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Abstract 
Digital transformation (DT) is considered the next 

major application of information technologies in 

society and economy. Many experts believe that DT is 

a key driver to promote international trade. On the 

other hands, factors like GDP or trade may impact the 

DT development. In this research, we investigate the 

relationship between international trade network and 

DT development of a country through the lens of a 

longitudinal study. Annual trade network of the 27 EU 

states from 2017 to 2022 was constructed from import 

data. The digital economy and society index (EuroStat) 

was used to surrogate the DT development. Stochastic 

actor oriented model was used to study the coevolution 

of trade network and DT development. It is found that 

trade reciprocity and transitivity existed among EU 

states, higher DT development tended to shrink import 

partners pool, and countries tended to import from 

other states with a similar DT or GDP level. 

 

Keywords: Digital transformation, international trade 

network, social selection, social influence. 

1. Introduction  

The United Nations Sustainable Development 

Goals (SDG) were adopted by the United Nations 

(UN) in 2015 as a global consensus aimed at 

addressing various global challenges and promoting 

sustainable economic, social, and environmental 

development.  

Digital transformation (DT) refers to a company's 

use of information and communication technology 

(ICT), including big data analytics, the Internet of 

Things, artificial intelligence and blockchain to 

transform its business operations to sustain a 

continuous growth objective. This holistic process 

starts with digitization and moves to digitalization and 

ultimately to a comprehensive transformation of the 

entire company (Verhoef et al., 2021). DT is a 

continuous and ongoing process. Successful DT can 

create better value for customers, enhance customer 

intimacy, and utilize resources more effectively, 

resulting in sustainable organizational growth. 

DT not only improves business performance and 

value provision in the transformation process, but also 

helps to achieve UN SDG (Guandalini , 2022; Alojail 

& Khan, 2023). Though many DT studies use 

enterprises or industries as research subjects (Soto-

Acosta, 2020; Jones et al., 2021), a growing number of 

scholars believe it should be explored from a higher 

level of subjects (Tana et al., 2023).  

Compared to enterprises level, relatively fewer DT 

studies are found at the country level. Esses et al. 

(2021) used correlation to study relationships between 

DT and SDG of the central European countries. 

Zaharia & Balacescu (2020) used clustering to partition 

EU countries into different DT development groups. 

Ciuriak and Ptashkina (2018) is a theoretical discussion 

of DT and international trade transformation, while Zu 

et al. (2022) is about trade imbalance between USA 

and China due to DT.  

Empirical studies about DT and international trade 

are even scarcer to find. To understand how 

international trade interacts with DT development, this 

study takes countries as the research subjects and 

explores relationships between DT development and 

international trade networks. 

Cross-sectional analyses can only explain 

phenomena at a specific time point. Longitudinal 

analyses provide temporal factors of phenomenon 

changes that cross-sectional analyses cannot explain. If 

data permit, longitudinal studies yielding more insights 

should be considered. 

With multi-year longitudinal data from EuroStat, 

we intend to investigate the coevolution of DT 

development and international trade network at the 

country level. Stochastic actor oriented model (SAOM) 

is a social network tool to model coevolution of 

network and behavior. It may help us understand how 

DT (behavior) and trade network affect each other over 

time, and discover interesting mechanisms such as 

social selection (DT homophily over network) and 

social influence (DT peer effect through network). 

Using SAOM in the study is justified for our goal of a 
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longitudinal analysis of DT development and 

international trade network. It is a powerful tool to 

study behavior and network of social members, and is 

first used here to analyze relationships between DT 

development and international trade network. 

2. Literature review 

2.1. Digital transformation 

DT is not only a powerful tool for businesses to 

undergo profound changes and ensure sustainable 

growth but also a crucial means of achieving the UN 

SDG. Many economically developed countries have 

mature DT development due to their abundant 

economic resources, human capital and knowledge 

quality. Whether DT developments are influenced by 

peer effects of other countries is an important research 

subject. 

Verhoef et al. (2021) defined DT as the use of 

digital technology to develop new digital business 

models and create more value for enterprises. The 

driving forces behind DT include digital technology 

innovation, digital competition, and digitized customer 

behavior. Strategies supporting DT include the use of 

digital resources, organizational restructuring, growth 

strategies, and evaluation indicators. DT evolves 

through three stages: digitization, digitalization, and 

digital transformation. Digitization converts analog 

information into digital formats, digitalization uses 

digital technology to change existing processes, and 

digital transformation is a comprehensive reform, 

involving the development of new business models.  

Many people believe that DT primarily targets the 

manufacturing industry, but this is not entirely 

accurate. Professional service firms such as accounting 

offices can also undergo DT by using technologies 

from artificial intelligence and robotic process 

automation. However, with the development of 

Industry 4.0, machine learning, the Internet of Things, 

and 5G technologies, the manufacturing industry 

indeed serves as a significant indicator market for DT.  

The strategic aspect of DT is more important than 

the technical aspect, and DT has become a research 

focus in the field of strategic information systems. 

Tabrizi et al. (2019) showed that 70% of DT strategic 

projects did not achieve their expected goals. Out of 

the $1.3 trillion invested in DT in 2018, nearly $900 

billion was wasted.  

Given the importance of DT, the Journal of the 

Association for Information Systems published a 

special issue on DT in 2023 (Rowe & Markus, 2023), 

featuring four papers related to new theories of DT. 

Among them, Tana et al. (2023) view DT as a 

collective social action, extending the focus of research 

from individual business units to a group of social 

actors, their actions, and impacts. They classified DT 

into four types of collective social actions, and argue 

that DT should be a meaningful collective action 

undertaken by a group of actors through shared goals. 

2.2. Digital economy and society index 

Since 2014, the European Union (EU) has been 

using the Digital Economy and Society Index (DESI) 

to assess the digital progress of its member states in 

social and economic development. DESI includes five 

major dimensions: connectivity, human capital, 

internet usage, e-commerce, and digital public services. 

Each dimension comprises multiple indicators, and a 

weighted average is used to calculate the overall score 

from all dimensions. DESI covers themes from 

technology to economy and society. 

Esses et al. (2021) used DESI to investigate the 

progress of the Visegrád Group (V4) countries (Czech 

Republic, Hungary, Poland, Slovakia) in achieving the 

UN SDG. They found a strong correlation between 

DESI and SDG after analyzing data and charts from 

2015 to 2020. Their findings suggest that high DESI 

scores are generally associated with high progress 

towards SDG, providing further evidence that DT can 

facilitate the achievement of SDG. Zaharia & 

Balacescu (2020), using clustering methods and 

component indicators of DESI, categorized the DT 

level of EU countries and found that there were digital 

disparities among EU countries. 

While there is an increasing amount of research 

that transcends DT studies from enterprises to 

countries, research regarding DT and international 

relations remains scarce. Broz et al. (2020) focused on 

countries in the Western Balkans and showed that 

regional economic cooperation increased over time and 

digital convergence accelerated. Trade is a type of 

international relation, but it is difficult to find studies 

on DT and international trade. Ciuriak and Ptashkina 

(2018) suggested a classification of modes in which 

trade is conducted as DT becomes mature without 

empirical data. Zu et al. (2022) explained that the trade 

imbalance between USA and China may be attributed 

to USA DT status in manufacturing. 

There is a research gap about DT and international 

trade, particularly on the issue of empirical studies 

involving regional countries. This study tries to fill the 

gap by using data from international organizations, and 

hopes the result may offer insights for policy makers. 

2.3. Stochastic Actor-Oriented Model 

SAOM is a statistical model used to analyze the 

dynamic evolution of social networks and behavioral 
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data (Snijders et al., 2017). Since its introduction, 

SAOM has been applied in various fields such as social 

science, educational research, and organizational 

behavior (Kalish, 2020). In most empirical studies, 

SAOM was applied at the individual or firm level.  

Social scientists exploring social phenomena often 

find that social influence (Friedkin, 1998) and social 

selection (Lazarsfeld & Merton, 1954) are inseparable 

activities. For instance, in a group of adolescent friends 

who smoke, it is challenging to determine whether the 

similarity in smoking behavior leads to their 

friendships (social selection) or if their friendships 

influence one another to smoke (social influence).  

Brouwer et al. (2018) analyzed learning 

communities among freshmen and found that students 

tended to select peers for their academic and support 

networks based on academic performance. At the firm 

level, Park & Larson (2022) utilized SAOM to analyze 

the transaction network formation patterns in South 

Korea's gaming software industry.  

Some scholars used SAOM at the country level. 

Kinne (2014), employing SAOM, analyzed diplomatic 

network relationships. The study discovered that a 

country is more willing to dispatch diplomatic envoys 

to countries where its allies have established 

embassies, as well as to countries where multiple 

embassies have existed. The former corresponds to the 

completion of diplomatic network transitive closure, 

while the latter represents the privileged attractiveness 

of star countries. 

Chyzh (2016) examined the relationship between 

international trade and human rights. While 

participating in international trade can bring about 

better economic growth for a country, it may also 

jeopardize the interests of rulers within that country. 

The researcher used SAOM to analyze data on 

international trade and human rights abuses from 1987 

to 2000. The conclusion drawn was that regimes that 

violate human rights often engage in indirect trade 

through third parties. These third parties do not have 

human rights issues in the importing country and are 

not concerned about human rights issues in the 

exporting country. 

The above studies using SAOM to analyze 

network and behavior coevolution at individual, 

organizational or country level showed that social 

selection and social influence may happen individually 

or simultaneously. None of the above studies apply 

SAOM to investigate the coevolution of DT 

development and international trade network. 

As explained before, longitudinal studies provide 

more insights than cross-sectional studies, thus they 

should be adopted if data permit. Because raw 

international trade amounts hinder the discovery of 

homophily or peer effect of DT, they are converted to 

international trade network. SAOM is a suitable and 

powerful tool to model the coevolution of DT 

development and international trade network over time 

for a group of countries. We use SAOM to fulfill our 

goal of a longitudinal study of DT and trade network. 

3. Research method 

This study aims to explore the relationship 

between DT development and the evolution of 

international trade network at the country level. We 

will model the coevolution of behavior and network 

with SAOM (Snijders et al., 2017) controlling for a 

nation’s GDP as a covariate.  

Figure 1 shows key processes of this study. Filling 

research gaps in DT, we set up objectives of a 

longitudinal analysis of DT and international trade. 

This is followed by literature review in section 2. 

Research framework including hypotheses derivation, 

research instruments including choices of variables and 

data analysis tool are explained in section 3. In section 

4, we describe an empirical study with data collection 

and preprocessing, SAOM effects design and data 

analysis results. Finally, we conclude with implications 

and limitations of this study in section 5. 

The data preprocessing step involves (1) clustering 

of DESI scores into 4 levels representing DT 

development status; (2) find a cut-off point to convert 

raw trade amounts into binary trade network; and (3) 

normalize GDP per capita to minimize its size impact 

on model evolution.  

 
Figure 1. Research process. 

3.1. Research framework 

Let z represent the level of a country's DT 

development, which will be surrogated by DESI in this 

study. Let x represent the international trade network 

induced from import trade data. Conceptually, the 

coevolution process is modeled as a pair of equations 

as follows. 

Research Objectives Literature Review 

Research Framework Research Instruments 

Data Analysis 

Technique 

Data Collection and 

Preprocessing 

Model Design and 

Analysis 

Result Discussion and 

Conclusion 
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z = f(x, z, GDP) 

x = g(x, z, GDP) 

 

In this coevolution model, both z and x are 

endogenous variables. They influence each other and 

themselves, and are influenced by the covariate GDP. 

The difference between endogenous variables and 

covariate variables lies in the simulation process of 

SAOM. Endogenous variables participate in the 

evolution activities, that is network ties and behavioral 

values may undergo changes in many mini steps 

between two successive waves of data, while covariate 

variables do not participate in the process and their 

values are updated only at observation points. It is 

possible that GDP and DT may share endogeneity 

property. Because SAOM works primarily for one 

behavioral variable, thus we have to set one of them as 

a covariate variable. Since the objective of this study 

was to investigate DT and trade network, we chose DT 

as the behavior and GDP as the covariate. 

In the above f and g functions, apart from using 

nodal attributes like z and GDP, they can include 

network properties of x, as well as interaction effects of 

nodal attributes and network properties to describe 

social selection and social influence effects. 

The trade network x is a directed network, 

meaning country A may import products from country 

B, but not vice versa. Because bilateral trades may 

benefit both parties in the relation, we expect that 

reciprocity is important in the evolution of x.  

Transitivity is an essential property of many 

human social networks (Brouwer et al., 2018). 

Economic incentives push the international trade 

network to close the transitive triplets as well. If 

country A imports products from country B, which 

import products from country C, then it is likely that A 

imports directly from C to save intermediary costs 

unless there are political or economic hurdles.  

Silva et al. (2024), studying the effects of de-

globalization trends on international trade networks, 

found that reciprocity and transitivity are characteristic 

properties of international trade network. Thus, we 

posit the following hypotheses for the evolution of x. 

 

H1: The international trade network is reciprocal 

over time. 

H2: The international trade network is transitive 

over time. 

 

Homophily means the love of same things. It is 

observed in many human and animal societies, and is 

an important mechanism in the evolution of human or 

animal networks (Lazarsfeld & Merton, 1954).  

There is scarce research on homophily effects of 

international trade. Zhou (2011) studied geo-cultural 

homophily in global trade, while Jun & Mizuno (2022) 

investigated ethnic homophily. No ICT or DT 

homophily effect has been proposed for the trade 

network. However, we feel that DT like geography, 

politics, culture or ethnicity, may pose a homophily 

effect on trade network, thus we hypothesize that, 

 

H3: Countries tend to import products from 

countries with a similar DT level. 

H4: Countries tend to import products from 

countries with a similar GDP level. 

 

Niebel (2018) showed that GDP growth and ICT 

capitals were positively related. Because ICT spending 

is a key ingredient in DESI, we expect that GDP has a 

direct impact on z. 

 

H5: The GDP per capita has a direct impact on the 

evolution of DT. 

 

Social influence represents peer effects in a social 

network. For example, if a person’s friends have a 

special behavior like smoking, the person is likely 

influenced by friends to have the same behavior of 

smoking (Friedkin, 1998). Doong & Ho (2012) showed 

the peer effect of a geographical network on ICT 

development. We expect a similar peer effect of 

international trade network on DT. 

 

H6: A country’s DT development is likely to be 

shaped by its trade partners. 

 

Overall, we expect the trade network to evolve 

with the familiar properties such as reciprocity (H1) 

and transitivity (H2).  The network interacts with DT 

via social selection (H3) and social influence (H6). 

3.2. Research instruments 

Collecting longitudinal data for research is not an 

easy job. In particular, we need to collect years of 

bilateral trade data and DT status of several countries 

in our study. Eventually, we found that the EU body is 

the most appropriate target for our research. EU has 27 

member states, and made a substantial effort to gather 

economic and societal data to represent its members’ 

social and economic status. 

For the DT of a country, we decided to use the 

DESI data published annularly by EuroStat1. The DESI 

score for each country is a number between 0 and 100 

with a higher score indicating a higher development 

status. This DESI score includes components from ICT 

                                                 
1 https://ec.europa.eu/eurostat 
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to economy and society. Annual data from 2017 to 

2022 are collected. 

We adopted Trade Map’s annual import data to 

construct the international trade network. Our trade 

network is a directed network involving bilateral trades 

between countries. This actually requires detailed data 

collection from the data bank. Considering the 27 

states in the EU body and the directed nature of the 

network, we need to collect 702 import data annually. 

Fortunately, the Trade Map 2  website allows us to 

download all these data without restrictions. For each 

year from 2017 to 2022, we obtained the annual import 

amounts from the website. The covariate variable GDP 

was also downloaded from EuroStat. 

3.3. Data analysis tool 

RSiena (Simulation Investigation of Empirical 

Network Analysis) is an R-based software package 

developed by Snijder’s group (Ripley et al., 2023) for 

modeling SAOM. RSiena simulates changes of 

network and behavior data between waves in mini 

steps. First, before changing the network or behavior in 

a mini step, a node must obtain a change token based 

on rate functions as follows: 

 

𝜆𝑖,𝑚
[𝑋] (𝑥, 𝑧) = 𝜌𝑚

[𝑋]
exp(∑ 𝛼𝑘

[𝑋]
𝑎𝑖𝑘

[𝑋](𝑥, 𝑧)𝑘 )        (1) 

 

𝜆𝑖,𝑚
[𝑍] (𝑥, 𝑧) = 𝜌𝑚

[𝑍]
exp (∑ 𝛼𝑘

[𝑍]
𝑎𝑖𝑘

[𝑍](𝑥, 𝑧)𝑘 )        (2) 

 
Equation (1) or (2) is used to choose the network 

[X] or behavior [Z] changing node i probabilistically 

between the mth and (m+1)th wave. In these equations, 

𝑎𝑖𝑘
[𝑋](𝑥, 𝑧)  and 𝑎𝑖𝑘

[𝑍](𝑥, 𝑧)  are effects composed of 

network x and behavior z, whereas 𝛼𝑘
[𝑋]

 and 𝛼𝑘
[𝑍]

 are 

regression coefficients, and 𝜌𝑚
[𝑋]

 and 𝜌𝑚
[𝑍]

 are rate 

constants for the period. We follow RSiena’s 

recommendation to consider a simple rate function 

with 𝜌𝑚
[𝑋]

  and 𝜌𝑚
[𝑍]

 only (Ripley et al., 2023).  

Once a node gets a change token, it may change 

its network tie or behavior according to logits from the 

following objective functions: 

 

𝑓𝑖
[𝑋](𝑥, 𝑧) = ∑ 𝛽𝑘

[𝑋]
𝑠𝑖𝑘

[𝑋]
(𝑥, 𝑧)𝑘                  (3) 

 

𝑓𝑖
[𝑍](𝑥, 𝑧) = ∑ 𝛽𝑘

[𝑍]
𝑠𝑖𝑘

[𝑍]
(𝑥, 𝑧)𝑘                (4) 

 

𝑃(𝑥(𝑖 ↦ 𝑗)|𝑥, 𝑧) =
exp (𝑓𝑖

[𝑋]
(𝑥(𝑖⟼𝑗),𝑧))

∑ exp (𝑓𝑖
[𝑋]

(𝑥(𝑖⟼𝑘),𝑧))𝑘

        (5) 

                                                 
2 https://www.trademap.org/Index.aspx 

𝑃(𝑧(𝑖 ↕ 𝛿)|𝑥, 𝑧) =
exp (𝑓𝑖

[𝑍]
(𝑥,𝑧(𝑖↕𝛿)))

∑ exp (𝑓𝑖
[𝑍]

(𝑥,𝑧(𝑖↕𝜏)))𝜏

          (6) 

 

Objective function (3) or (4) is used by the token 

bearing node i to change the network or behavior in a 

mini step respectively. The Softmax function is given 

in equations (5) and (6), where 𝑥(𝑖 ↦ 𝑗) denotes the 

post change status of the network. In a mini step, node 

i can establish a new link to j, remove an existing link 

to j or keep the status quo between i and j. Similarly, 

𝑧(𝑖 ↕ 𝛿) indicates the changing node i can move the 

behavior z upwards or downwards by 1 level, or keep 

the status quo.  

4. An empirical study and results 

4.1. Data collection 

As this study is using countries as research 

subjects, the data sources mainly consist of secondary 

macroeconomic data. The EU body currently 

comprises 27 member states, with the exception of 

Bulgaria, Croatia, Cyprus, Malta and Romania, all 

others are members of the Organization for Economic 

Co-operation and Development (OECD). Given the 

comprehensive data collected by the EU for its 

member states, we conducted an empirical study based 

on the EU states.  

4.2. Data preprocessing 

SAOM requires the behavioral data to be ordinal 

with not too many levels and the network data to be 

binary. The DESI is a continuous score from 0 to 100, 

and needs to be converted to ordinal data. Considering 

that international organizations often divide economic 

or social development index into four levels from high 

to upper middle, lower middle and low level, we used 

K-means clustering to convert DESI scores into four 

levels. This clustering was done for each year resulting 

in the distribution of DT levels in Table 1. Regarding 

the covariate variable GDP, it was retained in the 

original numeric format. To counter economy size 

variation of EU states, GDP per capita was used. 

Furthermore, we divided GDP per capita by the overall 

maximum of GDP per capita of the studied period. 

 
Table 1. Distributions of DT level (1: low, 4: high). 

Level 2017 2018 2019 2020 2021 2022 

1 4 4 3 3 4 4 

2 6 8 6 7 13 9 

3 8 10 9 8 6 9 

4 9 5 9 9 4 5 

Page 4588



To convert bilateral trade amounts into network 

relations meeting SAOM's requirements, we need to 

dichotomize the raw data. Unlike DESI scores, the raw 

import data is highly skewed. If clustering was used 

like the DESI scores, only very few relations will 

survive. Thus, we decided to use a threshold to cut off 

the raw trade data into existent (xij=1) and non-existent 

(xij=0) network ties.  

It is found that the 3rd quartile number of trade 

amounts from all years is a good point to cut off the 

data. SAOM is suitable for networks that are “sparse 

but not too sparse with average degrees not too 

different from wave to wave and between 2 and 15 for 

all waves” (Ripley et al., 2023). To make the SAOM 

analysis more efficient, the Jaccard index for network 

ties between successive waves should preferably be 

greater than 0.3 (Snijders et al., 2010). A Jaccard index 

measures the stability of network ties between two 

waves. The selected threshold created moderate 

network densities and relatively large Jaccard indices. 

All Jaccard indices in our dataset exceeded 0.8 and 

average degrees were between 5 and 8 as in Table 2.  

 
Table 2. Trade network ties distributions. 

 2017 2018 2019 2020 2021 2022 

Density 0.221 0.239 0.241 0.234 0.275 0.291 

Avg degree 5.741 6.222 6.259 6.074 7.148 7.556 

N of ties 155 168 169 164 193 204 

Missing 0 0 0 0 0 0 

4.3. Model effects design 

In order to validate the research hypotheses, we 

considered the following effects in SAOM. RSiena 

automatically include the density and the reciprocity 

effects for the network evolution, and linear and 

quadratic shape effects for the behavior evolution. 

Bellows are effects for the network objective function. 

 

Density effect: 𝑠𝑖
[𝑋](𝑥, 𝑧) = ∑ 𝑥𝑖𝑗𝑗    

Reciprocity effect: 𝑠𝑖
[𝑋](𝑥, 𝑧) = ∑ 𝑥𝑖𝑗𝑥𝑗𝑖𝑗         (H1) 

Transitivity effect: 𝑠𝑖
[𝑋](𝑥, 𝑧) = 𝑥𝑖𝑗 ∑ 𝑥𝑖ℎ𝑥ℎ𝑗ℎ  (H2) 

simX effect: 𝑠𝑖
[𝑋](𝑥, 𝑔) = ∑ 𝑥𝑖𝑗𝑗 (𝑠𝑖𝑚𝑖𝑗(𝑔) −

𝑠𝑖𝑚(𝑔))                                              (H3, H4) 

 

where g is the behavior z or covariate GDP, and 

𝑠𝑖𝑚𝑖𝑗(𝑔)  is a similarity degree between node i and 

node j with respect to g. The similarity degree is 1 

when two nodes have the same value of g, and 0 when 

they have the maximum difference of g. We center the 

actual similarity degree by subtracting the mean 

𝑠𝑖𝑚(𝑔) from it. We used the following effects for the 

behavior objective function. 

 

Linear shape effect: 𝑠𝑖
[𝑍](𝑥, 𝑧) = 𝑧𝑖    

Quadratic shape effect: 𝑠𝑖
[𝑍](𝑥, 𝑧) = 𝑧𝑖

2   

Main effect: 𝑠𝑖
[𝑍](𝑥, 𝑧) = 𝑧𝑖 ∗ GDP                   (H5) 

avSim effect: 𝑠𝑖
[𝑍](𝑥, 𝑧) = ∑ 𝑥𝑖𝑗𝑗 (𝑠𝑖𝑚𝑖𝑗(𝑧) −

𝑠𝑖𝑚(𝑧))/ ∑ 𝑥𝑖𝑗𝑗                                           (H6) 

 

Notice that simX effect is very similar to avSim 

effect when z is used in simX. But, they explain very 

different features. The network effect simX allows 

network ties to change when z is fixed. If its coefficient 

is positive and significant in the coevolution process, 

then node i is likely to choose j with similar z as 

partners. Thus, social selection in the form of 

homophily happens. On the other hand, the behavioral 

effect avSim assumes network ties are fixed and z is 

allowed to change. Thus, if its coefficient is positive 

and significant in the coevolution process, then node i 

is likely to adjust its behavior to follow its partners’ 

behavior. In other words, social influence has been 

observed as peer effect. For network evolution, in 

addition to the simX effect, we also consider the 

following two interaction effects (egoX and altX) 

between network and behavior or covariate. 

 

egoX effect: 𝑠𝑖
[𝑋](𝑥, 𝑔) = 𝑔𝑖 ∗ ∑ 𝑥𝑖𝑗𝑗  

altX effect: 𝑠𝑖
[𝑋](𝑥, 𝑔) = 𝑔𝑖 ∗ ∑ 𝑥𝑗𝑖𝑗  

 

When egoX is positive and significant, we see 

that a larger g value tends to increase the out-degree of 

the focal node. On the other hand, if altX is significant 

and positive, the focal node with a larger g value tends 

to be selected more by other nodes of the network. 

4.4. Results from RSiena simulation 

With the above data and model effects, RSiena 

was instructed to run the method of moment (MoM) 

simulation with 3000 iterations in phase 3. The 

simulation converged according to all indicators stated 

in RSiena, i.e. the overall maximum convergence ratio 

less than 0.25 and t-ration of each effect less than 0.1 

in absolute value. In addition, the goodness of fit test 

was conducted to examine the modeling adequacy of 

the resultant model. It was confirmed that both the in-

degree distribution and out-degree distribution had 

been properly represented in the model (p > 0.05). 

The significance level of each effect was 

calculated by using the estimated value, standard error 

and a standard normal distribution table. If absolute 

value of the estimate divided by the standard error is 
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greater than 1.645, then p < 0.1, greater than 1.96, then 

p < 0.05 and greater than 2.58, then p < 0.01. Results 

for this simulation are listed in Table 3. 

 
Table 3. Simulation results for coevolution model.  

Network dynamics Estimate 
Standard 

error 
t-ratio 

Rate (period 1) *** 0.7254 0.2121 0.0017 

Rate (period 2) *** 0.4120 0.1406 0.0221 

Rate (period 3) *** 0.6243 0.1824 -0.0485 

Rate (period 4) *** 1.5487 0.2982 0.0834 

Rate (period 5) *** 0.8410 0.2216 0.0430 

Density*** -3.7364 0.4716 0.0151 

Reciprocity*** 3.1102 0.5163 0.0192 

Transitivity*** 0.5632 0.1039 0.0177 

DT alter -0.1597 0.2735 0.0082 

DT ego** -0.9747 0.4061 0.0428 

DT similarity** 1.8631 0.8428 0.0828 

GDP alter 1.3573 1.3290 0.0228 

GDP ego 2.1850 1.9045 0.0253 

GDP similarity* 2.2468 1.3465 0.0218 

Behavior dynamics    

Rate (period 1)** 0.4879 0.2218 -0.0066 

Rate (period 2)** 0.6764 0.2848 -0.0331 

Rate (period 3) 0.0724 0.0746 -0.0102 

Rate (period 4)** 1.5941 0.6816 -0.0159 

Rate (period 5)** 0.4061 0.2043 -0.0135 

Linear shape -0.0858 0.2696 0.0006 

Quadratic shape -0.1775 0.3424 -0.0491 

Average similarity 4.9051 3.6198 0.0262 

Effect from GDP** 6.3884 2.8147 -0.0166 

*: p < 0.1, **: p < 0.05, ***: p < 0.01 

 

This table shows that there are 0.7254 network 

tie changes and 0.4879 behavioral value changes in 

period 1 (from 2017 to 2018). Data for other periods 

are explained similarly. Popular network structural 

effects are observed as expected. For example, the 

density effect is negative and significant. This suggests 

that EU states tend to shrink their import pool over 

time, maybe due to consolidation reasons. 

The reciprocity effect has been validated, 

indicating EU states tend to reciprocate their import 

trade relation. The transitivity effect is also significant 

and positive. Thus, direct import from a partner’s 

partners prevails in the trade network. Both hypotheses 

H1 and H2 are validated. These results reaffirm 

observations from Silva et al. (2024) that international 

trade network is reciprocal and transitive. 

The DT similarity (p<0.05) and GDP similarity 

(p<0.10) are both significant and positive. Therefore, 

EU states are likely to import from partners with 

similar DT status or GDP per capita level. This shows 

that the social selection mechanism is important for the 

coevolution of international trade network and DT. 

Thus, hypotheses H3 and H4 are validated. Homophily 

effects for trade network have been studied only for 

geo-cultural attribute (Zhou, 2011) or ethnic attribute 

(Jun & Mizuno, 2022). This study provides evidence to 

support homophily effect for DT or GDP. 

Interestingly, the DT ego effect is significant and 

negative, indicating that the higher DT status a country 

has, the fewer import partners to maintain. We plot the 

DT level (1 to 4) and out-degree time series for the 27 

EU states in Figure 2. Both numbers were normalized 

to a maximum value of 1. It can be seen that Denmark, 

Finland and Sweden, all with a high DT development, 

tended to maintain a relatively small import pool. They 

did this probably because of strategic alliance with 

existing partners or other economic reasons. This 

would take another study to find out. 

Regarding the behavior evolution, we observe 

that the main effect of GDP on DT development is 

significant and positive as posited in hypothesis H5. 

Niebel (2018) observed that GDP growth and ICT 

capitals were positively related. Since ICT assumes a 

key part in DESI evaluation, we expect that GDP can 

drive DT development positively. On the other hand, 

the average similarity effect is not significant (t=1.355, 

p=0.1754), though the estimate shows a positive 

number of 4.9051. Peer effect was not observed in the 

trade network of EU states. 

4.5. Discussion 

States are autonomous political organizations. 

They make their own economic or political decisions 

based on the best interests of their citizens. This is 

especially true for states of EU which consists of 

mostly developed and democratic countries. These 

characteristics fit the assumption of “actor oriented” 

part of SAOM. It is suitable to study coevolution of 

trade network and DT among EU states using SAOM. 

Our empirical study carries practical implications. 

First, the trade network evolves reciprocally and 

transitively, thus member states should open their door 

for goods imported from other states, and consider 

direct import for trade efficiency. For a tightly knitted 

organization like EU, it is probably better for a state to 

focus its economic development based on its key 

resources and import unproduced goods from partners. 

From the interplay of DT and trade network, we 

found that states of EU tended to import from other 

states of similar DT or GDP level. This implies that a 
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state looking for import partners may focus on states of 

similar DT or GDP status. These states may share 

similar economic or societal environment with the 

sourcing state, thus provides a better solution for the 

sourcing state. 

GDP per capita denotes a state’s economic power 

in providing public services. High GDP almost always 

translates to high investment in ICT and other key parts 

of DESI score. Thus, a state should thrive to achieve a 

high GDP status to move their DT ahead. 

There are many ways to move GDP upwards, and 

DT development may be one of the key drivers. In 

other words, GDP and DT may influence each other 

making this an endogeneity issue. Because SAOM 

allows only one behavioral variable to coevolve with 

the trade network, we use DT as the behavioral 

variable and GDP as the covariate in our model. If we 

do not consider the trade network, then conventional 

simultaneous equation modeling may be used to model 

the coevolution of GDP and DT. 

5. Conclusion 

In this study, we investigated the coevolution of 

DT and international trade network. Many experts 

believe that DT is a key driver to attain the UN’s SDG, 

of which international trade is an engine for worldwide 

economic growth and poverty reduction. Thus, it is 

interesting to study how DT development and 

international trade network coevolves over time. 

5.1. Summarization of hypothesis tests 

We chose the 27 member states of EU as the 

research subjects. Annual import trade data and DESI 

scores were collected for the states from 2017 to 2022. 

DESI surrogates the DT development of a state. 

RSiena simulation results show interesting results 

about trade network evolution and DT development. A 

summarization of the hypotheses test results is shown 

in Table 4. 

 
Table 4. Test results for research hypotheses. 

H1 
The international trade network is 

reciprocal over time. 
Supported 

H2 
The international trade network is 
transitive over time. 

Supported 

H3 
Countries tend to import products from 

countries with a similar DT level 
Supported 

H4 
Countries tend to import products from 

countries with a similar GDP level 
Supported 

H5 
The GDP per capita has a direct impact on 
the evolution of DT 

Supported 

H6 
A country’s DT development is likely to 

be shaped by its trade partners 

Not 

supported 

5.2. Policy and theoretical implications 

The international trade network shows many 

features similar to friendship networks of human 

beings. For example, reciprocity and transitivity are 

observed for the network. Practical policy implications 

have been discussed in the discussion section 4.5. 

This study provides empirical evidences to the 

knowledge body of digital transformation, fulfilling 

our goal of a longitudinal analysis of DT development 

and international trade network. Previous studies on 

homophily effect of international trade network 

focused on geo-cultural or ethnic attributes. Our study 

showed that DT or GDP also had the homophily effect 

on trade network. 

More strikingly, the DT ego effect was found to be 

significant and negative. The interesting thing about 

this observation is its negative direction of the impact. 

Conventional wisdom seems to imply that states with a 

higher DT should be more efficient to cut red tapes and 

attract more import partners. The empirical result 

simply shows the situation otherwise.  

Peer effect of DT through the trade network was 

not validated, though its coefficient was positive. This 

shows that DT of an EU state was not influenced by its 

trade partners. Many networks exist among EU states, 

e.g. foreign direct investment (FDI) is another network. 

Our empirical study simply says DT peer effect was 

not delivered by the trade network, but it could be 

delivered by FDI network. Unfortunately, we did not 

have resources to get such data to validate it. 

5.3. Research limitations and future research 

This study considers only import trade data from 

EU states. Other international relation data may be 

used to construct the network as well, e.g. export trade 

data or FDI data. Different results may be observed for 

different networks. Similarly, instead of DESI, other 

indices may surrogate the DT development of a state. 

Nosratabadi et al. (2023) developed a comprehensive 

index called SOSDIT (Social sustainability of digital 

transformation) to measure the importance of SDG in 

the DT development of EU states. Using different 

surrogates for DT will also result in different results. 

Most data available from the public domain are in 

numerical format. DESI is a score from 0 to 100 and 

import trade amounts may run from hundreds of 

thousands to hundreds of millions. How to categorize 

these numbers to fit the requirements of RSiena is a 

design choice in our data analysis procedure. We 

selected a threshold value for dichotomizing the trade 

network according to recommendations from the 

RSiena manual. 
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EU is a tightly knitted organization of 27 

European states. Our empirical data consisted of EU 

states only. If we enlarge the study body to include 

states from other continents, due to cultural, economic 

or geo-political differences, results may be different.  

In the future, we would try to minimize the impact 

of the above limitations on the research by considering 

different sources of data for international networks, DT 

surrogates, data processing and even subject states.  
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Figure 2. Time series of out-degree and DESI level of EU member states. 
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