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Abstract
Information and communication technology (ICT) and economic complexity are 
two concepts that have been extensively used in the recent literature. However, stud-
ies linking these two concepts are still at a premature stage and few existing studies 
have focussed on the role of the internet in a short-term context. Indeed, ICT meas-
ures the percentage of the population with access to the internet while economic 
complexity quantifies the set of productive capabilities and know-how embedded in 
the production process. This study aims to examine for the first time the long-term 
effect of ICT (quality and quantity) on economic complexity in a large panel of 112 
countries over the period 1986–2017. The detailed analysis explores the long run 
and directional relationships using the homogeneity test, the cross-sectional depend-
ence test, stationary tests in the presence of cross-sectional dependence, the panel 
cointegration test, dynamic OLS (DOLS), fully modified OLS (FMOLS), and the 
Granger panel causality test. The study finds long-run relationships between ICT, 
economic complexity, per capita GDP, government spending, and natural resources. 
Cointegration regression shows that the quality and especially the quantity of ICT, 
economic growth, and government spending have a positive and significant effect 
on economic complexity in the long run. Similarly, the results show that natural 
resource rent significantly impedes economic complexity. Finally, the results of the 
Granger causality test confirm the existence of a bidirectional relationship between 
ICT and economic complexity.
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Introduction

Do ICTs affect a country’s ability to produce and export a wide range of sophisti-
cated products in the long run? There are at least two main reasons for this main 
question that this study tries to answer. On the one hand, the observed evolution and 
importance of ICTs in improving macroeconomic indicators. However, to predict 
and determine future economic growth, nations must diversify their economies and, 
in particular, make them more complex.

In the opinion of experts, developed countries, and particularly developing coun-
tries heavily affected by the COVID-19 pandemic, can rely on ICTs to start rebuild-
ing their economies. Indeed, all components of ICT are growing exponentially 
(Stanley et al. 2018), although the pace of growth varies from one region to another. 
Regarding these components, the internet is the most important technology with a 
rapid growth rate. For example, between 2000 and 2021, the number of people using 
the internet grew from only 361 million to over 4.9 billion (IUT 2021). In terms of 
numbers, China and Japan lead the way, with 854 and 118 million people using the 
internet in 2021 respectively (see Fig.  2).

This ever-growing evolution of ICTs has led policy makers and researchers alike 
to take a greater interest in the effects of ICTs on different aspects of socio-eco-
nomic and political life. Thus, it has been demonstrated in the literature, although 
not exhaustive, that ICTs have positive effects, on employment (Mbongo and de 
Berquin 2019; Kılıçaslan and Töngür, 2019), trade (Abeliansky et al. 2021); indus-
trialisation (Njangang and Nounamo 2020); environment quality (Avom et al. 2020; 
Asongu et al. 2018; Higón et al. 2017); corruption reduction (Sassi and Ali 2017; 
Kanyam et al. 2017); democracy (Ali 2020); health outcomes (Dutta et  al. 2019); 
education (Asongu et al. 2021); poverty reduction (Ofori et al. 2021); income ine-
quality reduction (Asongu and Odhiambo 2019), and most importantly economic 
growth (Sawng et  al. 2021; Appiah-Otoo and Song 2021; Hong 2017; Ofori and 
Asongu 2021; Ofori et al. 2022). Despite this dynamic and extensive literature, very 
few studies have looked at the effect of ICT on economic complexity. Thus, this 
study endeavours to enrich the literature by answering the following question: what 
is the effect of ICT on economic complexity?

Since the work of Hidalgo and Hausmann (2009), the explanation of the wealth 
differential between rich and poor countries has reached a new level. For these 
authors, economic complexity refers to the capacity of countries to produce sophis-
ticated products. In other words, the economic complexity index (ECI) measures 
a country’s ability to produce and export a wide range of products competitively 
(high diversity) that only a few countries on average are able to produce and export 
competitively (low ubiquity). This capacity depends on the amount of productive 
knowledge and capacities that firms accumulate by learning through action and 
use. Thus, a country’s ability to diversify its basket of goods at the expense of other 
countries explains why some countries are poor and others are rich (Hartmann et al. 
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2017; Hausmann and Hidalgo, 2011). The observation of Fig.  1 tends to confirm 
this conclusion. We can see that the countries with the least sophisticated economies 
are mostly developing countries and especially low-income countries (that is poor 
countries).

To date, numerous studies have examined the determinants of a country’s eco-
nomic sophistication, highlighting factors such as human capital, foreign direct 
investment, innovation, financial development, remittances, birthplace diversity, 
intellectual property, intelligence, institutional quality, financial openness, foreign 
aid, colonisation, individualism, IMF programmes or conditionality and gender 
equality (Sweet and Maggio 2015; Coccia 2017, 2020, 2021; Valette 2018; Lapa-
tinas and Litina 2019; Chu 2020; Kannen 2020; Bahar et  al. 2020; Nguyen et  al. 
2020; Saadi 2020; Njangang et  al. 2021; Keneck-Massil and Nvuh-Njoya 2021; 
Nguyen 2021; Kamguia et al. 2022; Vu 2022; Demir 2022; Maurya and Sahu 2022). 
However, studies examining the role of ICTs are very limited in number.

The study by Lapatinas (2019) is probably one of the first to analyse the direct 
effect of ICT on economic complexity. Based on a panel of 100 countries, the author 
shows that the internet is positively related to economic sophistication. One year 
later, Gnangnon (2020) analyses the effect of the internet, this time on the diver-
sification of services exports. The author shows that better access to the internet, 
through its positive effects on the level of innovation, merchandise exports, and for-
eign direct investment (FDI) inflows, improve the diversification of service exports. 
We have to wait for the study of Atasoy (2021) to review a study that analyses, 
among other things, the role of the internet in economic complexity. He finds that 
exports become more sophisticated as digitalisation progresses. Recently, Ha (2022) 
empirically shows that the digitalisation of the business sector positively influences 
economic complexity.

Fig. 1   Rank in the Economic Complexity Index, 2016. Source: MIT Observatory of Economic Complex-
ity (OEC) (2016)
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This study differs from previous studies and contributes to this emerging lit-
erature by making at least three novel contributions to knowledge. First, previous 
studies directly related to this study, namely Lapatinas (2019) and Atasoy (2021), 
analyse the average effects of ICT measured for the internet on economic complex-
ity. This study goes beyond an average effect by examining for the first time the 
long-term effect of ICT on economic complexity. Second, this study, unlike previ-
ous ones, uses two new indicators of ICT, namely ICT quality and quantity. In the 
literature on ICT-economic complexity, the internet is the most widely used measure 
of ICT, certainly because of its availability to a large number of countries. However, 
it should be noted that having access to the internet does not guarantee its qual-
ity, especially in terms of connection speed in many developing countries. Abeli-
ansky and Hilbert (2017) already pointed out that the problem of the internet does 
not arise in developed countries in the same way as it does in developing countries. 
For these authors, developing countries are at a disadvantage because they are far 
from the technological frontier of communication in terms of data speed. There-
fore, for developing countries, the quality of data speed is most important, whereas 
for developed nations, the number of subscriptions matters more. To take this into 
account, we use the measures of ICT quality and quantity recently proposed by Hil-
bert (2019) in this study. Third, to address the problems of cross-sectional depend-
ence, heterogeneity of slope and the endogeneity issue, this paper employs the CIPS 
and CADF unit root tests, the Westerlund panel cointegration test, the fully modified 
OLS, dynamic OLS estimators, and the Granger panel causality test to analyse the 
long-run effect of ICT on economic complexity.

To sum up, this study provides robust evidence suggesting that both the qual-
ity and quantity of ICT improve the amount of productive knowledge embedded in 
each country’s productive structure. This result remains robust to many alternative 
specifications. The rest of the paper is organized as follows: Sect.   2 presents the 
theoretical background explaining how ICT affects economic complexity. Section 3 
describes the data and methodology used. Section  4 presents and discusses the 
empirical results along with some robustness tests. Finally, Sect.   5 concludes the 
paper with some useful policy implications and avenues for future research.

Theoretical framework

Foreign direct investment channel

There are good reasons to believe that ICT development provides an attractive envi-
ronment for the inflow of foreign direct investments (Gholami et al. 2006; Latif et al. 
2018). A plausible explanation behind this hypothesis can be found in the works of 
Hitt (1999), who posits that the development of ICTs reduces the cost of informa-
tion and thus facilitates communication between a company and its branches abroad, 
improves marketing information and increases the efficiency of industrial produc-
tion. All these, at least to a certain extent, provide a favourable environment for the 
inflow of foreign direct investment (Gholami et al. 2006). More importantly, Coccia 
(2020) argues that technology generates industrial and corporate changes. On the 
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other hand, the literature on the effects of foreign direct investment on economic 
complexity seems to show a consensus that FDI improves economic complexity 
(Antonietti et al. 2015; Antonietti and Franco 2021). This can be achieved through 
several mechanisms, such as the direct transfer of tacit knowledge, know-how, and 
efficiency through the transfer of skilled personnel from the sea-based firm to the 
branches in the host countries (Antonietti and Franco 2021). Another effect is the 
collaboration and imitation of foreign firms, which produce more technology- and 
knowledge-intensive goods and services than local firms (Aitken and Harrison 
1999). Finally, foreign companies create an environment conducive to competition 
that stimulates innovation, a key determinant of economic complexity. Thus, we 
postulate that ICT improves economic complexity through FDI attraction.

Human capital channel

It is generally agreed in the economic literature that ICTs development improves 
human capital accumulation and particularly educational outcomes and school 
attendance (Livingstone 2012; Fernández-Gutiérrez et al. 2020). A plausible expla-
nation to justify this claim is that ICTs development facilitates the dissemination of 
and access to knowledge through online libraries, computers, etc. All these at least 
partially screw up human capital by making knowledge widely available and at a 
lower cost. In addition, ICT makes the world a global village by creating a bridge 
form of knowledge and literacy, and they intersect places of learning-home, school, 
work and community. More importantly, recent literature highlights human capital 
as an important determinant of economic complexity (Zhu and Fu 2013; Lapatinas 
2019). Improving human capital and particularly educational outcome and attend-
ance is an important predictor of economic complexity for at least two reasons. 
Firstly, human capital accumulation enhances endogenous knowledge creation 
which favours economic complexity (Fu and Gong 2011). Secondly, countries with 
a high level of human capital have the ability to quickly and better understand the 
skills needed to produce complex goods (Zhu and Li 2017). Therefore, we can con-
clude that ICT by improving the quality of human capital creates a favourable condi-
tion for economic complexity.

Institution quality channel

There exists some evidence to support that the development of ICTs improves the 
quality of institutions particularly by reducing corruption and improving democracy 
(Balkin 2017; Bhattacherjee and Shrivastava 2018; Ali 2020). This result is sup-
ported by the virtue of ICTs which have the ability to monitor, track, record, ana-
lyse, and share vast amounts of information and thus help countries identify and 
prosecute criminals, and deter future corruption. Moreover, ICTs can improve the 
quality of institutions by automating governmental procedures and processes, reduc-
ing the involvement of officials and bureaucracy and thus corruption too. Further-
more, ICT development also contributes to making it easier to report administrative 
abuses, corruption and register complaints, which can improve “people power” and 
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the impact of individual actions. On the other hand, the idea that the quality of insti-
tutions is important for economic prosperity is not new (North 1990). The literature 
on the institutional quality-economic complexity nexus though limited in number 
unravels a strong and robust positive and statistically significant effect suggesting 
that the quality of institutions improves the level of economic complexity (Vu 2022). 
For example, Vu (2022) argues that better institutions provide a good environ-
ment for innovative and entrepreneurial activities, property rights protections, and 
enforced laws and regulations (Licht and Siegel 2006). All these at least to a certain 
extent are prerequisites for the production of complex goods. Thus, by improving 
the quality of institutions, ICT positively affects economic complexity.

Study design

Sample and measures of variables

This paper investigates the effect of ICT quality and quantity on the economic 
complexity index (ECI) using a large sample of 1121 countries over the period 
1986–2017. The countries selected and the study period is chosen according to the 
availability and reliability of data.

•	 Dependent variable: Economic complexity index (ECI)

The dependent variable of this study is economic complexity, measured by the 
economic complexity index (ECI), collected from the Observatory of Economic 
Complexity.2 Economic complexity measures the capability of a country to produce 
and export complex (sophisticated) and knowledge-based products (Coccia 2021; 
Wang et  al. 2022; Ajide 2022; Gnangnon 2022). Making a sophisticated product 
requires specific tacit knowledge (rather than explicit knowledge), which involves 
specialization and innovation (Coccia 2020). The difficulty in transferring tacit 
knowledge is the constraint that nations face in the accumulation of productive 
capabilities. Capabilities can be seen here as any factor of production that contrib-
utes to the production and export of any good or service. The economic complex-
ity index is built on international data that connects countries to what they export. 
Hausmann and Hidalgo (2011) assume that the productivity knowledge of a country 
is reflected by the diversity and ubiquity of the products that it makes. The former 
component measures the number of products that a country can produce and export 
competitively (or with revealed comparative advantage) while the latter measures 
the number of countries that can produce and export a product competitively (or 
with revealed comparative advantage (RCA​3)). The index is calculated using an 

1  The list of countries is presented in table A7 in the appendix.
2  This data can be freely accessed here:http://​atlas.​media.​mit.​edu.
3  Hausmann et  al. (2011), states that “a country has revealed a comparative advantage in a product if 
it exports more than its ‘fair’ share, that is, a share that is equal to the share of total world trade that the 
product represents.”.

http://atlas.media.mit.edu
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algorithm that operates on a binary country-product matrix M with elements Mcp, 
indexed by country c and product p.

The RCA is calculated using the Balassa index, given by

where xcp is the value of product p manufactured by country c. The country’s diver-
sity and product ubiquity are obtained by summing the elements across the rows and 
columns of M and are defined as follows:

Hidalgo and Hausmann (2009) use the “method of reflection” in which each 
product is weighted proportionally to its ubiquity on the market, and each country 
is weighted proportionally to the country’s diversity. They introduce the ECI as an 
eigenvector Kc on the matrix M̃cc′ associated with the second largest eigenvalue.

The economic complexity index (ECI) is then calculated according to the follow-
ing formula:

where K̃c is the average of Kc and �
(
Kc

)
 is the standard deviation of Kc.

For robustness purposes, this paper uses the economic fitness proposed by Tac-
chella et al. (2012; 2013). Economic Fitness (EF) is both a measure of a country’s 
diversification and its ability to produce complex goods on a globally competi-
tive basis. Countries with the highest levels of EF have the capability to produce 
a diverse portfolio of products, the ability to upgrade into ever-increasing complex 
goods, tend to have more predictable long-term growth, and the ability to attain a 
good competitive position relative to other countries. Countries with low EF lev-
els are more likely to suffer from poverty, low capabilities, less predictable growth, 
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low value-addition, and difficulty upgrading and diversifying at a faster rate than 
other countries. EF is calculated in a non-linear and iterative Fig. 1 way that shows 
how the basket of goods exported by different countries is linked to their industrial 
competitiveness.

•	 ICT measues

Drawing on the recent ICT literature (Njangang et  al. 2022; Abeliansky et  al. 
2021), we use the newly constructed database on the quality and quantity of ICTs 
(Hilbert 2019). ICT quality is measured by the average quality of subscription 
(bandwidth in kbps) and ICT quantity is captured by the number of subscriptions 
(see Abeliansky and Hilbert 2017, p.4 for more details on the construction of both 
ICT quality and ICT quantity). To assess Fig. 24 the robustness of our results, we 
constructed an ICT index based on the two previous measures (ICT quality and 
ICT quantity) using principal component analysis (PCA). Figures 3 and 4 depict a 
positive relationship between ICT (quality and quantity) and economic complex-
ity. However, because correlation does not mean causation, this relationship will be 
looked at empirically in the next part.

•	 Control variables

To substantiate this relationship and avoid omission variable bias, we include 
three control variables in our model. The control variables are selected according to 
the literature on the determinants of economic complexity.
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Fig. 2   Top eight countries by internet users, in millions, 2021. Source: Internet world stats

4  At: https://​www.​inter​netwo​rldst​ats.​com/​top20.​htm

https://www.internetworldstats.com/top20.htm
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The wealth and the size of the economies are accounted for in this study by gross 
domestic product (GDP), collected from the world development indicators. The eco-
nomic literature has well documented that GDP provides income for the government 
to supply public goods and the population with income to afford the cost of educa-
tion and improve institutional quality. At least to a certain extent, all these things can 
improve the level of economic complexity. We follow Lapatinas and Litina (2019), 

Fig. 3   ICT quantity and Economic complexity index

Fig. 4   ICT quality and Economic complexity index
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Chu (2020) and Gnangnon (2020) to expect a positive effect of the gross domestic 
product on economic complexity.

Government spending is considered in this study to account for the government’s 
size. The data is from the world development indicators. It is well established in 
the economic literature that large governments will impede economic complexity 
because of government inefficiency, corruption, and weak institutions, which are all 
detrimental to economic complexity (Afonso and Jalles 2016; Bajo-Rubio 2000). 
However, government spending is likely to improve economic complexity through 
external benefits and the provision of public goods such as public schools, access to 
water and sanitation, and electricity, which are fundamental inputs in the production 
of complex goods.

Total natural resource rents collected from the world development indicators are 
used in this study to account for the natural luck of countries. The resource curse, 
which describes the fact that resource-rich countries have paradoxically very poor 
macroeconomic conditions, has been extended to many sectors of the economy 
since the seminal works of Sachs and Warner (1995). No study, to the best of our 
knowledge, has extended the resource curse to economic complexity. Based on the 
detrimental effects of total natural resource rents on human capital accumulation, 
economic growth, and the quality of institutions, we have good reasons to expect 
that total natural resources will impede economic complexity. While Table  A1 in 
the appendix presents the summary statistics, Table A2 in the appendix displays the 
correlation matrix, and the definition and source of data are presented in Table A3 in 
the appendix.

Models and data analysis procedure

This paper provides an empirical investigation of the effect of ICT quality and quan-
tity on economic complexity. Therefore, as shown in Eq. (6), the relationship under 
investigation is:

where X is a set of control variables.
As scholars indicate (Shahbaz and Lean 2012), the empirical evidence obtained 

by a log–linear specification is considerably more efficient and reliable than that of a 
simple linear specification. All the variables are transformed into natural–log forms 
to avoid possible structural problems and error term distribution.

where the subscript i denotes country and t is year, �0 is the constant, �1 and �2  are 
the parameters to be estimated, and �it is a random error term. ECI stands for eco-
nomic complexity index. ICT represents ICT quality or ICT quantity, X denotes a 
series of three control variables, which are selected after a thorough investigation of 
the existing literature on the determinants of economic complexity: Per capita GDP 
(GDP), government spending (GOV), and natural resources (TNR). Equation  (7) 
can be therefore rewritten as follows:

(6)ECIit = f (ICTit,Xit)

(7)lnECIi = �0 + �1lnICTit + �2lnXit + �it
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To analyse the long-run effect of ICT (quality and quantity) on economic com-
plexity, we follow six steps analysis (see Fig.  5): in step1, the cross-sectional 
dependence tests are conducted; in step 2 we implement the slope homogeneity test; 
step 3 performs two-panel unit root tests under cross-sectional dependence; step 4 is 
devoted to the analysis of the existence of a cointegration relation between the vari-
ables; in step 5, two robust panel estimators are used to estimate the long-run param-
eters; and finally, in step 6, the causality relation is investigated.

•	 Cross-sectional dependence tests

(8)
Model I ∶ lnECIit = �0 + �1lnICTQualityit + �2lnGDPit + �3lnGOVit + �4lnTNRit + �it

(9)
Model II ∶ lnECIit = �0 + �1lnICTQuantityit + �2lnGDPit + �3lnGOVit + �4lnTNRit + �it

Start

Cross sectional
dependence and slope
homogeneity tests

Unit root test

Traditional
econometric
methods

H0 rejectedH0 not rejected

CointegratedNot Cointegrated

Termination

Stationary Non-stationary

Granger panel
causality testFMOLS

DOLS

Termination Test for long-run
relationship

Cointegration test

End

CD test; Pesaran and Yamagata test

CIPS; CADF

Westerlund Cointegration test

Steps
1&2

Step 4

Steps
5&6

Step 5 Step 6

Step 3

Fig. 5   Six-step estimating procedure
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As many scholars indicate, any panel data analysis must be preceded by a cross-
sectional dependence test (Tugcu 2018). Therefore, ignoring cross-sectional depend-
ence would likely create inconsistent estimates and lead to misleading information 
(Grossman and Krueger 1995). The most well-known cross-sectional dependence 
test is the Breuch-Pagan (1980) Lagrange Multiplier (LM) test statistic and is calcu-
lated as follows:

where  �̂ij represents the coefficient of pair-wise correlation. In The Breuch-Pagan 
LM test, the null hypothesis of no cross-sectional dependence H0 is tested against 
the alternative hypothesis of cross-sectional dependence H1.

Pesaran et  al. (2008) have proposed a standardised version of the LM statistic, 
called the Pesaran scaled LM test, which is appropriate for Large N and T and is 
calculated as follows:

•	 Slope homogeneity test

Due to the strong cross-sectional dependence, the economic development 
dynamic of countries may be similar (Shahbaz et al. 2018). We, therefore, investi-
gate the homogeneity of the slope coefficient using Pesaran and Yamagata (2008) 
slope homogeneity tests. Pesaran and Yamagata (2008) is an extension of the Swamy 
test and is given as follows:

where S̃ is the Pesaran and Yamagata slope homogeneity test statistic (i.e., adjusted 
Swamy test), �̂i represents the pooled OLS coefficient. For the case of small sam-
ples, the following Δ̃  and adjusted Δ̃ test are used:

LMBreuch−Pagan =
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i=1
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2
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•	 Panel unit root test

This study continues in this section by analysing the stationary properties using 
cross-sectional augmented Dickey-Fuller (CADF) and cross-sectional augmented 
IPS (CIPS) tests developed by Pesaran (2007). It has been shown in the literature 
that, in the presence of cross-sectional correlation, conventional panel unit root tests 
such as LLC, IPS, ADF, and PP that do not take cross-sectional dependence into 
account are subject to significant distortions (Strauss and Yigit 2003; De Silva et al. 
2009). This often leads to an excessive rejection of the null unit root hypothesis in 
favour of an inversion of the mean or trend (Cerrato and Sarantis 2002). To over-
come these limitations, in this study we use unit root tests that take into account 
cross-sectional dependence such as CADF and CIPS tests. Cross-sectional aug-
mented Dickey-Fuller (CADF) regression is expressed as follows:

where Δ is difference operator, Y is analysed variable, Yt =
1

N

∑N

i=1
Yit , 

ΔYt =
1

N

∑N

i=1
ΔYit , and uit represents the error term.

CIPS is calculated through the average individual CADF test statistic for the 
whole panel and is calculated by the following equation:

•	 Westerlund panel cointegration test

After the verification of the unit root properties of the variables, we proceed to 
the next step of the verification of the existence of a cointegration relation between 
the variables. Several cointegration methods have been used in the literature, such 
as Johannsen and Juselius (1990), Kao et al. (1999) and Pedroni (2004) cointegra-
tion tests. However, to overcome the issues of both slope heterogeneity and cross-
sectional dependence, we use in this paper the panel cointegration test proposed by 
Westerlund (2005). The Weserlund cointegration test includes four test statistics, 
namely: Gt, Ga, Pt, Pa. While Gt and Ga are the group statistics, which are inde-
pendent of the pooled information of the error-correction mechanism, Pt and Pa 
depend on the information collected from the error-correction term as well as the 
cross-sectional units. In the Westerlund cointegration test, the null hypothesis of no 
cointegrating relationship versus the null hypothesis of a cointegrating relationship 
exists for at least one cross-sectional unit for the group statistics and countries with 

Δ̃adj =
√
N

⎛
⎜⎜⎜⎝
N−1S − k�

2k(T−k−1)

T+1

⎞
⎟⎟⎟⎠
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full cross-sectional dependence for the panel tests. The criteria for calculating the 
Westerlund cointegration test are given as follows:

where t = 1,… , T  and i = 1,… ,N , dt represents the deterministic components, 
while pi and qi denote the lag and lead orders which can vary across individual 
country. In the first step, OLS is estimates for each unit i , while in the next step, for 
the two group-mean tests, the ratio of variance estimators for v̂it and Δyit are 
obtained where v̂it =

∑pi
j=−qi

�̂ijΔxi(t−j) + ûit . The two group-mean tests Gt and G� are 
given by:

where the variance ratio is �̂i(1) and SE
(
�̂i
)
 is the standard error of �̂i . For the two-

panel tests, we estimate in the second step the common error-correction parameter �̂ 

as follows: �̂ =
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Given the values of �̂ and SE
(
�̂
)
 , the two-panel test statistics are estimated as 

follows:

•	 Long run estimations: FMOLS and DOLS

In this paper, we use the FMOLS method (Phillips and Hansen 1990), and the DOLS 
method (Stock and Watson 1993) to assess the long –run effect of ICT quality and quan-
tity on economic complexity. The fundamental difference between FMOLS and DOLS 
lies in the way autocorrelation is corrected in the regression. While FMOLS uses a non-
parametric correction term to solve the problems of serial correlation and endogeneity, 
the DOLS augments the cointegrating equation with the lead and lagged differences of 
the regressors to eliminate the asymptotic endogeneity and serial correlation.

The panel FMOLS can be defined as follows:

where Δ�� stands for serial correlation correction term, and to achieve the endoge-
neity correction y+

it
 is used to represent the transformed variable of yit.
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The panel dynamic OLS (DOLS) is estimated again in other to check for the vig-
orousness of the results and is estimated as follows:

where Zit =
(
xit − xi,Δxi, t − q,… ,Δxi,t−ki,… ,Δxi,t+ki

)
  is vector of regressors and 

ŵit= wit − wi

Results and discussion

Cross‑sectional dependence, slope homogeneity, Panel unit root 
and cointegration tests

Our empirical analysis begins with the cross-sectional dependence and the slope 
homogeneity tests. The results of the Breuch-Pagan LM and Pesaran and Yama-
gata slope homogeneity tests are reported in Table A4 in the appendix. Looking 
at the Breuch-Pagan LM, the null hypothesis of no cross-sectional dependence 
is rejected at the 1% level for all the statistics in columns 1 and 2. This output 
suggests that a shock that arises in one of the sample countries may spill over 
to the other countries. Additionally, the results show that the null hypothesis of 
the slope homogeneity test still presented in columns 3 and 4 of Table A4 in the 
appendix is rejected.

Using non-stationary variables can lead to spurious regression and thus bias 
the results. Assuming that the majority of economic variables are non-station-
ary, before any econometric estimation, we test the stationarity of the variables. 
To examine whether the variables used are stationary, this paper uses two widely 
known and widely used cross-sectional tests, namely: the cross-sectional aug-
mented Dickey-Fuller (CADF) and the cross-sectional augmented Im, Pesaran, 
and Shin (CIPS). The results of the unit root tests are presented in Table A5 in 
the appendix. Both the CADF and the CIPS tests give the consistent conclu-
sion that all variables used in this study are stationary at their first difference, 
suggesting that the variables are integrated and we can therefore investigate the 
cointegration among them.

After exploring the unit root properties of all variables, the next task is the 
estimation of cointegration among variables. For this purpose, we undertake the 
Westerlund (2005) panel cointegration test. The results of the four Westerlund test 
statistics are reported in Table A6 in the appendix. The results show that the null 
hypothesis of no cointegration can be rejected by two-panel statistics. Therefore, 
we can conclude that ICT quality and quantity, Economic complexity, per capita 
income, government spending and natural resources share a long-run equilibrium 
relationship.

�̂DOLS =

K∑
i=1

(
F∑
t=1

ZitZ
�

it

)−1( F∑
t=1

Zitŵ
+
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ICT and economic complexity: Baseline results

After presenting the results of the different tests, we now present the main results 
of this study. We first employ the fully modified OLS (FMOLS) (Phillips and 
Hansen 1990), and then the dynamic OLS (DOLS) (Stocks and Watson, 1993). 
The estimated results are presented in Table 1 and Table 2 for the first and sec-
ond models, respectively. The estimation results show that coefficients associated 
with the ICT, both quality and quantity, in Tables 1 and Table 2, respectively, are 
positive and statistically significant at the 1% level, regardless of the estimation 
method used. This result suggests that improvements in ICT (both quality and 
quantity) favour economic complexity. A plausible explanation for this result is 
that ICT encourages the inflow of foreign direct investment by lowering commu-
nication costs (Latif et al. 2018), which brings with it more sophisticated produc-
tion techniques (Antonietti and Franco 2021). Moreover, ICT facilitates the diffu-
sion of knowledge through online libraries and thus improves the level of human 

Table 1   Results of Model I FMOLS and DOLS estimators

Notes: ***,**,* denotes significance level at the 1%, 5% and 10%, respectively

Variable Dependent variable: Economic com-
plexity index

FMOLS DOLS

Coefficient t-Statistic Prob Coefficient t-Statistic Prob

ICT Quality 0.016*** 5.878 0.000 0.018*** 2.896 0.004
LNGDP 0.031*** 3.675 0.000 0.059*** 5.329 0.000
LNGOV 0.013 0.718 0.473 – 0.010 – 0.474 0.636
LNTNR – 0.400*** – 29.234 0.000 – 0.453*** – 35.999 0.000
R-squared 0.916 0.907
Adjusted R-squared 0.853 0.837

Table 2   Results of Model II FMOLS and DOLS estimators

Notes: ***,**,* denotes significance level at the 1%, 5% and 10%, respectively

Dependent variable: Economic complexity index

FMOLS DOLS

Coefficient t-Statistic Prob Coefficient t-Statistic Prob

ICT quantity 0.255*** 34.755 0.000 0.076*** 49.514 0.000
LNGDP 0.004 0.358 0.720 0.271*** 98.472 0.000
LNGOV 0.151*** 12.758 0.000 0.160*** 50.184 0.000
LNTNR − 0.379*** – 26.881 0.000 – 0.915*** – 206.253 0.000
R-squared 0.930 0.695
Adjusted R-squared 0.925 0.684
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capital (Fernández-Gutiérrez et al. 2020). There is empirical evidence to support 
that well-educated people have the necessary capacity to learn and easily master 
complex production processes which then improves the level of economic com-
plexity (Zhu and Li 2017). Furthermore, ICT development improves the quality 
of institutions precisely by reducing corruption and increasing democracy (Ali 
2020), and literature establishes that strong and transparent institutions are very 
important to the sophistication process of an economy since they protect property 
rights (Vu 2022).

Regarding the control variables, they all exhibit expected signs. Indeed, the 
coefficients associated with GDP per capita are positive and statistically signifi-
cant at the 1% level, suggesting that per capita GDP increases economic complex-
ity. This result can be explained by the fact that economic growth provides the 
government with enough income to supply public services such as schools and 
individuals with enough income to afford the cost of education. This improves 
human capital accumulation, which is an important determinant of economic 
complexity. Moreover, it is widely acknowledged in the literature that economic 
growth provides the economy with enough income to afford the high cost relative 
to the implantation of high-tech industries. This result is consistent with that of 
Lapatinas and Litina (2019), Chu (2020), and Bahar et al. (2020). Moreover, we 
found that government spending has a positive and significant effect on economic 
complexity. A plausible explanation for this result is that government spending 
can favour economic complexity through beneficial externalities and the provi-
sion of public goods such as public schooling, public order, and efficient legal 
systems (Colombier 2009; Ghali 1999). Furthermore, we found that total natural 
resource rents impede economic complexity. In other words, high income from 
the sale of natural resources leads to lower levels of economic complexity. This 
result is corroborated by facts as we can see countries such as Congo, RDC, and 
Tchad that have important income from natural resources but still have the lowest 
indicators in terms of economic complexity. This has been commonly described 
in the literature as the "Dutch disease." Gylfason (2001) explains that the export 
of natural resources can lead to an appreciation of the national currency, which 
by nature renders the other sectors of the economy less competitive and thus 
reduces economic complexity.

Robustness check

In this subsection, we establish the robustness of our results following various speci-
fications. Firstly, we construct an alternative measure of ICT and, secondly, we use 
an alternative measure of economic complexity, which is economic fitness.

•	 Alternative measure of ICT

We first test the robustness of our results with the use of an alternative 
measure of ICT. We construct this alternative ICT index based on the two 
previous measures (ICT quality and ICT quantity) using principal component 
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analysis (PCA). The results of this exercise are presented in Table 3. We found 
that the coefficient associated with the new measure of ICT remains positive 
and statistically significant at a 1% significance level suggesting that this new 
indicator of ICT improves economic complexity. An increase in ICT by 10 
percent leads to an improvement in economic complexity by 1.56% and 1.13% 
when we apply the FMOLS and DOLS, respectively. The coefficients of GDP 
and government spending remain positive and statistically significant, while 
those of total natural resource rents remain negative and statistically signif-
icant as above. Our results are therefore robust to the use of an alternative 
measure of ICT.

•	 Alternative measure of ECI

In this subsection, we continue to check the robustness of our results using 
an alternative measure of economic complexity, which is economic fitness. The 
results are presented in Table 4 and Table 5, when we use ICT quality and quan-
tity, respectively. We find that the coefficients associated with the measures of 
ICT quality and quantity positively and significantly affect economic fitness at 
a 1% significance level. In other words, increases in both ICT quality and quan-
tity improve the level of economic complexity measured here by economic fit-
ness. Moreover, we find that the coefficient associated with economic growth 
and government spending remains positive and statistically significant, suggest-
ing that GDP and government spending improve the level of economic complex-
ity. However, the coefficient of total natural resource rents remains negative and 
statistically significant, meaning that natural resource rents are detrimental to 
economic complexity. This result is supported by the Dutch disease discussed 
above (see Sachs and Warner (1995) for more explanations). We can then con-
clude that our results hold up even if we use a different measure of economic 
complexity.

Table 3   FMOLS and DOLS estimates results with alternative ICT index

Notes: ***,**,* denotes significance level at the 1%, 5% and 10%, respectively

Variable Dependent variable: Economic complexity index

FMOLS DOLS

Coefficient t-Statistic Prob Coefficient t-Statistic Prob

ICT INDEX 0.156*** 59.682 0.000 0.113*** 12.000 0.000
LNGDP 0.107*** 59.475 0.000 0.067*** 8.817 0.000
LNGOV 0.108*** – 18.929 0.000 0.009 0.418 0.676
LNTNR – 0.418*** – 145.613 0.000 – 0.369*** – 23.042 0.000
R-squared 0.612 0.933
Adjusted R-squared 0.611 0.883
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Results of panel causality test

The results obtained in Tables  1 and 2 provide a view of the long-term relation-
ship between ICT (quality and quantity) and economic complexity. However, these 
results do not provide any information on the direction of the relationship between 
the different variables. To examine the causal relationship between our variables, we 
apply the pair-wise Granger causality panel tests, and the results are summarized in 
Table 6. This test reports the results for both unidirectional and bidirectional causal-
ity between variables. Our results provide empirical proof supporting the existence 
of a bidirectional causality between ICT and economic complexity in the long run 
in both models at a 1% significance level. These results mean that a change in ICT 
(both quality and quantity) leads to variations in the level of economic complexity, 
and as a result, economic complexity causes ICT (i.e., the feedback effect). In other 
words, ICT (both quality and quantity) can predict economic complexity, and eco-
nomic complexity can predict ICT (both quality and quantity) too. Moreover, there 
exists a bidirectional causality between economic complexity and economic growth 

Table 4   Results of Model I FMOLS and DOLS estimators

Notes: ***,**,* denotes significance level at the 1%, 5% and 10%, respectively

Variable Dependent variable: Economic Fitness

FMOLS DOLS

Coefficient t-Statistic Prob Coefficient t-Statistic Prob

ICT Quality 0.036*** 9,432 0.000 0.017*** 6.233 0.000
LNGDP 0.069*** 6,775 0.000 0.023** 2.318 0.021
LNGOV – 0.081*** – 3,154 0.002 0.003 0.128 0.898
LNTNR – 0.302*** – 29,955 0.000 – 0.388*** – 24.580 0.000
R-squared 0.629 0.968
Adjusted R-squared 0.629 0.904

Table 5   Results of Model II FMOLS and DOLS estimators

Notes: ***,**,* denotes significance level at the 1%, 5% and 10%, respectively

Variable Dependent variable: Economic Fitness

FMOLS DOLS

Coefficient t-Statistic Prob Coefficient t-Statistic Prob

ICT Quantity 0.061*** 11,536 0.000 0.035*** 5199 0.000
LNGDP 0.053*** 5416 0.000 0.066*** 5773 0.000
LNGOV – 0.102*** – 4027 0.000 – 0.014 – 0.558 0.577
LNTNR – 0.309*** – 30,621 0.000 – 0.284*** – 20,360 0.000
R-squared 0,647 0.977
Adjusted R-squared 0,646 0.931
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in the long run at a 1% significance level. This result suggests that changes in eco-
nomic complexity affect economic growth in the long run and vice versa. Further-
more, there is empirical evidence to support the existence of bidirectional causality 
between government spending and economic complexity at a 1% significance level. 
This result implies that changes in government spending have significant effects 
on economic complexity and the other way round. Furthermore, we fail to accept 
the hypotheses of no causality from economic complexity to total natural resource 
rents. This means that, in the long run, economic complexity can predict total natu-
ral resource rents. Moreover, there is proof of bidirectional causality between ICT 
and GDP in the long run, which demonstrates that ICT can predict GDP and GDP 
can also predict ICT in the long run. There exists a unidirectional long-run causality 
running from ICT to government spending, but there is no evidence of the inverse 
direction. The results indicate that ICT supports government spending in the long 
run. There exists empirical proof of bidirectional causality between ICT quality and 
total natural resource rents in the long run. Besides, it is noteworthy that there is 
bidirectional causality between government spending and economic growth in the 
long run. At a 1% significance level, there is also a bidirectional causality between 
total natural resource rents and economic growth. The bidirectional causality is also 
found for total natural resource and government spending at a 1% significance level, 

Table 6   Results of pair-wise Granger causality panel causality tests

Null Hypothesis: Model I: ICT Quality Model II: ICT Quantity

F-Statistic Prob F-Statistic Prob

LNICT does not Granger Cause LNECI 5.1682*** 0.0057 4.3508*** 0.0046
LNECI does not Granger Cause LNICT 58.3432*** 0.0000 13.4788*** 0.0000
LNGDP does not Granger Cause LNECI 21.9768*** 0.0000 11.6200*** 0.0000
LNECI does not Granger Cause LNGDP 14.1207*** 0.0000 8.9275*** 0.0000
LNGOV does not Granger Cause LNECI 7.0678*** 0.0009 3.37589** 0.0176
LNECI does not Granger Cause LNGOV 16.7954*** 0.0000 12.3418*** 0.0000
LNTNR does not Granger Cause LNECI 2.4242*** 0.0887 1.4260 0.2332
LNECI does not Granger Cause LNTNR 27.845*** 0.0000 15.9107*** 0.0000
LNGDP does not Granger Cause LNICT 45.3232*** 0.0000 24.7224*** 0.0000
LNICT does not Granger Cause LNGDP 6.9628*** 0.0010 9.06671*** 0.0000
LNGOV does not Granger CauseLNICT 0.3372 0.7138 1.37458 0.2486
LNICT does not Granger Cause LNGOV 5.7353*** 0.0033 3.42047** 0.0166
LNTNR does not Granger Cause LNICT 31.8394 0.0000 6.3297*** 0.0003
LNICT does not Granger Cause LNTNR 22.9985 0.0000 14.0736*** 0.0000
LNGOV does not Granger Cause LNGDP 2.45456* 0.0861 5.0183*** 0.0018
LNGDP does not Granger Cause LNGOV 7.7652*** 0.0004 4.3811*** 0.0044
LNTNR does not Granger Cause LNGDP 4.7541*** 0.0087 2.6945** 0.0445
LNGDP does not Granger Cause LNTNR 11.1812*** 0.0000 8.6169*** 0.0000
LNTNR does not Granger Cause LNGOV 14.7036*** 0.0000 40.1033*** 0.0000
LNGOV does not Granger Cause LNTNR 13.4366*** 0.0000 12.0360*** 0.0000
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suggesting that total natural resource rents can predict government consumption and 
government spending can also predict total natural resource rents in the long run.

Conclusion and policy recommendations

The lack of empirical studies that investigated the relationship between ICT (both 
quality and quantity) and economic complexity motivated this study to exam-
ine the effect of ICT on economic complexity in 112 countries over the period 
1986–2017. To address the problems of cross-sectional dependence, heterogene-
ity of slope, and the endogeneity issue, this paper employs the CIPS and CADF 
unit root tests, the Westerlund panel cointegration test, fully modified OLS, 
dynamic OLS estimators, and pair-wise Granger panel causality tests. The fol-
lowing results are established: First, the results suggest that the data is strongly 
cross-sectionally dependent across countries because of growing economic inter-
dependencies and that slope heterogeneity is confirmed. Second, the Westerlund 
panel cointegration test shows that ICT, economic complexity, per capita GDP, 
government spending, and total natural resource rents are cointegrated. Third, the 
fully modified OLS and dynamic OLS estimators reveal that ICT (both quality 
and quantity), economic growth, and government spending are positively corre-
lated with economic complexity, while natural resource rents are negatively cor-
related with economic complexity. This result is robust to the use of an alter-
native measure of economic complexity. Four, pair-wise Granger causality panel 
tests show proof of the existence of bidirectional causality between ICT (both 
quality and quantity) and economic complexity in the long run.

Based on the following results, we have formulated some policies that will 
assist policymakers in the process of increasing the sophistication of their econo-
mies. In view of the positive effects of ICT on economic complexity, governments 
in the selected sample should implement a series of policies to improve both the 
quality and quantity of ICT to promote the sophistication of their economies. In 
addition, the two-way causality between ICT and economic complexity may be a 
suggestion to policymakers that the targets of improving the quality and extend-
ing the use of ICT and improving ECI are compatible and linked to each other.

Our study is not without limits. First, the analysis uses a limited number of 
variables to determine economic complexity. Future research should include other 
variables that influence economic complexity, such as official development assis-
tance and urbanization. Secondly, future research can further analyse the non-
linear relationship between ICT and economic complexity using a more appropri-
ate method such as Panel Smooth Transition Regression (PSTR). This could help 
improve the understanding of the effect of ICT on economic complexity. Finally, 
this study focuses on the cross-country link between ICT and economic complex-
ity. However, there are significant variations in ICT (both quality and quantity) 
and economic complexity across regions within a country. Subsequent studies, 
therefore, may focus on a single country to explore the link between ICT (quality 
and quantity) and the ECI thus taking into account each country’s specificity.
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