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Advancements in digital technologies, especially computer and information systems,
force firms to adopt them in their production processes. Artificial intelligence, cloud
computing, big data analytics, robotics, smart devices, and blockchain are the leading
advanced technologies. This study explores the drivers of firms’ adoption of these tech-
nologies by estimating a multivariate probit model utilizing a Eurobarometer dataset.
A statistically significant and positive correlation between the error terms of all models
indicates that investigating the adoption of all advanced digital technologies together is
more appropriate than independent analyses. Drivers of advanced digital technologies
appear similar with decisive factors in using new technologies, and implementation of
any type of innovation significantly increases the probability of adoption. The other
determinants are the firm size, interaction with international markets, and the net-
work structure of the market in which firms operate. Furthermore, location positively
impacts the adoption of cloud computing and big data analytics, while it exerts no
significant influence on the adoption of other types of advanced digital technologies.
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1 Introduction

In line with the nature of technology, advancements in digital technologies have acceler-
ated exponentially. The digitalization process in the 20" century, which emerged via the
internet and websites, has evolved into more complex structures with enhancements in com-
puter technologies and information systems. Traditional data concepts transformed into big
data, which led to the introduction of big data analytics. Accessing and processing big data
from different production locations requires cloud computing technologies. Artificial intel-
ligence technology, promising advancements in data selection, evaluation, decision-making,
and more, has become increasingly prevalent. Additionally, interest in robotics and smart de-
vices, which are automation technologies enhanced with other technologies, is rising. These
new technologies and their advancements are expected to continue based on the nature of
technology, and the evolution of digital technologies will reshape economies.
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Catch-up of technology becomes more prominent in the digitalization process as progress
in digital technologies continues since technological gaps and the costs of catch-up of this
process increase cumulatively. Furthermore, the added value and positive impact of the
transition to digital technologies decrease over time. Therefore, it is of great importance to
define digital transformation road-maps and swiftly implement action plans.

The attitude of countries toward digital technologies can indeed vary despite many op-
portunities, such as increased productivity and decreased costs. Different views on the
digitalization process are evident at the micro-level, particularly across firms. Additionally,
there is significant diversity among European Union (EU) countries that adhere to the Dig-
ital Single Market Strategy. For example, the adoption rate of cloud computing stands at
45.4% in the EU, whereas it is 13.6% in Bulgaria and 71.1% in Ireland. Regarding big data
analytics, the adoption rates among firms are 10.3% in EU countries, 3.5% in Romania, and
23.5% in the Netherlands (Eurostat, 2024).

Understanding the factors determining firms’ transition to advanced digital technologies
is crucial for countries to develop accurate and effective action plans for digital transforma-
tion. Identifying these factors will lay the groundwork for pinpointing firms that need sup-
port or may risk losing competitiveness in the face of digitalization. Additionally, comparing
the determinants of transitioning to advanced digital technologies with those of adoption
of other technologies is essential for providing insights into the nature of advanced digital
technologies. The main motivation of this study is to investigate the underlying foundations
of variations in firms’ attitudes toward advanced digital technologies. It also examines the
similarities between the drivers of advanced digital technologies and other new technologies.

The main contribution of this study is its comprehensive evaluation of advanced digital
technologies, exploring the adoption of various types of these technologies. To the best of
our knowledge, no study concurrently analyzed the adoption of multiple types of advanced
digital technologies. Furthermore, this study examines the relationship between the adop-
tion decisions for different types of advanced digital technologies using a multivariate probit
model to estimate the correlations among them. Additionally, this study utilizes a survey
conducted on an extensive sample.

The plan of the paper is as follows. Section 2 provides a literature review on technology
adoption and the essential structure of the adoption process. Section 3 explains the data
and method, and Section 4 presents the estimation findings. Finally, Section 5 consists of
the latest considerations, suggestions, and limitations of the study.

2 Literature

Adopting technology is transitioning to or using new technology for organizations, e.g.,
firms, through reconfiguring the production process, organizational structure, supply chain,
etc., where technology integration is affected. Hence, adopting technology results in modi-
fications or improvements within firms regarding their technological preferences.

The advantages of the digitalization process have expanded and deepened with the ad-
vanced digital technologies. Increasing productivity (Ballestar et al., 2020), competitive-
ness, speed (De Caria, 2017), quality of production (DeStefano & Timmis, 2024), product
diversity, international trade (Denicolai et al., 2021), employment (Kromann et al., 2020),
revenue (Xu et al., 2021), performance (Ferraris et al., 2019), and innovation (Rammer et
al., 2021), coupled with the minimization of costs (Nicholas-Donald et al., 2018), time, waste
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(Pellegrini et al., 2021) information asymmetries, etc., constitute the core of these advan-
tages. The importance of transitioning to advanced digital technologies becomes evident
upon considering these benefits.

Technology adoption is significantly shaped by knowledge accumulation. Innovation,
which is widely used as one of the primary indicators for the knowledge-based structure, also
becomes prominent in adopting advanced digital technologies (Kshetri, 2011; Alshamaila et
al., 2013; Giotopoulos et al., 2017). Knowledge accumulation facilitates both the evaluation
of alternative technologies and their efficient integration. Firms implementing innovation
generally hold positive attitudes towards new technology and are well-informed about its
advantages. Therefore, it is expected that these firms view the adoption of new technol-
ogy favorably and have a higher probability of adoption compared to non-innovative firms
(Arvanitis et al., 2017; Giotopoulos et al., 2017; Loukis et al., 2017; Zolas et al., 2021).

Access to international markets increases knowledge accumulation and indirectly en-
hances the knowledge-based structure. The knowledge capacities of firms operating in global
markets increase through interactions with different actors, such as firms, organizations, and
consumers, facilitating the transfer of new knowledge between the firms. This increase in
knowledge capacities triggers knowledge creation that has an exponential nature. The prob-
ability of firms engaging in international markets increases due to these knowledge-based
impacts, and the domino effect appears in this way. As a result, firms participating in global
markets are more inclined to adopt new technologies (Masayuki, 2016).

The literature states that firm characteristics are the main determinants of adopting
new (Tornatzky & Fleischer, 1990; Rogers, 1995; Molinillo & Japutra, 2017) and digital
technologies (Chatzoglou & Chatzoudes, 2016; Kossal et al., 2020). Firm characteristics
emerge as significant factors when adopting advanced digital technologies, such as cloud
computing and artificial intelligence, alongside fundamental digital technologies like the
internet, e-commerce, and web pages (Ohnemus & Niebel, 2016; Zolas et al., 2021).

Advanced digital technologies require essential digital infrastructures such as the Inter-
net. Due to the expensive investment costs, the current infrastructure cannot support digital
transformation everywhere. Operating in big cities, which typically boast more complex in-
frastructures and are ahead in digitalization, appears to significantly influence the adoption
of digital technologies (Giotopoulos et al., 2017). In other words, the firm’s location is
crucial in the transition to advanced digital technologies.

Collaboration, an emphasized phenomenon in new institutional economics, leads to a
transformation in decision mechanisms. According to this perspective, economic actors op-
timize their utility under constraints, but their utility functions are updated and altered, and
they can achieve maximum utility through collaboration despite the competitive markets.
The interaction of economic actors via collaboration results in the transfer of tacit knowl-
edge and a reduction in knowledge costs. The collaboration structure or network pattern of
the market, shaped by this phenomenon, can accelerate the integration of new technologies
due to its knowledge-based effects. Moreover, this market environment is expected to be a
key factor in transitioning to advanced digital technologies (Giotopoulos et al., 2017).

Despite the critical importance of digital transformation, studies investigating the adop-
tion of advanced digital technologies remain scarce, mainly due to the lack of available data.
Recent surveys have been designed through the growing interest in advanced digital tech-
nologies and the emergence of new types of these technologies. Moreover, new projects and
research efforts have been initiated to evaluate the economic impact of these advancements.
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Although the need for data has prompted efforts to gather it, data generation is a time-
consuming process. In literature, most studies examining the adoption of advanced digital
technologies focus on a single type of technology (Ohnemus & Niebel, 2016; Arvanitis et al.,
2017; Loukis et al., 2017; Nicoletti et al., 2020). However, only a few studies analyze multi-
ple types of advanced digital technologies. For example, (Zolas et al., 2021) investigated the
adoption of artificial intelligence, cloud computing, and robotics technology in U.S. firms.

3 Data and Method

Diffusion theories of new technology can be evaluated in three main categories: con-
tagion, social influence, and social learning. In economics, the social learning model is
the most suitable as it considers the role of knowledge diffusion in firm decision-making
(Young, 2009). This study examines the drivers of advanced digital technologies through
the social learning model, where the network structure of the market represents knowledge
diffusion between firms. Additionally, firms’ export activities, which serve as a channel for
knowledge transfer; innovation activities, as a proxy for a firm’s knowledge-based structure;
and firm characteristics highlighted in the literature, are also included in the model. All
these variables are assumed to play a decisive role in adopting advanced digital technologies
(Masayuki, 2016; Arvanitis et al., 2017; Giotopoulos et al., 2017; Zolas et al., 2021).

This study investigates drivers of adoption of advanced digital technologies using a mul-
tivariate probit model as shown in equations (1) and (2) (Cappellari & Jenkins, 2003).

Ui = Br Tk + €k (1)
1Lyh >0

Yik = *k (2)
0,y5 <0

where y},, B}, Tik, €, and y;; are the continuous unobservable variables, coefficients, inde-
pendent variables, the error term that has zero mean, and the observed counterpart of 7,
respectively, ¢ stands for the firm, and k is the set of advanced technologies that are consid-
ered dependent variables: artificial intelligence, cloud computing, big data, robotics, smart
devices, and blockchain. The variance-covariance matrix of error terms has diagonal ele-
ments equal to 1 and symmetrically equal off-diagonal elements. Definitions and descriptive
statistics of variables are provided in Table 1 and Table 2, respectively.

The “SMEs, Start-ups, Scale-ups, and Entrepreneurship Survey” conducted in 2020 pro-
vides detailed information about the transition to advanced digital technologies and is used
in this study.! To our knowledge, no other open-access survey offers as elaborate and
comprehensive data as this one. The survey covers micro-enterprises (60% of the sample),
small enterprises (20%), medium-sized enterprises (15%), and large enterprises (5%) across
39 countries, including the 27 Member States of the EU, Bosnia and Herzegovina, Brazil,
Canada, Iceland, Japan, Kosovo, North Macedonia, Norway, Serbia, Tiirkiye, the UK, and
the USA. So, the data has a cross-sectional nature. As a result, variables related to time
and shifts in firm attitudes toward advanced digital technologies cannot be examined due
to the absence of longitudinal data.

1 It is one of the European Commission’s Flash Eurobarometer survey, which are ad-hoc thematic surveys
on a specific topic. For more information, see https://europa.eu/eurobarometer/about/eurobarometer.
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Table 1: Description of variables

Variables [

Description

Dependent Variables

artificial intelligence
cloud computing
big data

robotics

smart devices
blockchain

1 if the firm adopted artificial intelligence, else=0
1 if the firm adopted cloud computing, else=0

1 i the firm adopted big data analytics, else=0

1 if the firm adopted robotics, else=0

1 if the firm adopted smart devices, else=0

1 if the firm adopted blockchain, else=0

Independent Variables

innovation
size
location
exports
network

1 if the firm has implemented any innovation in the last 12 months, else=0
Natural log of employees

1 if the firm is in a large town or city, else=0

1 if the firm exported goods or services in 2019, else=0

Access to and network with business partners (other enterprises, public sector,

educational institutions, research organizations, etc.)
Very good=4, Fairly good=3, Fairly poor=2, Very poor=1
Note: Country and sector dummies are also controlled for.

More than one binary dependent variable requires the estimation of multivariate probit or
logit models. With the easy implementation of correlation structures, and the availability
of ready-made software and the common use in empirical studies (Cameron & Trivedi,
2005; Wooldridge, 2007), we have several theoretical and practical motivations for using a
multivariate probit rather than a multivariate logit model.

Table 2: Descriptive statistics of variables

Variables Mean | Std. Dev. | Min. | Max.
artificial intelligence 0.080 0.271 | 0.000 1.000
cloud computing 0.489 0.500 | 0.000 1.000
big data 0.152 0.359 | 0.000 1.000
robotics 0.090 0.286 | 0.000 1.000
smart devices 0.287 0.452 0.000 1.000
blockchain 0.035 0.183 | 0.000 1.000
size 2.394 1.637 | 0.000 9.200
location 0.495 0.500 | 0.000 1.000
innovation 0.629 0.483 0.000 1.000

The multivariate probit model considers the correlation between the error terms of esti-
mated equations, and the Wald test, the likelihood ratio test and the Lagrange multiplier
statistic are commonly used to test the presence of such correlation (Greene, 2003). If
the null hypothesis of no correlation between the error terms is not rejected, the equations
should be estimated separately. In the multivariate probit models, the observed variable
takes two values: one for success, zero for failure (Cappellari & Jenkins, 2003).

4 Results and Discussion

The estimated coefficients of the multivariate probit model are summarized in Table
3. The presence of correlations between the error terms of the equations is investigated
using the Likelihood Ratio test. The null hypothesis, which states no correlation between
the error terms, is not rejected according to the test results. The chi-square test confirms
that estimating the equations simultaneously rather than separately is more appropriate.
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In other words, examining advanced digital technologies simultaneously can produce more
accurate results that play an essential role in prescribing applied policies. There is a positive
and statistically significant relationship between all error terms at the 1% significance level.
The dependent variables of Models 1 through 6 are the adoption of artificial intelligence,
cloud computing, big data analytics, robotics, smart devices, and blockchain, respectively.
For instance, rho 21 indicates the correlation between the error terms of Model 2 (cloud

computing) and Model 1 (artificial intelligence).

Table 3: Results of multivariate probit estimation (coefficients)

Dependent Variables
Independent artificial cloud big data robotics smart blockchain
Variables intelligence (1) computing (2) (3) (4) devices (5) (6)
size 0.116%** 0.104%** 0.179%** 0.182%** 0.137*** 0.090***
(0.011) (0.008) (0.009) (0.011) (0.009) (0.013)
location 0.074* 0.165%*** 0.167*** 0.044 0.006 0.091*
(0.041) (0.026) (0.029) (0.041) (0.033) (0.047)
innovation 0.411%%* 0.362%** 0.437%%* 0.443%** 0.453*** 0.368%**
(0.045) (0.026) (0.039) (0.043) (0.032) (0.050)
0.316%** 0.247*** 0.241%%* 0.341%%* 0.161%** 0.114**
exports (0.044) (0.025) (0.034) (0.045) (0.024) (0.051)
network 0.051%** 0.056%** 0.066%** 0.063** 0.035%* 0.073**
(0.017) (0.016) (0.024) (0.027) (0.015) (0.034)
constant -2.4T74%** -0.111 -2.101%%* -2.376%** -0.838%** -2.687***
(0.148) (0.155) (0.210) (0.200) (0.119) (0.242)
Correlation Coefficient Standard Errors
rho 21 0.157%%* (0.018)
rho 31 0.319%** (0.024)
rho 41 0.315%%* (0.021)
rho 51 0.266*** (0.019)
rho 61 0.303*** (0.032)
rho 32 0.309%** (0.020)
rho 42 0.140%%* (0.026)
rho 52 0.256%** (0.015)
rho 62 0.328*** (0.027)
rho 43 0.184%%% (0.023)
rho 53 0.270%** (0.018)
rho 63 0.369*** (0.023)
rho 54 0.258%** (0.018)
rho 64 0.239*** (0.033)
rho 65 0.258%** (0.016)
Likelihood ratio test Chi-Square (15) = 2084.4
HO: all rho values are 0 Prob = 0.000
Number of Observations 14,108

Note: The values in parentheses represent country-clustered robust standard errors.

* kK
5

the significance levels of 10%, 5%, and 1%, respectively. Country characteristics are considered.

, and *** indicate

According to Table 3, drivers of advanced digital technologies seem similar to decisive

factors of adopting new technologies, and these results of the multivariate probit model
are consistent with the literature (Masayuki, 2016; Giotopoulos et al., 2017; Zolas et al.,
2021). There is a significant positive relationship between firm size and the adoption of
advanced digital technologies at the 1% significance level. Larger firms benefit from various
advantages, including access to financial resources and qualified human capital that also
facilitate the adoption of advanced digital technologies.
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The firm’s location is a positive and strong (weak) determinant of adopting artificial
intelligence and blockchain (cloud computing and big data analytics). However, no effect of
location on the adoption of robotics and smart devices indicates that operating in an urban
area is not a prerequisite for adopting automation technologies.

The knowledge-based structure of a firm is another crucial factor influencing the adop-
tion of advanced digital technologies. There exists a statistically significant and positive
relationship between innovation and the adoption of advanced digital technologies. Firms
that implement innovation are more inclined to advanced digital technologies. Positive ex-
ternalities, particularly an increase in knowledge accumulation stemming from innovation,
are key factors in this tendency towards advanced digital technologies.

Consequently, knowledge accumulation is triggered through export channels. Further-
more, exporter firms typically possess substructure and development levels that are more
conducive to the transition to new technologies.

The network pattern of the market stands out as another crucial determinant influenc-
ing the diffusion of advanced digital technologies. The relationship between the network
structure of the market and the adoption of advanced digital technologies exhibits a pos-
itive orientation and is statistically significant, at least at the 5% level. Improvements in
network patterns prompt a shift towards advanced digital technologies. Thus, in contrast to
a competitive approach, collaboration serves to facilitate the digital transformation of firms
and consequently contributes to firm performance in this way.

According to the marginal effects of the probit model provided in Table 4, a 1% increase
in the number of employees leads to a rise in the probability of adopting an advanced tech-
nology between 0.5% (blockchain) and 3.7% (smart devices). Being in a large town or city
is associated with increased adoption probabilities of 5.7% and 3.4% for cloud computing
and big data analytics technologies, respectively. Innovation results in the rise of adoption
probabilities of advanced technologies ranging from 2.3% (blockchain) to 13.7% (smart de-
vices). Being an exporting firm increases the probability of adoption of cloud computing the
most (by 8.5%), whereas it affects the probability of adoption of blockchain the lowest (by
0.8%). Improvement in the network structure of the market also contributes to increases
in the adoption probabilities, and its impact is the highest (lowest) for cloud computing
(blockchain) at 1.9% (0.5%).

Table 4: Marginal effects
Dependent Variables

Independent artificial cloud big data robotics smart blockchain

Variables intelligence (1) computing (2) (3) (4) devices (5) (6)

size 0.012 0.033 0.030 0.018 0.037 0.005

(0.013) (0.026) (0.026) (0.017) (0.028) (0.005)

. 0.009 0.057 0.034 0.006 -0.002 0.006

location

(0.007) (0.010) (0.018) (0.005) (0.000) (0.005)

innovation 0.048 0.126 0.083 0.054 0.137 0.023

(0.032) (0.021) (0.041) (0.041) (0.031) (0.016)

0.043 0.085 0.050 0.048 0.050 0.008

exports (0.028) (0.015) (0.025) (0.033) (0.012) (0.006)

network 0.007 0.019 0.014 0.009 0.011 0.005

(0.005) (0.004) (0.007) (0.007) (0.003) (0.004)

Note: Marginal effects are taken at the mean values. The values in parentheses represent standard errors.
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The marginal effects calculated in the predicted model serve as compelling evidence of
the significance of a knowledge-based structure. Specifically, the estimated values underscore
the crucial role of knowledge-based firms in driving digital transformation. The emphasis on
supporting innovation emerges as a prominent factor contributing to digital transformation,
highlighting the substantial impact of innovation implementation. Moreover, rather than
competitive markets, collaborative patterns within markets hold promise for catalyzing the
digital transformation process.

The figures in Table 5 show the success probability of the observed variable, and Table
6 provides the number and fraction of advanced digital technology adopted firms in the
sample. The probability of the observed variable, pallOs, being zero for all advanced digital
technologies is 36.3%, while the probability of adopting all advanced digital technologies,
pallls, is 0.2%, as shown in Table 5. Table 6 indicates that 37.1% of firms have not adopted
any advanced digital technologies, and 0.33% of firms have adopted all advanced digital
technologies. Thus, the predicted probabilities and observed adoption rates are consistent,
indicating that the estimated model performs well in terms of prediction capability. The
high (low) not-adopting (adopting) probabilities align with expectations, as the diffusion of
new technologies requires time for many reasons. Firms need time to acquire information
about new technologies and their potential applications, develop their infrastructure or
organizational structures to integrate them, learn how to adapt the technologies to their
specific needs, and strategically allocate their financial resources over time.

Table 5: Probability of success

Variables | Mean | Std. Dev. | Min. | Max.
pallOs 0.363 0.205 0.002 0.935
pallls 0.002 0.006 0.000 0.128
pmargl 0.080 0.082 0.000 0.680
pmarg2 0.489 0.205 0.028 0.989
pmarg3 0.152 0.128 0.001 0.811
pmarg4 0.090 0.103 0.000 0.712
pmargb 0.287 0.149 0.019 | 0.848
pmarg6 0.035 0.033 0.000 0.295

The values of pmargl — pmarg6 demonstrate the success of adopting advanced digital
technology, where the number refers to the technology as in the order provided in Table
4, e.g., the value of pmargl represents the success probability of artificial intelligence. In
addition to the values of pallOs and pallls, the very close values of the probabilities derived
from the probit model (Table 5) and the sample characteristics (Table 6) for each advanced
digital technology indicates that the model’s prediction performance is wey well.

Table 6: Adoption of advanced digital technology in the sample

Technology Number of Firms | Fraction of Firms (%)
none 5,237 37.12
all digital technologies 47 0.33
artificial intelligence 1,131 8.02
cloud computing 6,898 48.89
big data 2,145 15.20
robotics 1,266 8.97
smart devices 4,051 28.71
blockchain 492 3.49
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Cloud computing emerges as the leading advanced digital technology, boasting a substan-
tial adoption rate of 49%, as depicted in Table 6. It is followed by smart device technology,
with a 29% adoption rate. Subsequently, firms exhibit a preference for big data analytics
(15%), robotics (9%), artificial intelligence (8%), and blockchain (3%) technologies, respec-
tively. Blockchain technology ranks last among advanced digital technologies primarily due
to its relative novelty and the limited information available regarding its application areas.

5 Conclusion

Advanced digital technologies, stemming from advancements in computer technologies
and information systems, lead to the evolution of the digitalization process. In this process,
the significance of technology gaps and catch-up models becomes increasingly pronounced.
The immediate integration of digital technologies is crucial for harnessing their opportuni-
ties. Despite this importance, some firms choose not to adopt advanced digital technologies,
while others do. Why does this discrepancy exist? Understanding the answer to this ques-
tion can serve as a guiding principle for policymakers and aid in determining the necessary
policies to foster digital transformation.

Our multivariate probit analyses indicate that conducting a comprehensive examina-
tion of all advanced digital technologies together can yield more accurate and insightful
results than independent analyses of each technology. This integrated approach allows for a
deeper understanding of the interconnectedness between different technologies and integra-
tion within firms and markets.

In the analyses, cloud computing stands out as the most prominent and widely recog-
nized technology across advanced digital technologies. Conversely, artificial intelligence and
blockchain technologies are often perceived as less desirable, primarily due to their relatively
new and complex nature. To address this, it becomes imperative to highlight the application
areas and potential integration of these technologies into different fields. Artificial intelli-
gence and blockchain should lead digital transformation roadmaps, focusing on elucidating
their practical applications and benefits. Moreover, robotics emerges as another technology
with lower adoption rates, likely due to the significant investment costs associated with
implementation. To incentivize the adoption of robotics, subsidies and financial support
mechanisms can be essential in facilitating the transition towards robotic technologies.

Determining the main factors of the transition to advanced digital technologies is neces-
sary to understand the nature of advanced digital technologies and facilitate their widespread
adoption. The drivers of advanced digital technologies share similarities with the determi-
nants of other new technologies, indicating that the adoption of advanced digital technologies
can be assessed within the framework of diffusion theories. By applying these theories, re-
searchers and policymakers can gain a deeper understanding of the factors that drive or
inhibit adoption, thereby informing strategies to accelerate the diffusion process and maxi-
mize the benefits of these technologies for individuals, organizations, and society.

The main drivers of advanced digital technologies are firm characteristics, such as being
an innovative, i.e., knowledge-based firm and having access to global markets. On the other
hand, location is a critical factor in both cloud computing and big data analytics.

Comparatively small, non-exporting, and non-innovative firms, generally defined by their
weak competitive advantage, are followers of advanced digital technologies. Moreover, op-
portunities that emerge from these technologies deepen the disparity among firms. Conse-
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quently, these technologies exacerbate technological gaps and competitive advantages across
firms. Thus, firms with these characteristics should be prioritized in subsidy policies to
achieve the EU Digital Single Market target. Additionally, the issue of deep technological
gaps that result from lag in digital technologies must be considered for countries that are fol-
lowers and have constrained financial resources. To bridge these technological gaps and seize
the opportunities presented by advanced digital technologies, follower countries can learn
from existing findings and take proactive steps to accelerate their digital transformation.

Besides the firm characteristics, the network structure of the market in which the firm
operates is another driver of adopting advanced digital technologies. Advancements in mar-
ket collaboration structures and ecosystems can catalyze digital transformation, contrasting
with the competitive approach. Namely, the market structure has evolved into a more
conducive outlook for knowledge-based economies through digital transformation. Subsi-
dizing the new ecosystem, particularly collaboration patterns with appropriate policies, can
facilitate access to the opportunities provided by advanced digital technologies.

The availability of data limits this study. The survey does not list application areas or
implementation procedures of advanced digital technologies. This information can shape the
determinants of adopting advanced digital technologies. Future research endeavors that ac-
cess more comprehensive datasets could benefit from considering the application properties
of advanced digital technologies. By addressing these limitations and conducting more nu-
anced analyses considering the diverse application contexts of advanced digital technologies,
researchers can provide valuable insights into the drivers of adoption, ultimately informing
more effective strategies for promoting digital transformation.
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