
factors can potentially affect firms’ decision to adopt new technology (e.
g., Marzi, Marrucci et al., 2023; Oduro et al., 2023). A detailed exami-
nation of these factors can assist in identifying external influences that
might distort the outcomes (Pedota et al., 2023). Accordingly, this study
will control for sector, location, and firm size to ensure a more accurate
analysis.
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Research model

Based on the discussion above, Fig. 1, below, illustrates the rela-
tionship among the variables. The proposed research framework in-
tegrates the TOE framework with Rogers’ DOI theory to provide a
clearer understanding of the factors influencing SMEs’ adoption of DT.
In total, there are 12 constructs that were identified from the literature
that influence SME new technology adoption that can be classified into
technological, organizational, and environmental contexts. Each hy-
pothesis explores a distinct relationship, contributing to a hierarchical
arrangement of these variables. The detailed research framework and
the 12 constructs are conceptualized in Fig. 1.

Research methodology
Instruments and pilot test

After reviewing the literature, 58 questions were selected from pre-
viously validated studies to investigate the various factors (as dependent
or moderating variables) that influence SMEs’ intentions to adopt DT
(detailed in Appendix). These items were scored on a five-point Likert
scale from ‘strongly disagree’ to ‘strongly agree.’

All questions in the survey, along with the participant information
statement, were carefully translated into Indonesian to make it conve-
nient for the participants to express their views. A reverse translation
back into English was performed by a professional translator to ensure
that the survey’s meanings were not lost due to the translation process.
To ensure the survey’s clarity and objectivity, and to minimize language
bias, a pilot study involving 30 SMEs was carried out prior to the broader
distribution of the survey.

Participants in the pilot study were asked to complete the ques-
tionnaire and provide feedback where possible. They affirmed the
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clarity of the questions and instructions. Cronbach’s alpha was
employed to ensure the reliability of the survey instrument, and all
values were within the acceptable range defined by Hair et al. (2019).
Following this validation, the questionnaire was distributed to a broader
group of potential participants for data collection.

Data collection

The email containing the survey link was addressed to SME managers
or owners because they are the most qualified individuals to explain DT
adoption in their firms. Employees could also fill out the survey, pro-
vided that they had a mandate to act on a manger’s/owner’s behalf to do
so. The information about SMEs (e.g., names, e-mail address, location,
and sector) was acquired from Statistic Indonesia’s database, which is
publicly available. To expand the level of engagement from the broader
SME industry, SMEs’ information was also sought from different gov-
ernment agencies with their approval. All SMEs that received the
questionnaire meet the Indonesian government’s definition of SMEs, as
outlined in Table 1 above. Due to SMEs being located in dispersed
geographical areas, stratified sampling was performed first to minimize
sampling errors compared to pure random sampling (Khan et al., 2015).

To achieve this, the data were divided based on the location and
sector where the SMEs operate, thereby creating sub-populations. Then,
the number of SMEs in each sub-population is counted, and normal
random sampling is carried out to ensure that every SME in each sub-
population has an equal chance of being selected (Ghauri et al., 2020).
Following Marzi, Manesh et al. (2023) recommendations, this study did
not differentiate SMEs based on sector or location. This approach was
taken to generate a holistic perspective on DT adoption across various
SME industries, thereby reducing potential bias that could arise from
focusing on a single sector.

To minimize the potential of social desirability bias, this study

— : Direct effect
o » : Moderation effect

Fig. 1. Research framework.
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ensured confidentiality and framed questions around the broader be-
haviors of the organizations and their members. Since the questions
were not geared toward individual actions or outcomes, they were less
prone to such bias. Additionally, to prevent bias, screening questions
were employed to confirm respondents’ eligibility, such as being at least
18 years old and verifying that their firms qualify as SMEs under Indo-
nesian Law. Only participants who met these criteria were allowed to
proceed with the survey.

The survey link was disseminated to 10,000 SME managers/owners
via Qualtrics in June 2022. Of the 426 responses received, seven were
discarded due to identical answers, giving a 4.2 % response rate. The
demographic characteristics of the respondents are presented in Table 3.
Most respondents were business owners (68.02 %), followed by em-
ployees (19.09 %) and managers (12.89 %). A substantial proportion of
respondents were micro firms (57.76 %), followed by small (35.32 %),
and medium firms (6.92 %). These figures are consistent with Statistic
Indonesia’s report (2018), which showed that the majority of SMEs in
Indonesia are considered micro-enterprises, followed by small and me-
dium enterprises. The majority of respondents come from the
manufacturing sector (41.05 %), followed by the services sector (36.75
%) and the agriculture sector (22.20 %). These figures also in line with
Statistic Indonesia’s report (2018), which reported that SMEs in
Indonesia are dominated by the manufacturing sector, followed by
services, and then agriculture. Table 3 shows that 79.24 % of responses
came from developed provinces, and 20.76 % from less-developed ones.
Gender distribution is nearly equal, with slightly more females. An in-
dependent t-test was conducted on the mean responses of two groups’
mean responses of early and late respondents to several constructs
(Armstrong & Overton, 1977). The results indicate that there were no
statistically significant differences between these groups.

Analytical method

Partial least squares structural equation modeling (PLS-SEM) approach
Partial least squares structural equation modeling was selected for its
flexibility in handling normal and non-normal data distributions, which
is particularly advantageous given the data characteristics commonly
found in entrepreneurship studies (Douglas et al., 2020) and firm
behavioral research (e.g., Chen et al., 2023). These fields frequently
involve non-normally distributed data, making PLS-SEM a suitable
choice because it does not rely on the assumption of normal data dis-
tribution (Hair et al., 2020). Moreover, PLS-SEM is particularly favor-
able for studies involving complex models, because it tends to achieve
model convergence when a large number of latent variables are present.
Because this study includes control variables, numerous latent variables,
along with direct and moderating factors, resulting in a complex model,
the use of PLS-SEM is relevant to ensure model convergence. Partial least
squares structural equation modeling is useful for developing theoretical
frameworks (Hair et al., 2017) and is therefore more aligned with theory
exploration than confirmation (Dash & Paul, 2021). Given that this
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study combines two theories that incorporate diverse elements from
state-of-the-art knowledge, PLS-SEM is an appropriate choice as the
theoretical framework is still being developed.

Additionally, PLS-SEM can deliver reliable results even with small
and medium sample sizes (Hair et al., 2020), making it particularly
beneficial in research fields where obtaining large samples is chal-
lenging (Cheah et al., 2023). Since this study’s sample size is limited due
to difficulties in accessing small business data in developing countries
(Soluk et al., 2021), PLS-SEM is an accurate analytical method for these
circumstances. Finally, PLS-SEM is flexible for analyses involving
formative or reflective constructs (Dash & Paul, 2021). The use of
PLS-SEM is suitable in this regard because this study employs indicators
grounded in prior IT-related adoption research, this study operation-
alizes all constructs reflectively, aligning with the literature’s precedent.
The analysis was conducted using SmartPLS 4.0.9.9 (Ringle et al., 2024).

Artificial neural network (ANN) approach

Artificial neural network (ANN) was employed to complement PLS-
SEM, because it can determine the predictive capacity of independent
variables and rank them based on their importance on certain outcomes
(Abbasi et al., 2021), which is relevant to addressing research question
number 2 of this study. Artificial neural network is frequently used to
quantify the importance of each independent construct that has been
proved to be statistically significant from previous analyses through
sensitivity analysis (Lee et al., 2022). To predict the analysis outcomes,
ANN uses a feed-forwarded-backward-propagation (FFBP) algorithm,
where inputs are loaded in a forward path and projected errors are
relocated in a reverse manner (Taneja & Arora, 2019). ANN can learn
from the data, allowing the researchers to obtain more accurate pre-
dictions that contribute to robust research findings (Abbasi et al., 2021),
and it is suitable for concluding the predictive power of any bias
(Sharma, Joshi et al., 2024). Due to its many advantages, some scholars
suggest applying ANN measures to offset the limitations of PLS-SEM,
particularly its inability to handle non-linear relationships (e.g., Leong
et al., 2020). In this study, the neural network analysis was conducted
using the SPSS V.26 neural network module (IBM, 2019).

Results
Measurement model

The reliability of the measures was assessed through the Cronbach’s
alpha, Dijkstra-Henseler’s rho_A, composite reliability (CR), and
average variance extracted (AVE). All results exceeded the Hair’s et al.
(2019) recommendation for evaluation benchmarks with Cronbach’s
alpha, rho_A, and CR values above 0.7 and AVE values over 0.5, which
can be seen in Table 4. The results of the factor loadings are presented in
the Appendix, where the value for each indicator is above the minimum
of 0.708 (Hair et al., 2019), except for PB2. According to Tajudeen et al.
(2018), excluding an indicator is unnecessary if it does not impact the

Table 3
Respondent characteristics (n = 419).
Characteristic Freq. % Characteristic Freq. %
Respondent’s position Owner 285 68.02 Firm age (years) <2 67 15.99
Manager 54 12.89 2-5 57 13.60
Employee 80 19.09 6-10 209 49.88
Firm size Micro 243 57.76 >10 86 20.53
Small 148 35.32 Education < High school 164 39.14
Medium 28 6.92 Diploma 42 10.02
Firm sector Services 154 36.75 Undergraduate 178 42.48
Manufacturing 172 41.05 Postgraduate 35 8.35
Agriculture 93 22.2
Location Less-developed provinces 87 20.76 Respondent’s age 18-30 153 36.52
Developed provinces 332 79.24 30-< 40 141 33.65
Respondent’s gender Male 207 49.40 40 - <50 92 21.96
Female 212 50.60 > 50 33 7.88
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Table 4
Construct reliability and validity.

Cronbach’s rho A Composite Average variance
alpha () reliability extracted (AVE)

AC 0.829 0.843 0.878 0.59

Al 0.91 0.91 0.944 0.848

COMPB 0.86 0.862  0.899 0.641

CP 0.838 0.893 0.879 0.594

CPLXTY  0.79 0.819  0.875 0.701

DC 0.872 0.873  0.912 0.723

GREGS 0.898 0.909  0.925 0.711

GRESS 0.902 0.907  0.927 0.717

HR 0.923 0.937  0.945 0.811

10 0.908 0.908  0.936 0.785

PB 0.815 0.819 0.871 0.575

TMS 0.865 0.868  0.902 0.649

TPP 0.86 0.882  0.897 0.636

Notes: AC = adoption costs, Al= adoption intention, COMPB = compatibility, CP
= competitive pressure, CPLXTY = complexity, DC = digital culture, GREGS =
government regulatory support, GRESS = government resource support, HR =
human resources, IO = international orientation, PB = perceived benefits, TMS
= top management support, TPP = trading partner pressure.

AVE or CR. Therefore, since the omission of PB2 did not affect the AVE
and CR outcomes, it was retained.

Discriminant validity was evaluated using the Fornell and Larcker
(1981) criterion. Table 5 shows that inter-variable correlations were
below the square root for each variable, indicating the requirement for
discriminant validity is met. Additionally, the Heterotrait-Monotrait
(HTMT) ratio was employed to assess discriminant validity. A poten-
tial threat to discriminant validity is indicated by an HTMT value
exceeding 0.9 for very similar indicators or 0.85 for distinct constructs
(Henseler et al., 2015). As shown in Table 6, all HTMT ratios are below
the customary threshold of 0.85, except for GRESS, which stands at
0.883. Considering GRESS and GREGS both assess elements of govern-
ment regulation and are closely related, the more lenient threshold of
0.9 is appropriate. Therefore, the discriminant validity is not present in
the current model.

To examine the presence of common method bias, Harman’s single
factor test was conducted using SPSS V.26. Such bias is indicated if a
single factor accounts for over 50 % of the variance (Podsakoff et al.,
2003). The test results showed that the sum of squared loadings for the
first factor explained 26.27 % of the variance, which falls below the
threshold. Thus, common method bias is not considered to be a concern
in this study.

Structural model

Fig. 2 shows the structural model outcomes derived from the PLS-
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SEM analysis, evaluated through non-parametric bootstrapping with
5000 iterations. The determination of the acceptance or rejection of the
hypothesis is based on the cut-off value of p < 0.05 (two-tailed). Mul-
ticollinearity among the formative indicators was assessed using the
variance inflation factor (VIF). As shown in Table 7, all VIF values fall
under 3.3 (Kock, 2015), signifying that multicollinearity does not pose a
problem in this research. The research model included three control
variables and the analysis showed that these control variables did not
significantly influence SMEs’ intention to adopt DT. Given that this
study’s focus is not on the control variables, the discussion is limited to
the main research model.

Hypotheses testing

A total of 11 direct effects were analyzed, with five hypotheses found
to be statistically significant: AC, TMS, DC, HR, and TPP, all of which
influence firms’ intention to adopt DT. The supported hypotheses are
primarily from the organizational context (TMS, DC and HR), with one
supported hypothesis from technological (AC) and environmental (TPP)
contexts. Meanwhile, PB, compatibility (COMPB), complexity
(CPLXTY), CP, GRESS, and GRESS were not statistically significant in
affecting SMEs’ intention to adopt DT. Regarding indirect effects, which
include moderating and mediating variables, four hypotheses were
tested. The results supported the hypotheses of COMPB and PB posi-
tively affect TMS, and that IO moderates the relationship between DC
and the intention to adopt DT.

Moderating factor result

Figs. 3 and 4 present the result of IO as a moderator between DC and
HR with SMEs intention to engage with DT. Fig. 3 indicates that IO
moderates the relationship between firms’ DC and DT adoption. Fig. 4
shows that IO does not moderate the relationship between HR and DT
adoption, as all three lines appear to be parallel.

Artificial neural network (ANN)

The ANN approach is similar to the neuron, synapse, and axon
structure of the human brain; thus, it is regarded as suitable for
exploring a deeper understanding of certain phenomena through a
learning process that emulates the human decision-making system
(Singh et al., 2023). ANN is capable of self-learning and adaptation
which could produce input and output neurons that are corresponding in
advance. This learning process is known as ‘training.” Thus, essentially,
ANN uses artificial intelligence to generate a solution of a given complex
group of problems (Sharma, Joshi et al., 2024).

Two hidden layers were adopted in the ANN architecture (known as

Table 5
Fornell and Larcker.
AC Al COMPB CP CPLXTY DC GREGS GRESS HR 10 PB TMS TPP
AC 0.768
Al 0.21 0.921
COMPB 0.317 0.425 0.801
CP 0.197 0.412 0.475 0.77
CPLXTY 0.45 0.217 0.372 0.273 0.837
DC 0.182 0.643 0.503 0.444 0.255 0.85
GREGS 0.11 0.316 0.418 0.404 0.314 0.456 0.843
GRESS 0.116 0.295 0.34 0.373 0.257 0.436 0.8 0.847
HR 0.148 0.296 0.476 0.357 0.166 0.434 0.422 0.388 0.901
10 0.128 0.607 0.391 0.316 0.186 0.638 0.358 0.395 0.324 0.886
PB 0.303 0.324 0.71 0.381 0.313 0.397 0.325 0.248 0.343 0.296 0.758
TMS 0.22 0.536 0.593 0.463 0.199 0.533 0.32 0.257 0.51 0.473 0.524 0.805
TPP 0.202 0.452 0.499 0.601 0.272 0.479 0.476 0.454 0.474 0.399 0.357 0.473 0.798

Notes: AC = adoption costs, Al= adoption intention, COMPB = compatibility, CP = competitive pressure, CPLXTY = complexity, DC = digital culture, GREGS =
government regulatory support, GRESS = government resource support, HR = human resources, I0 = international orientation, PB = perceived benefits, TMS = top

management support, TPP = trading partner pressure.
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Table 6
Discriminant validity (HTMT).
AC Al COMPB CP CPLXTY DC GREGS GRESS HR 10 PB TMS TPP I0 x HR 10 x DC
AC
Al 0.232
COMPB 0.364 0.479
CP 0.241 0.429 0.533
CPLXTY 0.562 0.25 0.444 0.337
DC 0.207 0.719 0.581 0.481 0.301
GREGS 0.126 0.345 0.477 0.461 0.367 0.514
GRESS 0.135 0.321 0.384 0.426 0.295 0.49 0.883
HR 0.165 0.318 0.534 0.396 0.189 0.48 0.461 0.419
10 0.138 0.667 0.441 0.327 0.212 0.714 0.393 0.435 0.347
PB 0.349 0.371 0.84 0.435 0.378 0.468 0.385 0.29 0.393 0.344
TMS 0.255 0.603 0.683 0.496 0.227 0.609 0.36 0.282 0.565 0.53 0.618
TPP 0.232 0.485 0.56 0.701 0.325 0.525 0.533 0.516 0.52 0.429 0.407 0.525
I0 x HR 0.046 0.064 0.101 0.047 0.091 0.074 0.067 0.079 0.129 0.189 0.043 0.114 0.122
10 x DC 0.054 0.358 0.091 0.109 0.093 0.345 0.029 0.039 0.053 0.378 0.065 0.254 0.048 0.15

Notes: AC = adoption costs, AI= adoption intention, COMPB = compatibility, CP = competitive pressure, CPLXTY = complexity, DC = digital culture, GREGS =

government regulatory support, GRESS = government resource support, HR = human resources, I0 =

management support, TPP = trading partner pressure.
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Fig. 2. Structural model assessment.

a deep ANN architecture) as opposed to a single hidden layer (known as
a shallow ANN) to improve the precision of nonlinear associations with
the model, because it has a stronger deep learning ability via two hidden
layers (Abbasi et al., 2021). The tenfold cross-validation process was
applied to address the overfitting issue by differentiating the number of
hidden nodes from one to ten (Sharma et al., 2021). The default IBM
SPSS neural network module was used for data allocation, with 70 % of
the data for training the neural network and the remaining 30 % for
evaluating the prediction accuracy of the trained model. The hyperbolic
tangent is selected for the activation function for both the hidden layer

10

and output layer because it converts real-valued arguments into the
range (—1,1) and can be applied to all units in the hidden layers (IBM,
2019).

Previous studies assert that only significant independent variables
can be used in ANN models as opposed to the whole constructs (e.g.,
Leong et al., 2020); therefore, this study only considered the significant
independent variables from PLS-SEM analysis. The six statistically sig-
nificant predictors from the PLS-SEM analysis, namely: AC, TMS, HR,
DC, 10, and TPP, were used in the input layer. Meanwhile, DT adoption
as the dependent variable was used in the output layer. The DT adoption
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Table 7

Structural relationship and hypotheses testing.
Paths B Sample mean (M) STDEV T statistics P-values Supported

VIF R-square

Direct effects
HI1: AC - Al 0.076 0.079 0.039 1.978 0.048 1.348 0.549 Yes
H2a: PB — Al —0.052 —0.051 0.054 0.964 0.335 2.142 No
H3a: COMPB — Al 0.044 0.043 0.064 0.683 0.494 2.824 No
H4: CPLXTY— Al —0.025 —0.023 0.046 0.545 0.586 1.491 No
H5: HR — Al —0.096 —0.094 0.043 2.249 0.025 1.644 Yes
H6: DC — Al 0.293 0.291 0.056 5.193 0 2.331 Yes
H7: TMS — Al 0.18 0.178 0.059 3.056 0.002 2.184 Yes
H8: TPP — Al 0.135 0.136 0.055 2.449 0.014 Yes
H9: CP — Al 0.071 0.071 0.047 1.493 0.136 1.786 No
H10: GRESS— Al —0.059 —0.057 0.06 0.991 0.322 3 No
H11: GREGS — Al 0.027 0.023 0.068 0.4 0.689 3.188 No
Indirect Effects
H2b: PB - TMS 0.207 0.21 0.057 3.662 0 2.015 0.373 Yes
H3b: COMPB — TMS 0.445 0.447 0.051 8.734 0 2.015 Yes
H12a: I0 HR—AI 0.048 0.047 0.041 1.181 0.238 1.097 No
H12b: 10 DC — Al -0.1 —0.102 0.036 2.787 0.005 1.357 Yes

Notes: AC = adoption costs, AI= adoption intention, COMPB = compatibility, CP = competitive pressure, CPLXTY = complexity, DC = digital culture, GREGS =
government regulatory support, GRESS = government resource support, HR = human resources, IO = international orientation, PB = perceived benefits, TMS = top
management support, TPP = trading partner pressure.
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Fig. 3. The effect of IO on the relationship between DC and DT adoption.

as the dependent variable was used in the output layer. Fig. 5 depicts a Validation
diagram of ANN based on the significant variables in this study. Root mean square error (RMSE) was applied to validate the ANN
findings. Fig. 6, below, shows that the values of RMSE are between 0.1
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Fig. 4. The effect of IO on the relationship between HR and DT adoption.

and 0.25 for training and testing tests, close to 0 and below the 0.5
threshold (Sharma, Joshi et al., 2024). This suggests that the model is
accurate and reliable, and captures the relationships between indepen-
dent variables and dependent variable.

Sensitivity analysis

This study employed sensitivity analysis to measure the predictive
strength of each input neuron. It evaluates the variations in the depen-
dent construct by changes in the associated independent constructs,
highlighting the model’s reliance on specific independent variables (Lee
et al., 2022). For comparative analysis, the importance of each neuron
was normalized by dividing its values by the highest importance value in
the network, resulting in percentage terms (Leong et al., 2020). Table 8
below shows that the most important predictor of DT adoption is DC
(100 %), followed by 10 (84 %), TMS (72 %), TPP (60 %), HR (36 %);
with AC being the least influential factor at 27 %.

Fig. 7 below was developed to provide a better depiction of the hi-
erarchal level of variables affecting firms’ decision to adopt DT.

Discussion

This study attempts to identify the factors that influence SMEs to
adopt DT in their businesses. The results obtained from PLS-SEM and
ANN confirm the impact of each investigated factor leading to DT
adoption, although the extent of their influence may vary. This study
highlights that the factors originating from the organizational context
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exert a more substantial impact on SMEs’ decisions to accept DT, given
that all associated variables are statistically significant. This analysis
suggests that the centrality of DT adoption is influenced more by orga-
nizational context than by environmental or technological ones. Poli-
setty et al. (2024) note that the technological, organizational, and
environmental contexts continually interact within the same reality,
influencing the causal relationship with new technology. Consequently,
outcomes from one context may have a more significant impact than
others. Expanding on this, Agrawal (2024) argues that the organiza-
tional context is more critical during the early stages of technology
adoption, where lack of regulatory support and prevalent technological
uncertainty often diminish the impact of technological and environ-
mental factors. Sun et al. (2024) emphasize that despite the interplay of
technology, organizational, and environmental factors being important,
the most pivotal aspect is the strategic mindset of the decision makers
who often evaluate their organization’s capabilities before deciding to
engage with new technology.

The PLS-SEM results show that digital culture (H6) has a significant
effect on DT adoption. The ANN results demonstrate that DC holds the
highest (100 %) relative importance, outweighing other supported
variables in SMEs’ adoption of DT. Despite the scarcity of research on
the role of DC in technology acceptance, this finding aligns with those of
Martinez-Caro et al. (2020), who assert that DC contributes positively to
multinational firms’ business digitalization. This finding might be
explained by the fact that firms with strong DC can seamlessly integrate
DT into their strategies, adopt agile governance, foster flexible digital
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Output layer activation function: Hyperbolic tangent

Fig. 5. Artificial neural network diagram.
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Fig. 6. The values of RMSE for training and testing.
platforms (Proksch et al., 2021), and establish efficient monitoring TMS (H7) is a significant factor in DT adoption, supporting the
processes (Oduro et al., 2023), collectively furthering the achievement prevailing literature that highlights its crucial role in successful tech-
of their strategic objectives (Leal-Rodriguez et al., 2023). nology integration within SMEs (Sharma et al, 2024b), large
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Table 8

ANN model results.
Ann models AC TMS HR DC TPP 10
ANN1 0.114 0.184 0.119 0.242 0.122 0.221
ANN2 0.046 0.256 0.117 0.138 0.246 0.196
ANN3 0.089 0.227 0.096 0.091 0.342 0.155
ANN4 0.06 0.243 0.099 0.324 0.066 0.208
ANNS 0.041 0.162 0.077 0.398 0.132 0.19
ANNG6 0.091 0.141 0.139 0.234 0.145 0.249
ANN7 0.082 0.121 0.071 0.308 0.165 0.254
ANN8 0.063 0.225 0.072 0.321 0.128 0.192
ANN9 0.071 0.141 0.081 0.27 0.15 0.286
ANN10 0.06 0.202 0.08 0.304 0.091 0.264
Average 0.072 0.190 0.095 0.263 0.159 0.222

importance

Normalized 27 72 36 100 60 84

Importance (%)

Notes: AC = adoption costs, TMS = top management support, HR = human
resources, DC = digital culture, TPP = trading partner pressure, IO = interna-
tional orientation.

corporations (Swani, 2021) and firms in general (Oliveira et al., 2019).
The ANN findings revealed that top management has the third-highest
(72 %) relative importance, implying its significance for SMEs’ DT
adoption. This finding may be because adopting DT necessitates mana-
gerial acumen to digitize and integrate business processes both verti-
cally (across the value chain) and horizontally (across departments) to
ensure effective communication, automation, and connectivity (Oduro
et al.,, 2023). Top management typically devises a clear digital trans-
formation strategy delineating the objectives of a digital transformation
process, facilitating the implementation of DTs within their SME
(Baabdullah et al., 2021), and delegating responsibilities to their em-
ployees (Pingali et al., 2023).

The significant effect of HR (H5) on DT adoption, as evidenced in the
PLS-SEM analysis, is consistent with the findings across various business
types. For instance, Oliveira et al. (2019) highlight the importance of HR
in technology innovation adoption within firms at large, while both
Pappas et al. (2021) and Chen et al. (2023) specifically underscore its
critical role in DT adoption among SMEs. Given that human resources
are the primary users of DT, it is crucial for firms to ascertain their
workforce’s proficiency with such technology prior to its adoption. The
ANN analysis shows that HR ranks fifth, at 36 %, indicating less influ-
ence than other supported variables in this study. This may be due to the
prevalence of young, well-educated, and digitally literate employees
among SMEs’ workforces in this study.

The PLS-SEM analysis reveals a significant effect of trading partner
pressure (H9) on DT adoption, with the ANN results indicating that
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trading partner pressure has the fourth highest relative importance (60
%). This finding concurs with antecedent studies, such as those con-
ducted by Abed (2020) and Chen et al. (2023), which assert that TPP is a
determinant in SMEs’ adoption of new technology. One possible reason
behind this outcome could be that SMEs can improve their relationships
by utilizing the same technology platforms as their suppliers, creating
fluid partnerships, and unveiling new opportunities. Furthermore, the
PLS-SEM results indicate that AC (H1) negatively influences the adop-
tion of DT. This finding confirms strands of the literature that suggest
factors relating to financial resources, including the costs associated
with adopting new technology, are a roadblock to SMEs’ new technol-
ogy implementation (e.g., Mkansi, 2022). Broccardo et al. (2024)
observe that small businesses, usually operating with limited resources,
frequently encounter a substantial upfront commitment when consid-
ering the adoption of new innovation. The ANN outcomes suggest AC is
the least influential factor, accounting for only 27 %. This could be due
to advancements in DT alleviating financial barriers to SMEs, such as the
availability of pay-as-you-go access and declining DT costs, reducing the
need for large initial outlays (Han & Trimi, 2022).

Surprisingly, perceived benefits (H2a) were not a decisive factor in
SMEs’ adoption of DT. This finding diverges from the consensus in the
existing literature on technology adoption, such as that conducted by
Park and Kim (2021), who found PB to be a determinant behind tech-
nology uptake by large firms. However, this finding is consistent with
recent studies conducted by Chen et al. (2023) and Polisetty et al.
(2024), which also found no relationship between PB and firms’ new
technology uptake. The reason could be that SMEs have restrained ex-
pectations about how DT might benefit their businesses. These expec-
tations are shaped mostly by their competitors’ adoption patterns and
industry-specific situations. As technology adoption in the industry in-
creases, SMEs’ motivation to embrace such technology might diminish,
largely because the outcomes may not meet their initial expectations.
However, the PLS-SEM results indicate that PB positively influences
TMS (H2b), aligning with the study by Wong et al. (2020). The rationale
might be that while top management recognizes the benefits of DT, mere
adoption may not in itself significantly enhance business practices. It is
the strategic integration of these technologies, covering organizational
structure, key personnel actions, and control systems, that realizes their
full potential (Ocloo et al., 2020).

Compatibility (COMPB) does not influence the adoption of DT in this
study. This is evidenced by the minimal impact observed in H3a (p-value
> 0.05) from the PLS-SEM analysis This finding contrasts with strands of
the literature, including research conducted by Moghavvemi et al.
(2021) and Chau et al. (2021), that claim new technology adoption
among SMEs is influenced by the degree of compatibility of the new

Normalized importance (%)
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Fig. 7. Normalized importance chart.
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technology with firms’ current practices. However, this finding is
consistent with studies conducted by Chen et al. (2023) and Mar-
oufkhani et al. (2020), who suggest that integrating new technology
appears to be more straightforward for SMEs than large enterprises,
given the former’s generally greater agility in adapting to changes. A
likely reason is that advancements in DT have made it well-suited to
current business practices, signaling that alterations to their operations
are unnecessary. However, the PLS-SEM results suggest that COMPB
positively influences TMS (H3b). This finding could be because adopting
new technology affects nearly all business areas (Rakshit et al., 2021).
Upper management often leads this change, preferring technologies that
integrate smoothly and minimize disruption to the organization and its
workforce.

The outcomes from the PLS-SEM analysis indicate that complexity
(CPLXTY) (H4) does not significantly influence the adoption of DT. This
finding contradicts several earlier studies, such as the work by Wong
et al. (2020), who identified a significant relationship between CPLXTY
and new technology adoption by firms. Nonetheless, this finding is
congruent with previous research by Chen et al. (2023) who found no
such correlation within Chinese SMEs. This finding also aligns with a
meta-analysis performed by Chauhan et al. (2023), which found that
CPLXTY has a negligible impact on the adoption of innovative tech-
nology. It is possible that SMEs find DTs are easily used because they
represent advancements of technologies that SMEs have previously
encountered. Hund et al. (2021) explain that the origins of new digital
innovations can often be traced back to some form of previous DT,
indicating they are an evolution from their predecessors. With their
growing interaction with DTs, firms are believed to have a higher level
of familiarity and proficiency in utilizing these DTs than ever before,
overcoming any technical limitations associated with them and develop
the capability to prepare for the next phase of adoption (Baabdullah
et al., 2021; Su et al., 2023).

The PLS-SEM results indicate that CP (H9) is not a determinant of DT
adoption. This finding contradicts the results of Wong et al. (2020) and
Swani (2021), who found that CP positively influences firms’ intention
to adopt DT; however, it aligns with Maroufkhani et al. (2020), who
conclude that competitive pressure has an insignificant effect on SMEs’
new technology initiative. A possible explanation is that the current
level of competition has not reached an intensity that would impact
SMEs’ market shares. The extensive adoption of DT among firms in-
tensifies the pressure on those who remain non-adoptive because it
creates a sense of urgency for firms to adopt new technologies to stay
ahead of their competitors (Swani, 2021). The Ministry of Finance
(2023) reveals that only 17 million, or merely 25 %, of Indonesian SMEs
have embraced online platforms. This indicates that DT has not yet
reached a critical mass within the SME ecosystem in Indonesia. Addi-
tionally, SMEs often operate in a niche market, where the level of
competition is generally less intense (Shemi & Procter, 2018).

The PLS-SEM outcomes show that GRESS (H10) and GREGS (H11) do
not significantly affect DT adoption. This finding is inconsistent with
previous findings within the IT-related adoption stream, such as Ilin
etal. (2017), who claim that SMEs’ intention to adopt new technology is
influenced by government support. However, this study’s findings agree
with Chen et al. (2023) and Wong et al. (2020), noting that government
resource support and regulatory support has no effect on DT adoption. A
potential reason for this could be that government support, in both its
scope and scale, is deemed insufficient and does not address funda-
mental needs like infrastructure in developing countries. In fact,
Indonesia is still confronted with such infrastructure shortcomings. For
example, most of Indonesia’s Internet traffic is routed through
Singapore, resulting in higher subscription costs and slower connection
speeds (Priharsari et al., 2023). Another reason might be that current
regulations do not effectively reduce the barriers SMEs face when
adopting new technologies, possibly due to insufficient consultation
with a broad range of SME stakeholders during the regulatory creation
process.
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International orientation (I0) only moderates the nexus between DC
and DT adoption (H12b), rejecting H12a. This finding implies that when
SMEs possess a strong 10, the influence of DC on the adoption of DT is
low. In contrast, when SMEs have a weak IO, DC significantly impacts
DT adoption. This finding could be because SMEs with a pronounced IO
frequently encounter diverse innovative technological strategies due to
intense global competition. Without international engagement, such
insights could remain hidden, and SMEs might not be able to access
multiple global markets quickly without the assistance of DTs (Zahoor
et al., 2023). However, to tap into these benefits, SMEs must adjust their
behavior, fostering a digital-centric culture that would allow them to
enhance their dynamic capabilities through DTs in tandem with their
internationalization strategies (Feliciano-Cestero et al., 2023). Crespo
et al. (2023) identify a correlation between a firm’s digital orientation
and its internationalization strategy, suggesting that a strong digital
culture within firms leads to enhanced international orientation.
Conversely, SMEs with weak international orientation appear to lack
experience in international practices, necessitating the deliberate
development of the firm’s digital culture to catalyze DT adoption. Thus,
when a firm’s international orientation is weak, the effect of digital
culture on DT adoption is strong. Overall, this study sheds light on how
10 can act as a moderating factor in the adoption of DT, highlighting the
imperative of embedding it within SMEs’ decision-making processes.

Conclusions

This study has revealed factors influencing DT adoption among SMEs
by combining the TOE framework and Rogers’ DOI as the theoretical
lens. The TOE framework acts as the primary theoretical foundation,
consolidating various constructs under one conceptual umbrella. While
the TOE framework can integrate diverse elements derived from cutting-
edge knowledge in specific research domains, the DOI complements the
TOE by offering an in-depth view of technology adoption; this is due to
the DOI’s focus on technological attributes (Chauhan et al., 2023). In
analyzing the data, a two-stage PLS-SEM and ANN analysis was con-
ducted to enhance the predictive power and robustness of research
outcomes. Additionally, variables that are rarely examined, such as
digital culture and international orientation, were included. In brief, the
PLS-SEM outcomes reveal that the supported hypotheses are mainly
derived from the organizational context (e.g., TMS, HR, and DC),
whereas the supported hypotheses from technological and environ-
mental contexts are AC and TPP, respectively.

Meanwhile, the ANN outcomes show that the most critical predictors
of DT adoption are DC, 10, TMS, TPP, HR, and AC. In terms of indirect
effects, which include moderating and mediating variables, four hy-
potheses were examined. The findings support the hypotheses that both
COMPB and PB have a positive effect on TMS, and that IO moderates the
relationship between DC and the intention to adopt DT. Thus, SME
managers attempting to engage with DT might consider factors
emanating from the organizational context, because these factors appear
to exert a greater degree of influence over DT adoption than others.
Policymakers could create policies to subsidize the cost of DT uptake and
provide training to increase SMEs’ knowledge.

Theoretical contributions

This study offers multiple theoretical contributions. First, to under-
stand the nature of the uptake of DT in Indonesian SMEs, this study
evolved to adopt a different set of assumptions. The primary ontological
assumption was that DTs are not a single entity, but rather a collection of
various technologies facilitated by information and communication
technology. This perspective arises because the DT landscape has shifted
towards more seamless integrated technologies, and the fact that all
forms of DT appear intertwined with one another (Su et al., 2023; Pedota
et al., 2023).

Second, this study combined the TOE framework with Rogers’ DOI as
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the theoretical lens to expose factors leading to the adoption of DT. The
empirical findings of this study reinforce the idea that combining the
TOE framework with Rogers’ DOI leads to improved model predict-
ability by providing a more detailed perspective on technology adop-
tion, mainly through DOI’s emphasis on technological characteristics.
Third, this study integrated elements seldom examined before,
advancing knowledge in the technology adoption field. DC and IO are
elements that emerged as important determinants of SMEs’ adoption of
DT, but they appeared to be understudied. Fourth, employing moder-
ating factors proved to be of utility in deepening our understanding of
the conditions and mechanisms that influence particular outcomes. It
has been demonstrated that IO moderates the relationship between DC
and SMEs’ intention to adopt DT. Fifth, from a methodological stand-
point, this study illustrated the complementarity of PLS-SEM and ANN
analyses in the context of DT adoption. PLS-SEM is used to analyze the
relationship between variables in the conceptual model; whereas ANN is
employed to determine the predictive capacity of independent variables
and rank them based on their importance on certain outcomes. Under-
standing which indicator exerts a greater degree of influence over DT
adoption than the others will assist managers or other stakeholders in
focusing on and channeling the resources they have toward the signifi-
cant determinants that occupy the top rankings in the listing, rather than
depleting the resources they have for all variables (Abbasi et al., 2021).

Practical implications

This study underlines the importance of several findings from which
SME managers and policymakers could benefit. First, COMPB and
CPLXTY appeared to be less significant factors in the adoption of DT;
thus, SMEs should not be concerned with issues related to COMPB and
CPLXTY when deciding on such an adoption. SMEs can seek assistance
from external solutions to overcome challenges associated with their
intention to engage with DT, with the availability of these solutions
continually increasing. Second, this study demonstrates that organiza-
tional context appears to substantially impact SMEs’ decisions to accept
DT. Thus, managers interested in adopting DT should improve factors
from the organizational context, including HR, DC, and TMS. Third, this
study highlighted the practical implications for SMEs with varying de-
grees of 0. Interventions to encourage DT adoption among SMEs should
be tailored according to their level of international engagement. Spe-
cifically, for SMEs primarily focused on domestic markets, enhancing
their DC is a key strategy, because this has been identified as a pivotal
step in accelerating digital transformation; thus, government-sponsored
seminars and training should promote the development of a digital
culture. Integrating these educational efforts with initiatives to boost
SME exports could assist in the creation of digital capabilities alongside
international ventures. Fourth, policymakers might consider financial
incentives such as tax breaks or direct funding to offset the significant
costs of DTs for SMEs, despite their decreasing costs.

Fifth, differentiating between types of government support based on
resources and regulations, as in this study, is useful in helping policy-
makers to tailor support for specific contexts. Targeted interventions
could boost DT adoption among SMEs, particularly in developing
countries.
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Limitations

This study has some limitations. First, this study is quantitative in
nature, as a methodological approach. Given the dynamic business
landscape, influenced by the COVID-19 pandemic and rapid socio-
economic and technological shifts, this study might not be able to
incorporate recent developments that are not yet reflected in the extant
literature. Second, this study engages with SMEs in Indonesia in general
without specifying the industries. As Ferreira et al. (2019) explain, the
factors that affect new technology adoption can be different across the
SME sector. Hence, this study could not identify the determinants of
digital technology adoption for specific SME industries. Third, nearly 80
% of respondents were SMEs located in developed provinces, with only a
small percentage from less-developed areas. This geographic imbalance
may lead to bias, limiting the applicability of the results to SMEs in rural
areas, where factors affecting innovation adoption, such as the digital
divide (Albar & Hoque, 2019) and infrastructure deficiencies (Priharsari
et al., 2023), may differ from urban areas. Fourth, this study used the
TOE framework without introducing a new taxonomy. Previous research
has shown that managers’ personal characteristics (e.g., level of edu-
cation, age, gender) may influence their adoption intention (Al Hadwer
et al., 2021).

Directions for future research

Future research might consider the use of a mixed-methods explor-
atory approach. This approach could gather information that may not
otherwise be readily available in the current literature due to ad-
vancements since earlier research was published. Such information
could then be quantitatively validated using a wider participant base,
enhancing the generalizability of the findings. Future studies could
investigate the factors that affect DT adoption within each SME sector,
revealing more specific factors pertinent to each industry. Similarly,
future studies could examine the factors influencing DT adoption in
rural SMEs and assess how these factors differ from those affecting urban
SMEs. Finally, it may be advantageous for future studies to expand the
TOE framework to incorporate SME managers’ personal attributes to
allow for a more accurate prediction of adoption. This expansion may
provide more comprehensive insights into the drivers of digital tech-
nology adoption beyond the current TOE framework, and lead to an
enhanced understanding of SMEs’ decision-making processes.
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Appendix
Appendix
The constructs, operational measure, and factor loadings.
Construct Items Description Loadings
AC AC1 Cost of investment to acquire digital technologies is high 0.739
(Mohtaramzadeh et al., 2018; Ghobakhloo & Ching, 2019; AC2 Digital technologies require additional costs for staff training 0.799
Wong et al., 2020) AC3 Digital technologies require maintenance and operational costs 0.796
AC4 The cost of integrating digital technologies with existing information management is 0.714
high
AC5 The expected cost of reengineering business processes around digital technologies is 0.788
high
PB PB1 Adoption of digital technologies increases our firm’s sales 0.736
(Wong et al., 2020; Swani, 2021; Chau et al., 2021) PB2 Adoption of digital technologies reduces operating costs 0.686
PB3 Adoption of digital technologies allows simplification of operating procedures 0.788
PB4 Adoption of digital technologies provides timely information for decision making 0.804
purposes
PB5 Adoption of digital technologies increases customer satisfaction 0.77
COMPB COMPB1 Digital technologies are compatible with our firm’s information technologies 0.767
(Chau et al., 2021; Swani, 2021) infrastructure
COMPB2 Digital technologies are consistent with our firm’s beliefs and values 0.813
COMPB3 Digital technologies are consistent with current firm’s business process 0.837
COMPB4 Digital technologies are suitable with customers’ preferences 0.813
COMPB5 Digital technologies can easily be adapted with the existing distribution channel 0.772
CPLXTY CPLXTY1  Learning how to operate digital technologies is not simple 0.783
(Alsaad et al., 2017; Wong et al., 2020) CPLXTY2  Adoption of digital technologies requires a lot of mental effort 0.857
CPLXTY3 I believe that the use of digital technologies requires ample experience 0.868
HR HR1 Our employees are proficient in using computer or other IT-related devices 0.872
(Abed, 2020; Huy et al., 2012) HR2 Our employees are knowledgeable about digital technologies 0.888
HR3 Our employees are competent about digital technologies 0.935
HR4 Our employees are well trained in digital technologies 0.906
DC DC1 The teams collaborate functionally in the initiatives for the innovation and digital 0.872
(Martinez-Caro et al., 2020) transformation
DC2 There is a clear orientation to digital technology changes inside the company’s culture ~ 0.865
DC3 The culture of digital innovation and change takes part as a natural process within the ~ 0.845
Company
DC4 The organization shares with the staff the digital strategy, taking into consideration 0.817
their suggestions
10 101 The prevailing organizational culture at our firm is conducive to active exploration of ~ 0.836
(Birru et al., 2019) new export opportunities
102 Top Management develops human and other resources for achieving our goals in 0.919
international markets
103 Top management tends to see the world, instead of just Ethiopia, as our firm’s 0.902
marketplace.
104 Management continuously communicates its mission to succeed in international 0.884
markets to firm employees
Construct Items Description Loadings
TMS TMS1 Top management in our firm is interested in adopting digital technologies 0.784
(Alsaad et al., 2017; Abed, 2020; Swani, 2021) TMS2 Top management in our firm considers digital technologies adoption important 0.784
TMS3 Top management in my firm is willing to accept risks when adopting digital 0.794
technologies
TMS4 Top management in my firm has allocated necessary resources to allow digital 0.831
technologies adoption
TMS5 Top management in my firm establishes goals and standards to monitor the adoption of =~ 0.833
digital technologies
TPP TPP1 Our suppliers and trading partners are pressuring us to adopt digital technologies 0.811
(Mohtaramzadeh et al., 2018) TPP2 Our trading partners are demanding the use of digital technologies to do business with  0.826
them
TPP3 Our main trading partner decide on what information systems applications are to be 0.823
exchanged with my firm
TPP4 Adopting digital technologies will provide opportunity to collaborate with trading 0.761
partners
TPP5 Our trading partners decide on the rules and regulations for using digital technologies  0.765
in order processing
CP CP1 Our firm is under pressure from competitors to adopt digital technologies 0.727
(Alsaad et al., 2017; Ghobakhloo & Ching, 2019; Wong et al., ~ CP2 Our firm thinks we lose our customers if we do not adopt digital technologies 0.778
2020) CP3 Some of our competitors have already adopted digital technologies 0.815
CP4 Our firm thinks we lose our market share to digitalised counterparts 0.732
CP5 We feel that it is a strategic necessity to introduce digital technologies in order to 0.795
compete in the market
GREGS GREGS1 The government has provided support to ensure digital technologies are affordable 0.783
(Mohtaramzadeh et al., 2018; Ocloo et al., 2020; Wong et al., ~ GREGS2 The government has provided a clear direction of nation’s digital technologies adoption ~ 0.87
2020;) GREGS3 The laws and regulations that exist today are sufficient to protect the use of digital 0.857
technologies
GREGS4 The government has created legal considerations for digital technologies adoption 0.872

(continued on next page)
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Construct Items Description Loadings
GREGS5 In general, we receive enough information about digital technologies laws and 0.833
regulation from the government
GRESS GRESS1 The government has provided public infrastructure readiness that support digital 0.836
(llin et al., 2017; Ocloo et al., 2020) technologies adoption
GRESS2 The government has provided training and education programs to encourage digital 0.866
technologies adoption
GRESS3 The government has provided adequate consulting services for use digital technologies ~ 0.878
GRESS4 The government has provided financial support to encourage digital technologies 0.847
adoption
GRESS5 The government is offering tax incentives to boost digital technologies adoption 0.806
AL All Have an intention for adoption 0.899
(Davis, 1989) AI2 Have a certain plan for adoption 0.932
AI3 Have a strong commitment to adoption 0.93
Control:
Size Firms were grouped by their size (micro, small, and medium) according to Indonesian Law
Location Firms were classified by their location in developed and developing provinces, as determined by
their GDP according to Statistics Indonesia
Industry Firms were divided by their industry (agriculture, services, and manufacturing)
References Chauhan, S., Gupta, P., & Goyal, S. (2023). The role of innovation type and country

Abbasi, G. A., Tiew, L. Y., Tang, J., Goh, Y.-N., & Thurasamy, R. (2021). The adoption of
cryptocurrency as a disruptive force: Deep learning-based dual stage structural
equation modelling and artificial neural network analysis. PLOS ONE, 16(3). https://
doi.org/10.1371/journal.pone.0247582. Article e0247582.

Abed, S. S. (2020). Social commerce adoption using TOE framework: An empirical
investigation of Saudi Arabian SMEs. International Journal of Information
Management, 53. https://doi.org/10.1016/j.ijinfomgt.2020.102118. Article 102118.

Agrawal, K. P. (2024). Towards adoption of generative Al in organizational settings.
Journal of Computer Information Systems, 64(5), 636-651. https://doi.org/10.1080/
08874417.2023.2240744

Akpan, I. J., Udoh, E. A. P., & Adebisi, B. (2022). Small business awareness and adoption
of state-of-the-art technologies in emerging and developing markets, and lessons
from the COVID-19 pandemic. Journal of Small Business and Entrepreneurship, 34(2),
123-140. https://doi.org/10.1080,/08276331.2020.1820185

Al Hadwer, A., Tavana, M., Gillis, D., & Rezania, D (2021). A systematic review of
organizational factors impacting cloud-based technology adoption using technology-
organization-environment framework. Internet of Things, 15. https://doi.org/
10.1016/j.10t.2021.100407. Article 100407.

Albar, A. M., & Hoque, M. R. (2019). Factors affecting the adoption of information and
communication technology in small and medium enterprises: A perspective from
rural Saudi Arabia. Information Technology for Development, 25(4), 715-738. https://
doi.org/10.1080/02681102.2017.1390437

Alsaad, A., Mohamad, R., & Ismail, N. A. (2017). The moderating role of trust in business
to business electronic commerce (B2B EC) adoption. Computers in Human Behavior,
68, 157-169. https://doi.org/10.1016/j.chb.2016.11.040

Alsaad, A., Taamneh, A, Sila, 1., & Elrehail, H. (2021). Understanding the global
diffusion of B2B E-commerce (B2B EC): An integrated model. Journal of Information
Technology, 36(3), 258-274. https://doi.org/10.1177/0268396220961396

Armstrong, J. S., & Overton, T. S. (1977). Estimating nonresponse bias in mail surveys.
Journal of Marketing Research, 14(3), 396-402. https://doi.org/10.2307/3150783

Ashiru, F., Nakpodia, F., & You, J. J. (2023). Adapting emerging digital communication
technologies for resilience: Evidence from Nigerian SMEs. Annals of Operations
Research, 327(2), 795-823. https://doi.org/10.1007/s10479-022-05049-9

Baabdullah, A. M., Alalwan, A. A., Slade, E. L., Raman, R., & Khatatneh, K. F. (2021).
SMEs and artificial intelligence (AI): Antecedents and consequences of Al-based B2B
practices. Industrial Marketing Management, 98, 255-270. https://doi.org/10.1016/j.
indmarman.2021.09.003

Baker, J. (2012). The technology-organization-environment framework. In
Y. K. Dwivedi, M. R. Wade, & S. L. Schneberger (Eds.), Information Systems Theory:
Explaining and Predicting our Digital Society (pp. 231-245). Springer. https://doi.org/
10.1007/978-1-4419-6108-2.

Ballerini, J., Herhausen, D., & Ferraris, A. (2023). How commitment and platform
adoption drive the e-commerce performance of SMEs: A mixed-method inquiry into
e-commerce affordances. International Journal of Information Management, 72.
https://doi.org/10.1016/j.ijinfomgt.2023.102649. Article 102649.

Birru, W. T., Runhaar, P., Zaalberg, R., Lans, T., & Mulder, M. (2019). Explaining
Organizational Export Performance by Single and Combined International Business
Competencies. Journal of Small Business Management, 57(3), 1172-1192. https://doi.
org/10.1111/jsbm.12403

Broccardo, L., Tenucci, A., Agarwal, R., & Alshibani, S. M. (2024). Steering digitalization
and management control maturity in small and medium enterprises (SMEs).
Technological Forecasting and Social Change, 204. https://doi.org/10.1016/j.
techfore.2024.123446. Article 123446.

Chau, N. T., Deng, H., & Tay, R. (2021). A perception-based model for mobile commerce
adoption in Vietnamese small and medium-sized enterprises. Journal of Global
Information Management, 29(1), 44-67. https://doi.org/10.4018/JGIM.2021010103

18

context in diffusion of innovative technologies in organisations - a meta-analytic
review. Behaviour & Information Technology, 42(11), 1845-1873. https://doi.org/
10.1080/0144929X.2022.2100826

Cheah, J. H., Amaro, S., & Roldan, J. L. (2023). Multigroup analysis of more than two
groups in PLS-SEM: A review, illustration, and recommendations. Journal of Business
Research, 156. https://doi.org/10.1016/j.jbusres.2022.113539. Article 113539.

Chen, M., Wang, H., Liang, Y., & Zhang, G. (2023). Net and configurational effects of
determinants on cloud computing adoption by SMEs under cloud promotion policy
using PLS-SEM and fsQCA. Journal of Innovation & Knowledge, 8(3). https://doi.org/
10.1016/j.jik.2023.100388. Article 100388.

Cho, J., Kim, E., & Jeong, 1. (2023). Adoption of the 4th industrial revolution: Evidence
from Korean exporters in international markets. Asian Business & Management, 22,
164-187. https://doi.org/10.1057/5s41291-021-00159-x

Crespo, N. F., Crespo, C. F., Silva, G. M., & Nicola, M. B. (2023). Innovation in times of
crisis: The relevance of digitalization and early internationalization strategies.
Technological Forecasting and Social Change, 188. https://doi.org/10.1016/].
techfore.2022.122283. Article 122283.

Dasgupta, S., & Gupta, B. (2019). Espoused organizational culture values as antecedents
of internet technology adoption in an emerging economy. Information &
Management, 56(6). https://doi.org/10.1016/j.im.2019.01.004. Article 103142.

Dash, G., & Paul, J. (2021). CB-SEM vs PLS-SEM methods for research in social sciences
and technology forecasting. Technological Forecasting and Social Change, 173. https://
doi.org/10.1016/j.techfore.2021.121092. Article 121092.

Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of
information technology. MIS Quarterly, 13(3), 319-340. https://doi.org/10.2307/
249008

Deng, H., Duan, S. X., & Luo, F. (2020). Critical determinants for electronic market
adoption: Evidence from Australian small- and medium-sized enterprises. Journal of
Enterprise Information Management, 33(2), 336-352. https://doi.org/10.1108/JEIM-
04-2019-0106

Douglas, E. J., Shepherd, D. A., & Prentice, C. (2020). Using fuzzy-set qualitative
comparative analysis for a finer-grained understanding of entrepreneurship. Journal
of Business Venturing, 35(1). https://doi.org/10.1016/j.jbusvent.2019.105970.
Article105970.

Duan, Y., Edwards, J. S., & Dwivedi, Y. K. (2019). Artificial intelligence for decision
making in the era of big data — evolution, challenges and research agenda.
International Journal of Information Management, 48, 63-71. https://doi.org/
10.1016/j.ijinfomgt.2019.01.021

Eller, R., Alford, P., Kallmiinzer, A., & Peters, M. (2020). Antecedents, consequences, and
challenges of small and medium-sized enterprise digitalization. Journal of Business
Research, 112(1), 119-127. https://doi.org/10.1016/j.jbusres.2020.03.004

Fabian, N. E., Dong, J. Q., Broekhuizen, T., & Verhoef, P. C. (2023). Business value of
SME digitalisation: When does it pay off more? European Journal of Information
Systems, 1-20. https://doi.org/10.1080/0960085X.2023.2167671

Feliciano-Cestero, M. M., Ameen, N., Kotabe, M., Paul, J., & Signoret, M. (2023). Is
digital transformation threatened? A systematic literature review of the factors
influencing firms’ digital transformation and internationalization. Journal of Business
Research, 157. https://doi.org/10.1016/j.jbusres.2022.113546. Article 113546.

Ferreira, J. J. M., Fernandes, C. I., & Ferreira, F. A. F. (2019). To be or not to be digital,
that is the question: Firm innovation and performance. Journal of Business Research,
101, 583-590. https://doi.org/10.1016/j.jbusres.2018.11.013

Fornell, C., & Larcker, D. F. (1981). Evaluating structural equation models with
unobservable variables and measurement error. Journal of Marketing Research, 18(1),
39-50. https://doi.org/10.2307/3151312

Freixanet, J., Braojos, J., Rialp-Criado, A., & Rialp-Criado, J. (2021). Does international
entrepreneurial orientation foster innovation performance? The mediating role of
social media and open innovation. International Journal Entrepreneurship Innovation,
22(1), 33-44. https://doi.org/10.1177/1465750320922320


https://doi.org/10.1371/journal.pone.0247582
https://doi.org/10.1371/journal.pone.0247582
https://doi.org/10.1016/j.ijinfomgt.2020.102118
https://doi.org/10.1080/08874417.2023.2240744
https://doi.org/10.1080/08874417.2023.2240744
https://doi.org/10.1080/08276331.2020.1820185
https://doi.org/10.1016/j.iot.2021.100407
https://doi.org/10.1016/j.iot.2021.100407
https://doi.org/10.1080/02681102.2017.1390437
https://doi.org/10.1080/02681102.2017.1390437
https://doi.org/10.1016/j.chb.2016.11.040
https://doi.org/10.1177/0268396220961396
https://doi.org/10.2307/3150783
https://doi.org/10.1007/s10479-022-05049-9
https://doi.org/10.1016/j.indmarman.2021.09.003
https://doi.org/10.1016/j.indmarman.2021.09.003
https://doi.org/10.1007/978-1-4419-6108-2
https://doi.org/10.1007/978-1-4419-6108-2
https://doi.org/10.1016/j.ijinfomgt.2023.102649
https://doi.org/10.1111/jsbm.12403
https://doi.org/10.1111/jsbm.12403
https://doi.org/10.1016/j.techfore.2024.123446
https://doi.org/10.1016/j.techfore.2024.123446
https://doi.org/10.4018/JGIM.2021010103
https://doi.org/10.1080/0144929X.2022.2100826
https://doi.org/10.1080/0144929X.2022.2100826
https://doi.org/10.1016/j.jbusres.2022.113539
https://doi.org/10.1016/j.jik.2023.100388
https://doi.org/10.1016/j.jik.2023.100388
https://doi.org/10.1057/s41291-021-00159-x
https://doi.org/10.1016/j.techfore.2022.122283
https://doi.org/10.1016/j.techfore.2022.122283
https://doi.org/10.1016/j.im.2019.01.004
https://doi.org/10.1016/j.techfore.2021.121092
https://doi.org/10.1016/j.techfore.2021.121092
https://doi.org/10.2307/249008
https://doi.org/10.2307/249008
https://doi.org/10.1108/JEIM-04-2019-0106
https://doi.org/10.1108/JEIM-04-2019-0106
https://doi.org/10.1016/j.jbusvent.2019.105970
https://doi.org/10.1016/j.ijinfomgt.2019.01.021
https://doi.org/10.1016/j.ijinfomgt.2019.01.021
https://doi.org/10.1016/j.jbusres.2020.03.004
https://doi.org/10.1080/0960085X.2023.2167671
https://doi.org/10.1016/j.jbusres.2022.113546
https://doi.org/10.1016/j.jbusres.2018.11.013
https://doi.org/10.2307/3151312
https://doi.org/10.1177/1465750320922320

F. Faiz et al.

Ghauri, P., Grgnhaug, K., & Strange, R. (2020). Research Methods in Business Studies: A
Practical Guide. Pearson Education.

Ghobakhloo, M. (2020). Determinants of information and digital technology
implementation for smart manufacturing. International Journal of Production
Research, 58(8), 2384-2405. https://doi.org/10.1080/00207543.2019.1630775

Ghobakhloo, M., & Ching, N. T. (2019). Adoption of digital technologies of smart
manufacturing in SMEs. Journal of Industrial Information Integration, 16. https://doi.
0rg/10.1016/],jii.2019.100107. Article 100107.

Ghobakhloo, M., Iranmanesh, M., Vilkas, M., Grybauskas, A., & Amran, A. (2022).
Drivers and barriers of Industry 4.0 technology adoption among manufacturing
SMEs: A systematic review and transformation roadmap. Journal of Manufacturing
Technology Management, 33(6), 1029-1058. https://doi.org/10.1108/JMTM-12-
2021-0505

Guy, J.-S. (2019). Digital technology, digital culture and the metric/nonmetric
distinction. Technological Forecasting & Social Change, 145, 55-61. https://doi.org/
10.1016/j.techfore.2019.05.005

Hair, J. F., Hollingsworth, C. L., Randolph, A. B., & Chong, A. Y. L. (2017). An updated
and expanded assessment of PLS-SEM in information systems research. Industrial
Management & Data Systems, 117(3), 442-458. https://doi.org/10.1108/IMDS-04-
2016-0130

Hair, J. F., Howard, M. C., & Nitzl, C. (2020). Assessing measurement model quality in
PLS-SEM using confirmatory composite analysis. Journal of Business Research, 109,
101-110. https://doi.org/10.1016/j.jbusres.2019.11.069

Hair, J. F., Risher, J. J., Sarstedt, M., & Ringle, C. M. (2019). When to use and how to
report the results of PLS-SEM. European Business Review, 31(1), 2-24. https://doi.
org/10.1108/EBR-11-2018-0203

Han, H., & Trimi, S. (2022). Towards a data science platform for improving SME
collaboration through Industry 4.0 technologies. Technological Forecasting and Social
Change, 174. https://doi.org/10.1016/j.techfore.2021.121242. Article 121242.

Henseler, J., Ringle, C. M., & Sarstedt, M. (2015). A new criterion for assessing
discriminant validity in variance-based structural equation modeling. Journal of the
Academy of Marketing Science, 43(1), 115-135. https://doi.org/10.1007/s11747-
014-0403-8

Hock-Doepgen, M., Clauss, T., Kraus, S., & Cheng, C. F. (2021). Knowledge management
capabilities and organizational risk-taking for business model innovation in SMEs.
Journal of Business Research, 130, 683-697. https://doi.org/10.1016/j.
jbusres.2019.12.001

Hund, A., Wagner, H.-T., Beimborn, D., & Weitzel, T. (2021). Digital innovation: Review
and novel perspective. Journal of Strategic Information Systems, 30(4). https://doi.
org/10.1016/j.js15.2021.101695. Article 101695.

Huy, L., Huynh, M., Rowe, F., & Truex, D. (2012). An empirical study of determinants of
e-commerce adoption in SMEs in Vietnam: An economy in transition. Journal of
Global Information Management, 20(3), 23-54. https://doi.org/10.4018/
jgim.2012070102

Tacovou, C., Benbasat, I., & Dexter, A. (1995). Electronic data interchange and small
organizations: Adoption and impact of technology. MIS Quarterly, 19(4), 465-485.
https://doi.org/10.2307,/249629

IBM. (2019). IBM spss neural networks 26. IBM Corporation. https://www.ibm.com/doc
s/en/SSLVMB_26.0.0/pdf/en/IBM_SPSS_Neural Network.pdf.

Ilin, V., Iveti¢, J., & Simi¢, D. (2017). Understanding the determinants of e-business
adoption in ERP-enabled firms and non-ERP-enabled firms: A case study of the
Western Balkan Peninsula. Technological Forecasting and Social Change, 125(1),
206-223. https://doi.org/10.1016/j.techfore.2017.07.025

Justy, T., Pellegrin-Boucher, E., Lescop, D., Granata, J., & Gupta, S. (2023). On the edge
of big data: Drivers and barriers to data analytics adoption in SMEs. Technovation,
127. https://doi.org/10.1016/j.technovation.2023.102850. Article 102850.

Khan, M. G. M., Reddy, K. G., & Rao, D. K. (2015). Designing stratified sampling in
economic and business surveys. Journal Applied Statistics, 42(10), 2080-2099.
https://doi.org/10.1080/02664763.2015.1018674

Knight, G. A., & Kim, D. (2009). International business competence and the
contemporary firm. Journal of International Business Studies, 40(2), 255-273. https://
doi.org/10.1057/palgrave.jibs.8400397

Kock, N. (2015). Common Method Bias in PLS-SEM: A full collinearity assessment
approach. International Journal of E-Collaboration, 11(4), 1-10. https://doi.org/
10.4018/ijec.2015100101

Kumar, N., Kumar, G., & Singh, R. K. (2022). Analysis of barriers intensity for investment
in big data analytics for sustainable manufacturing operations in post-COVID-19
pandemic era. Journal of Enterprise Information Management, 35(1), 179-213. https://
doi.org/10.1108/JEIM-03-2021-0154

Kyriakou, N., & Loukis, E. N. (2019). Do strategy, processes, personnel and technology
affect firm’s propensity to adopt cloud computing?: An empirical investigation.
Journal of Enterprise Information Management, 32(3), 517-534. https://doi.org/
10.1108/JEIM-06-2017-0083

Leal-Rodriguez, A. L., Sanchis-Pedregosa, C., Moreno-Moreno, A. M., & Leal-Millan, A. G.
(2023). Digitalization beyond technology: Proposing an explanatory and predictive
model for digital culture in organizations. Journal of Innovation & Knowledge, 8(3).
https://doi.org/10.1016/j.jik.2023.100409. Article 100409.

Lee, C. T., Pan, L.-Y., & Hsieh, S. H. (2022). Artificial intelligent chatbots as brand
promoters: A two-stage structural equation modeling-artificial neural network
approach. Internet Research, 32(4), 1329-1356. https://doi.org/10.1108/INTR-01-
2021-0030

Lee, Y. Y., Falahat, M., & Sia, B. K. (2021). Drivers of digital adoption: A multiple case
analysis among low and high-tech industries in Malaysia. Asia-Pacific Journal of
Business Administration, 13(1), 80-97. https://doi.org/10.1108/APJBA-05-2019-
0093

19

Journal of Innovation & Knowledge 9 (2024) 100610

Leong, L. Y., Hew, T. S., Ooi, K. B., & Wei, J. (2020). Predicting mobile wallet resistance:
A two-staged structural equation modeling-artificial neural network approach.
Journal of Information Management, 51. https://doi.org/10.1016/j.
ijinfomgt.2019.102047. Article 102047.

Li, L., Ye, F., Zhan, Y., Kumar, A., Schiavone, F., & Li, Y. (2022). Unravelling the
performance puzzle of digitalization: Evidence from manufacturing firms. Journal of
Business Research, 149, 54-64. https://doi.org/10.1016/j.jbusres.2022.04.071

Liu, Q...R., Liu, J. M., & He, Z. P. (2023). Digital transformation ambidexterity and
business performance. Journal of Enterprise Information Management, 36(5),
1402-1420. https://doi.org/10.1108/JEIM-08-2022-0280

Liu, T., Liu, H., Zhang, Y., Song, Y., Su, Y., & Zhu, Y. (2020). Linking governance
structure and sustainable operations of Chinese manufacturing firms: The
moderating effect of internationalization. Journal of Cleaner Production, 253. https://
doi.org/10.1016/j.jclepro.2019.119949. Article 119949.

Maroufkhani, P., Iranmanesh, M., & Ghobakhloo, M. (2023). Determinants of big data
analytics adoption in small and medium-sized enterprises (SMEs). Industrial
Management & Data Systems, 123(1), 278-301. https://doi.org/10.1108/imds-11-
2021-0695

Maroufkhani, P., Tseng, M. L., Iranmanesh, M., Ismail, W. K. W., & Khalid, H. (2020). Big
data analytics adoption: Determinants and performances among small to medium-
sized enterprises. International Journal of Information Management, 54. https://doi.
org/10.1016/j.ijinfomgt.2020.102190. Article 102190.

Martinez-Caro, E., Cegarra-Navarro, J. G., & Alfonso-Ruiz, F. J. (2020). Digital
technologies and firm performance: The role of digital organisational culture.
Technological Forecasting and Social Change, 154. https://doi.org/10.1016/].
techfore.2020.119962. Article 119962.

Marzi, G., Manesh, F. M., Caputo, A., Pellegrini, M. M., & Vlaci¢, B. (2023a). Do or do
not. Cognitive configurations affecting open innovation adoption in SMEs.
Technovation, 119. https://doi.org/10.1016/j.technovation.2022.102585. Article
102585.

Marzi, G., Marrucci, A., Vianelli, D., & Ciappei, C. (2023b). B2B digital platform adoption
by SMEs and large firms: Pathways and pitfalls. Industrial Marketing Management,
114, 80-93. https://doi.org/10.1016/j.indmarman.2023.08.002

Micro. (2008). Small, and Medium Enterprises Law No. (Indonesia). Retrieved from http
://peraturan.go.id/common/dokumen/terjemah/2020/LEMBARAN%20LEPAS%
20BATANG%20TUBUH%20UU%20N0%2020%20TH%202008.pdf/.

Ministry of Cooperative and Micro, Small, and Medium Enterprises. (2021). Development
of micro, small, medium (MSME) and large business. Retrieved from https://kemenkop
ukm.go.id/uploads/laporan/1617162002_SANDINGAN_DATA_UMKM _2018-2019.
pdf/. Accessed March 18, 2024.

Ministry of Finance. (2023). Talkshow MSMEs go global digital Ministry of Finance one.
Retrieved from https://www.kemenkeu.go.id/informasi-publik/publikasi/beri
ta-utama/Talkshow-UMKM-Go-Global-Go-Digital-%281%29/. Accessed March 18,
2024.

Mkansi, M. (2022). E-business adoption costs and strategies for retail micro businesses.
Electronic Commerce Research, 22(4), 1153-1193. https://doi:10.1007/s10660-02
0-09448-7.

Moen, @., Heggeseth, A. G., & Lome, O. (2016). The positive effect of motivation and
international orientation on SME Growth. Journal of Small Business Management, 54
(2), 659-678. https://doi.org/10.1111/jsbm.12163

Moghavvemi, S., Mei, T. X., Phoong, S. W., & Phoong, S. Y. (2021). Drivers and barriers
of mobile payment adoption: Malaysian merchants’ perspective. Journal of Retailing
and Consumer Services, 59. https://doi.org/10.1016/j.jretconser.2020.102364.
Article 102364.

Mohtaramzadeh, M., Ramayah, T., & Jun-Hwa, C. (2018). B2B e-Commerce adoption in
Iranian manufacturing companies: Analyzing the moderating role of organizational
culture. International Journal of Human-Computer Interaction, 34(7), 621-639.
https://doi.org/10.1080/10447318.2017.1385212

Ocloo, C. E., Xuhua, H., Akaba, S., Shi, J., & Worwui-Brown, D. K. (2020). The
determinant factors of business to business (B2B) e-commerce adoption in small- and
medium-sized Manufacturing enterprises. Journal of Global Information Technology
Management, 23(3), 191-216. https://doi.org/10.1080/1097198X.2020.1792229

Oduro, S., De Nisco, A., & Mainolfi, G. (2023). Do digital technologies pay off? A meta-
analytic review of the digital technologies/firm performance nexus. Technovation,
128. https://doi.org/10.1016/j.technovation.2023.102836. Article 102836.

Oliveira, T., Martins, R., Sarker, S., Thomas, M., & Popovi¢, A. (2019). Understanding
Saa$S adoption: The moderating impact of the environment context. International
Journal of Information Management, 49, 1-12. https://doi.org/10.1016/j.
ijinfomgt.2019.02.009

Papadopoulos, T., Baltas, K. N., & Balta, M. E. (2020). The use of digital technologies by
small and medium enterprises during COVID-19: Implications for theory and
practice. International Journal of Information Management, 55. https://doi.org/
10.1016/j.ijinfomgt.2020.102192. Article 102192.

Pappas, N., Caputo, A., Pellegrini, M. M., Marzi, G., & Michopoulou, E. (2021). The
complexity of decision-making processes and IoT adoption in accommodation SMEs.
Journal of Business Research, 131, 573-583. https://doi.org/10.1016/j.
jbusres.2021.01.010

Park, J. H., & Kim, Y. B. (2021). Factors activating big data adoption by Korean firms.
The Journal of Computer Information Systems, 61(3), 285-293. https://doi.org/
10.1080/08874417.2019.1631133

Pedota, M., Grilli, L., & Piscitello, L. (2023). Technology adoption and upskilling in the
wake of industry 4.0. Technological Forecasting and Social Change, 187. https://doi.
org/10.1016/j.techfore.2022.122085. Article 122085.

Pingali, S. R, Singha, S., Arunachalam, S., & Pedada, K. (2023). Digital readiness of small
and medium enterprises in emerging markets: The construct, propositions,


http://refhub.elsevier.com/S2444-569X(24)00149-5/sbref0033
http://refhub.elsevier.com/S2444-569X(24)00149-5/sbref0033
https://doi.org/10.1080/00207543.2019.1630775
https://doi.org/10.1016/j.jii.2019.100107
https://doi.org/10.1016/j.jii.2019.100107
https://doi.org/10.1108/JMTM-12-2021-0505
https://doi.org/10.1108/JMTM-12-2021-0505
https://doi.org/10.1016/j.techfore.2019.05.005
https://doi.org/10.1016/j.techfore.2019.05.005
https://doi.org/10.1108/IMDS-04-2016-0130
https://doi.org/10.1108/IMDS-04-2016-0130
https://doi.org/10.1016/j.jbusres.2019.11.069
https://doi.org/10.1108/EBR-11-2018-0203
https://doi.org/10.1108/EBR-11-2018-0203
https://doi.org/10.1016/j.techfore.2021.121242
https://doi.org/10.1007/s11747-014-0403-8
https://doi.org/10.1007/s11747-014-0403-8
https://doi.org/10.1016/j.jbusres.2019.12.001
https://doi.org/10.1016/j.jbusres.2019.12.001
https://doi.org/10.1016/j.jsis.2021.101695
https://doi.org/10.1016/j.jsis.2021.101695
https://doi.org/10.4018/jgim.2012070102
https://doi.org/10.4018/jgim.2012070102
https://doi.org/10.2307/249629
https://www.ibm.com/docs/en/SSLVMB_26.0.0/pdf/en/IBM_SPSS_Neural_Network.pdf
https://www.ibm.com/docs/en/SSLVMB_26.0.0/pdf/en/IBM_SPSS_Neural_Network.pdf
https://doi.org/10.1016/j.techfore.2017.07.025
https://doi.org/10.1016/j.technovation.2023.102850
https://doi.org/10.1080/02664763.2015.1018674
https://doi.org/10.1057/palgrave.jibs.8400397
https://doi.org/10.1057/palgrave.jibs.8400397
https://doi.org/10.4018/ijec.2015100101
https://doi.org/10.4018/ijec.2015100101
https://doi.org/10.1108/JEIM-03-2021-0154
https://doi.org/10.1108/JEIM-03-2021-0154
https://doi.org/10.1108/JEIM-06-2017-0083
https://doi.org/10.1108/JEIM-06-2017-0083
https://doi.org/10.1016/j.jik.2023.100409
https://doi.org/10.1108/INTR-01-2021-0030
https://doi.org/10.1108/INTR-01-2021-0030
https://doi.org/10.1108/APJBA-05-2019-0093
https://doi.org/10.1108/APJBA-05-2019-0093
https://doi.org/10.1016/j.ijinfomgt.2019.102047
https://doi.org/10.1016/j.ijinfomgt.2019.102047
https://doi.org/10.1016/j.jbusres.2022.04.071
https://doi.org/10.1108/JEIM-08-2022-0280
https://doi.org/10.1016/j.jclepro.2019.119949
https://doi.org/10.1016/j.jclepro.2019.119949
https://doi.org/10.1108/imds-11-2021-0695
https://doi.org/10.1108/imds-11-2021-0695
https://doi.org/10.1016/j.ijinfomgt.2020.102190
https://doi.org/10.1016/j.ijinfomgt.2020.102190
https://doi.org/10.1016/j.techfore.2020.119962
https://doi.org/10.1016/j.techfore.2020.119962
https://doi.org/10.1016/j.technovation.2022.102585
https://doi.org/10.1016/j.indmarman.2023.08.002
http://peraturan.go.id/common/dokumen/terjemah/2020/LEMBARAN%20LEPAS%20BATANG%20TUBUH%20UU%20NO%2020%20TH%202008.pdf/
http://peraturan.go.id/common/dokumen/terjemah/2020/LEMBARAN%20LEPAS%20BATANG%20TUBUH%20UU%20NO%2020%20TH%202008.pdf/
http://peraturan.go.id/common/dokumen/terjemah/2020/LEMBARAN%20LEPAS%20BATANG%20TUBUH%20UU%20NO%2020%20TH%202008.pdf/
https://kemenkopukm.go.id/uploads/laporan/1617162002_SANDINGAN_DATA_UMKM_2018-2019.pdf/
https://kemenkopukm.go.id/uploads/laporan/1617162002_SANDINGAN_DATA_UMKM_2018-2019.pdf/
https://kemenkopukm.go.id/uploads/laporan/1617162002_SANDINGAN_DATA_UMKM_2018-2019.pdf/
https://www.kemenkeu.go.id/informasi-publik/publikasi/berita-utama/Talkshow-UMKM-Go-Global-Go-Digital-%281%29/
https://www.kemenkeu.go.id/informasi-publik/publikasi/berita-utama/Talkshow-UMKM-Go-Global-Go-Digital-%281%29/
https://doi:10.1007/s10660-020-09448-7
https://doi:10.1007/s10660-020-09448-7
https://doi.org/10.1111/jsbm.12163
https://doi.org/10.1016/j.jretconser.2020.102364
https://doi.org/10.1080/10447318.2017.1385212
https://doi.org/10.1080/1097198X.2020.1792229
https://doi.org/10.1016/j.technovation.2023.102836
https://doi.org/10.1016/j.ijinfomgt.2019.02.009
https://doi.org/10.1016/j.ijinfomgt.2019.02.009
https://doi.org/10.1016/j.ijinfomgt.2020.102192
https://doi.org/10.1016/j.ijinfomgt.2020.102192
https://doi.org/10.1016/j.jbusres.2021.01.010
https://doi.org/10.1016/j.jbusres.2021.01.010
https://doi.org/10.1080/08874417.2019.1631133
https://doi.org/10.1080/08874417.2019.1631133
https://doi.org/10.1016/j.techfore.2022.122085
https://doi.org/10.1016/j.techfore.2022.122085

F. Faiz et al.

measurement, and implications. Journal of Business Research, 164. https://doi.org/
10.1016/j.jbusres.2023.113973. Article 113973.

Podsakoff, P. M., MacKenzie, S. B., Lee, J. Y., & Podsakoff, N. P. (2003). Common method
biases in behavioral research: A critical review of the literature and recommended
remedies. Journal of Applied Psychology, 88(5), 879-903. https://doi.org/10.1037/
0021-9010.88.5.879

Polisetty, A., Chakraborty, D., G, S., Kar, A. K., & Pahari, S (2024). What determines Al
adoption in companies? Mixed-method evidence. Journal of Computer Information
Systems, 64(3), 370-387. https://doi.org/10.1080/08874417.2023.2219668

Popli, M., Ahsan, F. M., & Mukherjee, D. (2022). Upper echelons and firm
internationalization: A critical review and future directions. Journal of Business
Research, 152, 505-521. https://doi.org/10.1016/].jbusres.2022.07.048

Priharsari, D., Abedin, B., Burdon, S., Clegg, S., & Clay, J. (2023). National digital
strategy development: Guidelines and lesson learnt from Asia Pacific countries.
Technological Forecasting and Social Change, 196. https://doi.org/10.1016/].
techfore.2023.122855. Article 122855.

Proksch, D., Rosin, A. F., Stubner, S., & Pinkwart, A. (2021). The influence of a digital
strategy on the digitalization of new ventures: The mediating effect of digital
capabilities and a digital culture. Journal of Small Business Management, 62(1), 1-29.
https://doi.org/10.1080/00472778.2021.1883036

Raj, A., Dwivedi, G., Sharma, A., Lopes de Sousa Jabbour, A. B, & Rajak, S (2020).
Barriers to the adoption of industry 4.0 technologies in the manufacturing sector: An
inter-country comparative perspective. International Journal Production Economy,
224. https://doi.org/10.1016/j.ijpe.2019.107546. Article 107546.

Rakshit, S., Islam, N., Mondal, S., & Paul, T. (2021). Mobile apps for SME business
sustainability during COVID-19 and onwards. Journal of Business Research, 135,
28-39. https://doi.org/10.1016/j.jbusres.2021.06.005

Ramdani, B., Raja, S., & Kayumova, M. (2022). Digital innovation in SMEs: A systematic
review, synthesis and research agenda. Information Technology for Development, 28
(1), 56-80. https://doi.org/10.1080/02681102.2021.1893148

Reim, W., Yli-Viitala, P., Arrasvuori, J., & Parida, V. (2022). Tackling business model
challenges in SME internationalization through digitalization. Journal of Innovation
& Knowledge, 7(3), Article 100199. https://doi.org/10.1016/].jik.2022.100199

Ringle, C. M., Wende, S., & Becker, J. M. (2024). Smartpls V.4.0.9 (Version 4.0.9)
Bonningstedt. March 1). Smartpls https://www.smartpls.com.

Roffia, P., & Mola, L. (2022). Is COVID-19 enough? Which underestimated conditions
characterise the adoption of complex information infrastructures in small and
medium-sized enterprises. Journal of Business Research, 144, 1249-1255. https://doi.
org/10.1016/j.jbusres.2021.12.083

Rogers, E. M. (2003). Diffusion of innovations (5th ed). Free Press.

Secretary Cabinet. (2017). Indonesia will be world’s 4thlargest economy by 2045, President
Jokowi says. Retrieved from. https://setkab.go.id/en/indonesia-will-be-worlds-4th
-largest-economy-by-2045-president-jokowi-says/. Accessed August 6, 2024.

Sharma, A., Dwivedi, Y. K., Arya, V., & Siddiqui, M. Q. (2021). Does SMS advertising still
have relevance to increase consumer purchase intention? A hybrid PLS-SEM-neural
network modelling approach. Computers in Human Behavior, 124. https://doi.org/
10.1016/j.chb.2021.106919. Article 106919.

Sharma, M., Joshi, S., Luthra, S., & Kumar, A. (2024a). Impact of digital assistant
attributes on millennials’ purchasing intentions: A multi-group analysis using PLS-
SEM, Artificial neural network and fsQCA. Information Systems Frontiers, 26(3),
943-966. https://doi.org/10.1007/s10796-022-10339-5

Sharma, S., Singh, G., Islam, N., & Dhir, A. (2024b). Why do SMEs adopt artificial
intelligence-based chatbots? IEEE Transactions on Engineering Management, 71, 1-14.
https://doi.org/10.1109/TEM.2022.3203469

Shemi, A. P., & Procter, C. (2018). E-commerce and entrepreneurship in SMEs: Case of
myBot. Journal of Small Business and Enterprise Development, 25(3), 501-520. https://
doi.org/10.1108/JSBED-03-2017-0088

Shetty, J. P., & Panda, R. (2023). Cloud adoption in Indian SMEs — an empirical analysis.
Benchmarking: An International Journal, 30(4), 1345-1366. https://doi.org/10.1108/
BIJ-08-2021-0468

Shukla, M., & Shankar, R. (2022). An extended technology-organization-environment
framework to investigate smart manufacturing system implementation in small and
medium enterprises. Computers & Industrial Engineering, 163. https://doi.org/
10.1016/j.cie.2021.107865. Article 107865.

Singh, A. K., Kumar, V. R. P., Shoaib, M., Adebayo, T. S., & Irfan, M. (2023). A strategic
roadmap to overcome blockchain technology barriers for sustainable construction: A
deep learning-based dual-stage SEM-ANN approach. Technological Forecasting and

20

Journal of Innovation & Knowledge 9 (2024) 100610

Social Change, 194. https://doi.org/10.1016/j.techfore.2023.122716. Article
122716.

Skare, M., de las Mercedes de Obesso, M., & Ribeiro-Navarrete, S. (2023). Digital
transformation and European small and medium enterprises (SMEs): A comparative
study using digital economy and society index data. International Journal of
Information Management, 68. https://doi.org/10.1016/].ijinfomgt.2022.102594.
Article 102594.

Skare, M., & Soriano, D. R. (2021). How globalization is changing digital technology
adoption: An international perspective. Journal of Innovation & Knowledge, 6(4),
222-233. https://doi.org/10.1016/j.jik.2021.04.001

Soluk, J., Kammerlander, N., & Darwin, S. (2021). Digital entrepreneurship in developing
countries: The role of institutional voids. Technological Forecasting and Social Change,
170. https://doi.org/10.1016/j.techfore.2021.120876. Article 120876.

Statistic Indonesia. (2018). Result of establishment listing economic census 2016. Retrieved
from. https://se2016.bps.go.id/umkumb/files/buku/00_Indonesia.pdf/. Accessed
October 3, 2024.

Su, J., Zhang, Y., & Wu, X. (2023). How market pressures and organizational readiness
drive digital marketing adoption strategies’ evolution in small and medium
enterprises. Technological Forecasting and Social Change, 193. https://doi.org/
10.1016/j.techfore.2023.122655. Article 122655.

Sun, Y., Tan, C. W,, Lim, K. H,, Liang, T. P., & Yeh, Y. H. (2024). Strategic contexts,
strategic orientations and organisational technology adoption: A configurational
approach. Information Systems Journal, 47, 1355-1356. https://doi.org/10.1111/
isj.12497

Swani, K. (2021). To app or not to app: A business-to-business seller’s decision. Industrial
Marketing Management, 93, 389-400. https://doi.org/10.1016/j.
indmarman.2020.05.033

Tajudeen, F. P., Jaafar, N. I, & Ainin, S. (2018). Understanding the impact of social
media usage among organizations. Information & Management, 55(3), 308-321.
https://doi.org/10.1016/j.im.2017.08.004

Tamvada, J. P., Narula, S., Audretsch, D., Puppala, H., & Kumar, A. (2022). Adopting
new technology is a distant dream? The risks of implementing industry 4.0 in
emerging economy SMEs. Technological Forecasting and Social Change, 185. https://
doi.org/10.1016/j.techfore.2022.122088. Article 122088.

Taneja, A., & Arora, A. (2019). Modeling user preferences using neural networks and
tensor factorization model. International Journal of Information Management, 45,
132-148. https://doi.org/10.1016/j.ijinfomgt.2018.10.010

Tiwari, A. K., Marak, Z. R., Paul, J., & Deshpande, A. P. (2023). Determinants of
electronic invoicing technology adoption: Toward managing business information
system transformation. Journal of Innovation & Knowledge, 8(3). https://doi.org/
10.1016/4.jik.2023.100366. Article 100366.

Tornatzky, L. G., & Fleischer, M. (1990). The Processes of Technological Innovation.
Lexington Books.

Toufaily, E., Zalan, T., & Dhaou, S. B. (2021). A framework of blockchain technology
adoption: An investigation of challenges and expected value. Information &
Management, 58(3). https://doi.org/10.1016/1.im.2021.103444. Article 103444.

Vial, G. (2019). Understanding digital transformation: A review and a research agenda.
The Journal of Strategic Information Systems, 28(2), 118-144. https://doi.org/
10.1016/j.jsis.2019.01.003

Wong, L. W., Leong, L. Y., Hew, J. J., Tan, G. W. H., & Ooi, K. B. (2020). Time to seize the
digital evolution: Adoption of blockchain in operations and supply chain
management among Malaysian SMEs. International Journal of Information
Management, 52. https://doi.org/10.1016/j.ijinfomgt.2019.08.005. Article 101997.

Zahoor, N., Khan, Z., Meyer, M., & Laker, B. (2023). International entrepreneurial
behavior of internationalizing African SMEs — towards a new research agenda.
Journal of Business Research, 154. https://doi.org/10.1016/j.jbusres.2022.113367.
Article 113367.

Zangiacomi, A., Pessot, E., Fornasiero, R., Bertetti, M., & Sacco, M. (2020). Moving
towards digitalization: a multiple case study in manufacturing. Production Planning &
Control, 31(2-3), 143-157. https://doi.org/10.1080/09537287.2019.1631468

Zhang, F., Yang, B., & Zhu, L. (2023). Digital technology usage, strategic flexibility, and
business model innovation in traditional manufacturing firms: The moderating role
of the institutional environment. Technological Forecasting and Social Change, 194.
https://doi.org/10.1016/j.techfore.2023.122726. Article 122726.

Zhu, K., Kraemer, K. L., & Xu, K. S. (2006). The process of innovation assimilation by
firms in different countries: A technology diffusion perspective on e-business.
Management Science, 52(10), 1557-1576. https://doi.org/10.1287/mnsc.1050.0487


https://doi.org/10.1016/j.jbusres.2023.113973
https://doi.org/10.1016/j.jbusres.2023.113973
https://doi.org/10.1037/0021-9010.88.5.879
https://doi.org/10.1037/0021-9010.88.5.879
https://doi.org/10.1080/08874417.2023.2219668
https://doi.org/10.1016/j.jbusres.2022.07.048
https://doi.org/10.1016/j.techfore.2023.122855
https://doi.org/10.1016/j.techfore.2023.122855
https://doi.org/10.1080/00472778.2021.1883036
https://doi.org/10.1016/j.ijpe.2019.107546
https://doi.org/10.1016/j.jbusres.2021.06.005
https://doi.org/10.1080/02681102.2021.1893148
https://doi.org/10.1016/j.jik.2022.100199
https://www.smartpls.com
https://doi.org/10.1016/j.jbusres.2021.12.083
https://doi.org/10.1016/j.jbusres.2021.12.083
http://refhub.elsevier.com/S2444-569X(24)00149-5/sbref0092
https://setkab.go.id/en/indonesia-will-be-worlds-4th-largest-economy-by-2045-president-jokowi-says/
https://setkab.go.id/en/indonesia-will-be-worlds-4th-largest-economy-by-2045-president-jokowi-says/
https://doi.org/10.1016/j.chb.2021.106919
https://doi.org/10.1016/j.chb.2021.106919
https://doi.org/10.1007/s10796-022-10339-5
https://doi.org/10.1109/TEM.2022.3203469
https://doi.org/10.1108/JSBED-03-2017-0088
https://doi.org/10.1108/JSBED-03-2017-0088
https://doi.org/10.1108/BIJ-08-2021-0468
https://doi.org/10.1108/BIJ-08-2021-0468
https://doi.org/10.1016/j.cie.2021.107865
https://doi.org/10.1016/j.cie.2021.107865
https://doi.org/10.1016/j.techfore.2023.122716
https://doi.org/10.1016/j.ijinfomgt.2022.102594
https://doi.org/10.1016/j.jik.2021.04.001
https://doi.org/10.1016/j.techfore.2021.120876
https://se2016.bps.go.id/umkumb/files/buku/00_Indonesia.pdf/
https://doi.org/10.1016/j.techfore.2023.122655
https://doi.org/10.1016/j.techfore.2023.122655
https://doi.org/10.1111/isj.12497
https://doi.org/10.1111/isj.12497
https://doi.org/10.1016/j.indmarman.2020.05.033
https://doi.org/10.1016/j.indmarman.2020.05.033
https://doi.org/10.1016/j.im.2017.08.004
https://doi.org/10.1016/j.techfore.2022.122088
https://doi.org/10.1016/j.techfore.2022.122088
https://doi.org/10.1016/j.ijinfomgt.2018.10.010
https://doi.org/10.1016/j.jik.2023.100366
https://doi.org/10.1016/j.jik.2023.100366
http://refhub.elsevier.com/S2444-569X(24)00149-5/sbref0112
http://refhub.elsevier.com/S2444-569X(24)00149-5/sbref0112
https://doi.org/10.1016/j.im.2021.103444
https://doi.org/10.1016/j.jsis.2019.01.003
https://doi.org/10.1016/j.jsis.2019.01.003
https://doi.org/10.1016/j.ijinfomgt.2019.08.005
https://doi.org/10.1016/j.jbusres.2022.113367
https://doi.org/10.1080/09537287.2019.1631468
https://doi.org/10.1016/j.techfore.2023.122726
https://doi.org/10.1287/mnsc.1050.0487

	Determinants of digital technology adoption in innovative SMEs
	Introduction
	Literature review
	Overview of digital technology (DT)
	Overview of small and medium enterprises (SMEs)
	Digital technology diffusion in small and medium enterprises – theoretical framework
	The technology–organization–environment (TOE) framework
	Diffusion of innovation theory (DOI)


	Research model and hypotheses development
	Technological context
	Adoption cost (AC)
	Perceived benefits (PB)
	Compatibility
	Complexity

	Organizational context
	Human resources (HR)
	Digital culture (DC)
	Top management support (TMS)

	Environmental context
	Trading partner pressure (TPP)
	Competitive pressure (CP)
	Government resource support (GRESS)
	Government regulatory support (GREGS)

	Moderating role of a firm’s international orientation (IO)
	Control variables
	Research model

	Research methodology
	Instruments and pilot test
	Data collection
	Analytical method
	Partial least squares structural equation modeling (PLS-SEM) approach
	Artificial neural network (ANN) approach


	Results
	Measurement model
	Structural model
	Hypotheses testing
	Moderating factor result
	Artificial neural network (ANN)
	Validation
	Sensitivity analysis


	Discussion
	Conclusions
	Theoretical contributions
	Practical implications
	Limitations
	Directions for future research

	CRediT authorship contribution statement
	Declaration of competing interest
	Appendix
	References


