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Abstract
This study investigates the impact of information and communication technology (ICT) on carbon dioxide emissions for a panel
of 91 countries over the period 1990 to 2017. The study constructs an ICT index through principal component analysis and tests
for the presence of cross-sectional dependence (CSD) in the data. The study employs pooled ordinary least squares, fixed-effects
model, and system-generalized method of moments estimation techniques with panel-corrected standard errors (PCSE) to tackle
the issues of CSD in the data. The findings of the study show that ICT reduces CO2 emissions for the full sample of countries.
However, the comparative study of developed and developing countries depicts that ICT encourages environmental sustainability
in developed countries whereas opposite results are found for developing countries. Moreover, presence of the environmental
Kuznets curve is confirmed for the full sample as well as for developed and developing countries. It suggests that with higher
levels of development of a country, it would be possible to contribute towards environmental sustainability along with ICT
diffusion. Therefore, the outcome of this study may be helpful for policymaker and policies may be designed to encourage ICT
investments in developing countries, as ICT will take care of environmental sustainability with higher levels of development.
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Introduction

Over the past three decades, significant diffusion of informa-
tion and communication technology (ICT) has boosted pro-
ductivity and enhanced energy efficiency in the greater parts
of the economies. The research has largely documented these
potential benefits of ICT around the world. However, little
attention has been paid to the environmental consequences
of ICT. And so, the relationship between ICT and environ-
mental sustainability is still inconclusive (Khan 2019). Some
studies found that rapid growth of ICT has positively affected
environment by mitigating carbon dioxide (CO2) emissions,
whereas some other studies provided the evidence that greater
usage of ICT appliances has caused environmental deteriora-
tion. Also, the existing literature shows heterogeneous

consequences of ICT for CO2 emissions in the developed
and developing countries (Al-Mulali et al. 2015; Higon et al.
2017). Since, environment is an important global issue, there-
fore, this study conducts a comparative analysis of the devel-
oped and developing countries at a global level to understand
the relationship between ICT and CO2 emissions.

The term ICT includes all those appliances and communica-
tion devices (for instance, radio, television, mobile phone, com-
puter, and satellite system) which assist the users to access,
transmit, or store information (Salahuddin et al. 2016b;
Pradhan et al. 2018). Thus, ICT users have much better access
to the information than before in terms of speed, scale, and
scope (Erdmann and Hilty 2010). It is believed that ICT infra-
structure improves service delivery, promotes transparency,
and encourages interaction between government and citizens
(Sabri et al. 2012; Lu 2018). Likewise, ICT diffusion has sub-
stantially reduced production costs, enhanced the efficiency of
resources allocation, and stimulated much greater investment in
different sectors of the economies (Pradhan et al. 2018).

However, ICT infrastructure has led to higher electricity
consumption which is one of the key reasons of global CO2

emissions. It has been estimated that ICT sector has caused
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higher electricity consumption globally from 3.9% in 2007 to
4.6% in 2012 (Salahuddin et al. 2016b; Ejemeyovwi et al.
2019). Usually, electricity is generated by the combustion of
fossil fuels whereas production, transportation, and combus-
tion of fossil fuels (oil, natural gas, and coal) have substantial
environmental impacts. Notably, CO2 emissions from the use
of fossil fuels have increased about 1.9% per year over the last
three decades (International Energy Agency 2009). Therefore,
it is argued that rapid growth of ICT sector may have caused
environmental degradation in terms of higher CO2 emissions
(Lee and Brahmasrene 2014).

Conversely, the United Nations Climate Change
Conference (2015) stated that ICT could diminish 20% of
CO2 pollution yearly by 2030 because of efficiency in pro-
duction (Lu 2018). It is believed that ICT can reduce CO2

emissions by developing efficient transportation systems,
building smarter cities, and introducing industrial processes
(Akande et al. 2019). Similarly, ICT can improve environ-
mental quality by introducing different approaches such as
dematerialization and demobilization. Therefore, a casual ex-
amination may suggest that ICT improves energy efficiency,
and thus contributes to the reduction of CO2 emissions
(Haseeb et al. 2019).

It suggests that the relationship between ICT and environ-
ment is complicated, as it has negative as well as positive
effects on the quality of environment (Houghton 2010).
Although, several empirical works have been conducted to
investigate this relationship yet, the net impact of ICT on
environmental sustainability is ambiguous as the results of
the existing studies typically depend on the choice of time
period, sample of the countries analyzed, and the econometric
approach adopted.

The existing ICT literature mostly focuses on developed
countries and largely ignores developing countries
(Salahuddin et al. 2016b; Akande et al. 2019). Moreover, in
the previous studies, ICT is generally measured with a single
dimension (i.e., internet usage and mobile phones) which can-
not be generalized for other dimensions of ICT (Al-Mulali
et al. 2015; Salahuddin et al. 2016a). Furthermore, the empir-
ical studies usually ignore the potential problem of
endogeneity of the variables (Higon et al. 2017). Lastly, ICT
literature typically does not pay attention to the existence of
cross-sectional dependence (CSD) in the data (Dabbous 2018;
Ng et al. 2020). However, ignoring CSD may cause loss of
efficiency in the estimator and may provide biased estimates.
Therefore, it is argued that results of those studies which are
based on the assumptions of no endogeneity and cross-
sectional independence should be interpreted with caution.

These gaps in the existing ICT literature provide us the mo-
tivation of this study. The study conducts a comparative analy-
sis of developed and developing countries to investigate the
impact of ICT on CO2 emissions at a global level. The study
includes all those countries in the analysis for which data is

available over the period 1990 to 2017.The study constructs
an ICT index through principal component analysis (PCA)
and tests for the existence of cross-sectional dependence in
the data. The study takes into account CSD problem and em-
ploys pooled ordinary least squares (POLS), fixed-effects mod-
el (FEM), and system-generalized method of moments
(SGMM) estimation techniques with panel-corrected standard
errors (PCSE) to tackle the issues of CSD in the data (Beck and
Katz 1995; Driscoll and Kraay 1998; Hoechle 2007; Reed and
Ye 2009). It is assumed that PCSE estimator can tackle the
issue of CSD and produce robust estimation results.

This study contributes to the emerging literature on ICT
and environmental sustainability conundrum by conducting
a comparative analysis of the impact of ICT on CO2 emissions
for a large number of developed and developing countries. In
addition, the study constructs an ICT index through principal
component analysis rather than confining the analysis to a
single indicator of ICT. Furthermore, the study addresses the
cross-sectional dependence problem and employs estimators
with Driscoll and Kraay standard errors (PCSE) which are
assumed to address cross-sectional dependence and deliver
heteroskedasticity and autocorrelation-consistent standard er-
rors with unbiased estimates.

The outcome of this study would be helpful for
policymaker and they can design ICT investment policies ac-
cording to the findings of this study. The findings of this study
would suggest whether all economies can take the advantage
of “greening through ICT” or for some countries protection is
needed from the adverse environmental consequences of ICT.
Specifically, findings of this study would be helpful in deter-
mining environmental consequences of ICT for developed
and developing countries.

The structure of the study is as follows: the “Literature
review” section reviews literature on the relationship between
ICT and envi ronmental susta inabi l i ty whi le the
“Methodology” section provides the methodological frame-
work for the analysis. The “Data and variable description”
section describes the data and variables while the “Empirical
results and discussion” section discusses the estimation results
of the study. Finally, the “Conclusion” section concludes the
study and suggests some policy implications.

Literature review

The higher levels of CO2 emissions are the main sustainability
challenge and risk to our welfare and existence nowadays
(Ben-Jebli et al. 2016). It is argued that while ICT revolution
has led to a new era of economic growth among countries,
nonetheless, it has contributed to today’s well-known phe-
nomenon of global warming caused by higher CO2 emissions.
According to the International Energy Agency (IEA 2009),
ICT sector annually contributes to global CO2 emission by
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2% while ICT products roughly consume 15% of worldwide
private power utilization. Hence, ICT diffusion is an important
factor while focusing on the quality of environment.

However, in this area, the work is typically done as an
extension of the environmental Kuznets curve (EKC). In the
early 1990s, Grossman and Krueger (1991) found the evi-
dence that environmental quality is an inverted U-shaped
function of per capita income. It suggests that environ-
mental quality degrades in the early stages of economic
growth, but beyond some higher per capita income lev-
el, the trend reverses.

There are three explanatory reasons behind the shape of
EKC (Grossman and Krueger 1991; Panayotou 1997; Dinda
2004). It includes scale effect, composition effect, and tech-
nique effect. The scale effect explains that economic growth
negatively affects quality of environment because larger scale
of economic activities needs more energy and produces higher
levels of emissions. Secondly, composition effect explains
that economic growth improves quality of environment be-
cause economy transforms from manufacturing to services-
based economy where the share of cleaner activities increases.
Lastly, technique effect lets the countries to grow and substi-
tute the old and dirty technology with new and environment-
friendly technology. If technology leads to efficient allocation
of resources, then pollution decreases even if the output of the
nation increases. Accordingly, an inverted U-shaped EKC is
witnessed as a combination of composition and technique
effects overcoming the scale effect.

The EKC hypothesis is one of the most widely tested hy-
potheses since the 2000s. According to the web of science
statistics, there are more than three thousand published articles
and almost eighty thousand citations for EKC hypothesis
(Dogan et al. 2020). Nonetheless, EKC literature provides
inconsistent evidence about the existence of EKC. Ben-Jebli
et al. (2016) proved the existence of inverted U-shaped EKC
hypothesis for 25 OECD countries over the period 1980 to
2010. In contrast, Nuroglu and Kunst (2018) revealed that
their data did not support EKC hypothesis for developing
countries for the time span of 1960 to 2011, while Ng et al.
(2020) lent moderate support to the EKC hypothesis for a
panel of 76 countries over the period 1971to 2014.

In EKC literature, CO2 emissions are typically employed as
a proxy for environmental degradation; however, different
proxies are available for environmental degradation. For ex-
ample, Almeida et al. (2017) reinvestigated EKC hypothesis
for a panel of 152 countries; however, they used a composite
index of ecological indicators, instead of CO2 emissions, to
measure environmental degradation. The study could not
prove EKC hypothesis and concluded that economic growth
alone is not enough to improve environmental quality. On the
other hand, Ulucak and Bilgili (2018) employed ecological
footprint (EF) variable and verified inverted U-shaped rela-
tionship between economic growth and EF for a panel of 45

countries.1 In a recent study, Fernández-Amador et al. (2020)
analyzed the impacts of economic growth on per capita meth-
ane emissions for a sample of 66 countries. The study con-
cluded that economic growth has substantially increased per
capita methane emission in their sample.

The literature focusing on EKC hypothesis provides con-
tradictory evidence about the existence of EKC (Dinda 2004;
Farhani and Ozturk 2015; Ben-Jebli et al. 2016; Ng et al.
2020). In view of that, Halicioglu (2009) emphasized that a
complex relationship exists between per capita income and
environmental degradation and therefore some additional fac-
tor besides per capita income may have an important role in
the occurrence of the downward sloping part of the EKC. It is
usually argued that ICT may be included as a potential vari-
able to explain the existence of EKC phenomenon.

The ICT sector is a power drainer sector and its carbon
emissions were equal to 830MtCO2e in 2007. Notably, this
amount of carbon emissions is just equal to the carbon emis-
sions emitted by the air industry in 2007 (Uddin 2011). In
addition, carbon emissions of ICT sector are expected to in-
crease on an average of 6% each year up to 2020 (Salahuddin
et al. 2016b). In this situation, aggregation of different ecolog-
ical impacts (i.e., composite index of ecological indicators and
ecological footprint) may simplify the impact of carbon emis-
sions (Moffatt 2000). Therefore, domain-specific indicators are
usually suggested to focus on various ecosystem components,
separately (Galli 2015). Accordingly, CO2 is generally used as
a proxy for environmental deterioration in the ICT literature.

Following this line of argument, Lee and Brahmasrene
(2014) examined the relationship between ICT and CO2 for
a panel of Association of South East Asian Nations (ASEAN).
The study established that ICT significantly increased CO2

emissions for the selected sample over the period 1991 to
2009. Likewise, Haseeb et al. (2019) using panel data of
BRICS economies over the period 1994 to 2014 found
that internet usage and mobile cellular subscriptions
have adversely impacted CO2 emissions; however, elec-
tricity consumption has positively affected CO2 emis-
sions in the BRICS economies.

On the other hand, Al-Mulali et al. (2015) investigated the
influence of internet retailing on CO2 emissions for a sample
of 77 countries and found that internet retailing significantly
impacted CO2 emissions only in the developed countries.
Similarly, Higon et al. (2017) concluded that ICT expansion
negatively affects carbon emissions in the developed coun-
tries, while the opposite is true for the developing countries.
Ozcan and Apergis (2018), and Tsaurai and Chimbo (2019)

1 Ecological footprint is a quantitative measure for environmental impacts and
it shows howmuch of environment is demanded by the individuals. Moreover,
it documents the extent to which human activities are within the regenerative
capacity of the biosphere (Ulucak and Bilgili 2018).
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suggested that ICT investments contributed to the reduction in
air pollution in the emerging markets.

It follows from the discussion that ICT has both positive
and negative implications for sustainability (Higon et al. 2017;
Dabbous 2018; Haseeb et al. 2019). The growth of ICT sector
is believed to mitigate CO2 emission as ICT optimizes pro-
duction processes, improves energy efficiency, reduces emis-
sion intensity, develops transportation systems, and builds
smarter cities (Akande et al. 2019). It suggests positive role
of ICT infrastructure while leading to economic growth
(Salahuddin et al. 2016b; Ejemeyovwi et al. 2019).
However, as the economy develops, demand for and supply
of ICT products increases and exerts pressure on energy re-
quirement (Dabbous 2018). Therefore, electricity consump-
tion and production increases which is one of the main causes
of CO2 emissions. It suggests that ICT production, use, and
disposal have negative environmental consequences while
leading to economic growth.

In this context, a three-order typology has been widely
discussed in the ICT literature that clearly identifies the impact
mechanism of ICT for CO2 emissions (Erdmann and Hilty
2010; Houghton 2010; Khan 2019). It includes first-order (di-
rect use effects), second-order (indirect substitution effects),
and third-order (rebound effects) impacts of ICT (Fig. 1).

The first-order use impacts of ICT signify that energy con-
sumption intensifies during the production, processing, distri-
bution, and installation of ICT infrastructure. These effects are
related with the life cycle of ICT products which spans over
production, delivery, transportation, usage, and disposal of
ICT products. A recent assessment suggests that the direct
impacts of ICT infrastructure are expected to be around 2 to
3% of global CO2 emissions (Khan 2019).

The second-order substitution effects facilitate transition to-
wards sustainable patterns of production and consumption.
These effects include dematerialization, demobilization, and fi-
nally decarbonization. Dematerialization replaces physical books
with e-books, post mail with e-mail, and newspaper to electronic
paper to minimize waste materials (Akande et al. 2019).
Likewise, demobilization reduces outdoor activities and saves

fossil fuel consumed in the vehicles and results in fewer carbon
emissions. It encourages video conferences rather than traveling
and supports working at home instead of going to the work-
places. The substitution effects assist in optimizing production
processes, improving energy efficiency and realizing
decarbonization. It is further assumed that the indirect impacts
of ICT are greater than the direct impacts of ICT and therefore,
there are net positive impacts of ICT (Houghton 2010).

The third-order rebound impacts of ICT refer to the effects
where additional demand is stimulated for the resources which
are being used efficiently (i.e., greater use of more energy
efficient transport system). A standard third-order rebound
effect (enabled by the direct or indirect use of ICT) represents
the situation where an increase in efficiency (substitution ef-
fect) is likely to reduce environmental effects of an activity,
but additional demand compensates for the reduction. These
potential rebound impacts are realized through the impacts on
life style, value system, and cultural framework. It is argued
that rebound effects are likely to be greater in developing
countries where energy demand is usually unsatisfied.

From the above discussion, it can be concluded that ICT
has heterogeneous environmental consequences. Therefore,
Houghton (2009) suggests that the role of ICT in the mitiga-
tion of environment is not easy to cope with and a detailed
investigation is needed to know exactly about the relationship
between ICT and CO2 emissions.

Methodology

Following Grossman and Krueger (1991), we model the en-
vironmental Kuznets curve (EKC) as follows:

LogCO2it ¼ β0 þ β1Log GDPCit þ β2Log GDPC2
it þ εit ð1Þ

Here, CO2 shows carbon dioxide emissions and it is used as
a proxy for environmental degradation. The GDPC is GDP
per capita while GDPC2 shows square of GDP per capita. In
Eq. (1) i stands for country and t is time period; lastly, εit is an

Fig. 1 Impact mechanism of ICT
for CO2 emissions. Source:
Adapted from Erdmann and Hilty
(2010). Dotted arrows refer to the
influence of economic, political,
and cultural variables while thin
solid arrows show first-order im-
pacts of ICT. Likewise, medium
solid arrows indicate second-
order impacts of ICT whereas
thick arrows signify third-order
impacts of ICT
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error term. In EKC framework, it is assumed that environmen-
tal degradation depends on the level of GDP per capita and it
exhibits inverted U-shaped pattern. However, some other fac-
tors may also play important roles in environmental degrada-
tion, for example, ICT. Hence, the relationship between envi-
ronmental degradation and GDP per capita is extended as
follows:

LogCO2it ¼ β0 þ β1LogGDPCit þ β2LogGDPC
2
it

þ β3ICTit þ εit ð2Þ

According to the literature, ICT causes diverse effects on
the quality of environment. It is submitted that investment in
ICT infrastructure can be environment-friendly if ICT in-
creases energy efficiency but if it increases energy use, it can
deteriorate the quality of the environment (Dabbous 2018;
Haseeb et al. 2019). Therefore, ICT may positively as well
as negatively affect the quality of environment depending on
energy consumption (EC). Therefore, we include energy con-
sumption in our EKC model.

LogCO2it ¼ β0 þ β1LogGDPCit þ β2LogGDPC
2
it

þ β3ICTit þ β4Log ECit þ εit ð3Þ

Similarly, another important variable is trade openness
which involves the transfer of goods manufactured from one
country to another either for consumption or for further han-
dling. It suggests that pollution may also be created in the
production of goods which are exported to other countries.
Wyckoff and Roop (1994) concluded that 13% of the overall
CO2 emissions of the six largest OECD countries are related to
their imports of industrial goods. Hence, trade openness (TO)
is also related with CO2 emissions as follows:

Log CO2it ¼ β0 þ β1log GDPCit þ β2LogGDPC
2
it

þþβ1ICTit þ β4LogECit þ β5LogTOit

þ εit ð4Þ

Equation (4) explains the specified model for the panel data
analysis. In this study, all the variables, except information and
communication technology index, are converted into their natural
logarithmic to obtain direct elasticities (Shahbaz et al. 2013).

The expected sign of β1 is positive which shows that carbon
dioxide emissions increase with increase in per capita income
due to scale effect. In contrast, the expected sign of β2 is neg-
ative which shows that after a threshold level, further increase in
per capita income leads to a decline in CO2 emissions because
of environmental friendly technological advancement and com-
position effects. In that case, the other two effects are stronger
than scale effect (Grossman and Krueger 1991). However, en-
vironmental impacts of ICT are not clear a priori and the sign of
the coefficient of ICT (β3) may be positive or negative (Haseeb

et al. 2019). The expected coefficient sign of control variable
energy use (β4) is positive; however, the expected sign of
β5 (coefficient of trade openness) may be positive or negative
as trade openness has different impacts for developed and de-
veloping countries (Guo et al. 2018).

In this study, panel data are to be analyzed due to its flex-
ible nature in the estimation process. However, the study tests
for cross-sectional dependence (CSD) and employs pooled
ordinary least squares (POLS), fixed-effects model (FEM),
and system-generalized method of moments (SGMM) estima-
tion techniques with panel-corrected standard errors (Driscoll
& Kraay standard errors) to tackle the issue of cross-sectional
dependence in the data (Beck and Katz 1995; Driscoll and
Kraay 1998; Hoechle 2007; Reed and Ye 2009). The POLS
and FEM/REM are the most widely used estimation tech-
niques in EKC literature while SGMM addresses the
endogeneity issue, whereas the estimators with panel-
corrected standard errors handle cross-sectional dependence
in the data and yield heteroskedasticity as well as
autocorrelation-consistent standard errors. Moreover, estima-
tion techniques with PCSE provide robust estimation results.

The study includes a large number of countries with different
income levels; therefore, FEM has been employed as it esti-
mates the influence of variables that changes over time. FEM
deals with the differences in the intercept so that intercept
changes for each cross-section but slope remains the same.
Moreover, the fixed-effect model introduces fixed dummies to
capture the differences among countries. However, in the pres-
ences of cross-sectional dependence, FEM estimator is al-
though consistent but not efficient. Moreover, the estimated
standard errors are biased. Therefore, applying FEM under
cross-sectional dependence of errors may perhaps deliver in-
consistent estimates and misleading information.

Cross-sectional dependence has recently received significant
attention. The existence of CSD cannot be denied in the modern
economy due to higher economic, financial, and trade integra-
tion. Particularly, CSD cannot be ignored in the backdrop of
shared global shocks (i.e., financial and oil crises), shared global
institutions (i.e., InternationalMonetary Fund), and shared global
spillover impacts among the countries. Usually, all these factors
are not included into our regression models and consequently
cross-section interdependence may display in the residuals.

It is argued that CSD is an important problem in panel data
and ignoring CSD in the estimation may cause loss of effi-
ciency in the estimator and may provide invalid test statistics.
Nonetheless, most common panel data estimators are based on
the assumption of cross-sectional independence and are un-
able to handle this serious issue.2 However, the assumption of
cross-sectional independence may be considered inappropri-
ate for panel data analysis (Lu 2018; Ng et al. 2020).

2 The employment of POLS to the data with CSD delivers inefficient coeffi-
cient estimates and corresponding standard error estimates are also biased.
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For that reason, cross-sectional dependence tests have been
suggested to be able to determine the presence of CSD in the
data. Our study conducts Breusch and Pagan Lagrange multi-
plier (LM); Pesaran-scaled LM and Pesaran CD (2004) tests
for each model (Dabbous 2018; Ulucak and Bilgili 2018; Lu
2018; Ng et al. 2020). If the null hypothesis of no cross-
section dependence is rejected for a model, it suggests that
the model is cross-sectionally dependent.

In the presence of CSD, one option could be feasible gen-
eralized least squares (FGLS) estimate but it underestimates
standard errors in the finite samples (Parks 1967; Reed and Ye
2009). Moreover, FGLS can be applied when the number of
time periods (T) is greater than or equal to the number of
cross-sections (N). Instead, when number of cross-sections is
greater than the number of time periods (N > T), then panel-
corrected standard errors (PCSE) estimation performs signifi-
cantly better than FGLS estimator (Reed and Ye 2009). The
PCSE estimator is widely recognized in handling CSD prob-
lem and it has opened up a variety of choices for panel data
estimation (Hoechle 2007).

Therefore, the present study employs POLS, FEM, and
SGMM estimation techniques with panel-corrected standard
errors to obtain robust results. The standard errors estimated as
panel-corrected standard errors resolve that the covariance
matrix estimator is consistent, independent of the cross-
sectional dimension (Hoechle 2007). Moreover, robust esti-
mation results are produced.

Data and variable description

This study investigates the impact of ICT on carbon dioxide
emissions for a panel of 91 countries over the period 1990 to
2017.The primary objective of this study is to conduct a com-
parative analysis of environmental impacts of ICT for the
developed and developing countries. Therefore, the full sam-
ple is further categorized into 30 developed and 61 developing
countries according to the World Bank classification (Higon
et al. 2017; WDI 2018).

The threshold variable selected for the categorization of
developed and developing countries is gross national income
per capita (GNIP) in current US dollars in 2017.The World
Bank annually estimates the size of economies in terms of
gross national income per capita and classifies countries into
four groups. The low-income countries are those with a GNIP
of 995 US dollars or less in 2017. Likewise, lower middle-
income and upper middle-income countries are those coun-
tries having GNIP between 996 to 3895 US dollars and be-
tween 3896 to 12,055 US dollars, respectively. The low- and
middle-income groups taken together are usually referred to as
developing countries (LDCs) while the countries having
GNIP greater than 12,055 US dollars are categorized as
high-income or developed countries (DCs).These income

groups are associated with an annually updated threshold level
of GNIP provided by theWorld Bank. The study has included
91 countries in its empirical analysis on the basis of data
availability for the given time period.

Table 1 provides the description, data sources, and definitions
of the variables which are being used in our present analysis.

The data for all the variables have been taken from the
World Development Indicators (WDI 2018). However, an in-
dex of ICT is constructed from four sub-components of ICT
through principal component analysis (PCA) to avoid
multicollinearity problem (Dabbous 2018), whereas the sub-
components of ICT are internet users, mobile subscriptions,
telephone subscriptions, and fixed broadband subscriptions
(Lee and Brahmasrene 2014; Lu 2018).

Principal component analysis is a technique (based on a
strong statistical basis) that reduces the dimensionality of a
dataset, increases its interpretability, but at the same time min-
imizes information loss. The PCA is performed by creating
new uncorrelated variables, yet, holding the variation in the
data up to maximum level. It is based on the assumption that
the data is standardized and linear relationships exist between
the variables. PCA is considered an appropriate method and it
has been adopted widely in the past ICT studies (Dabbous
2018; Akande et al. 2019).

Before performing PCA, we tested the linear relationship
between all the variables using Pearson correlation coeffi-
cients. And then we computed eigenvectors and eigenvalues
for the identification of principal component. After identifica-
tion of principal component, we constructed an ICT index
from four indicators of ICT. Table 8 in the appendix shows
computed eigenvectors for the four ICT variables.

The study also tested for the sampling adequacy of our
dataset using the Kaiser-Meyer-Olkin (KMO) measure of
sampling adequacy (Akande et al. 2019). The overall value
of KMO for the dataset is 0.69, which indicates that our PCA
leads to consistent results. Moreover, we performed Bartlett’s
test of sphericity to test the suitability of our data for reduction
(Cruz-Jesus et al. 2017). This test gave us a p value less than
0.05 making it significant. Table 9 in the appendix provides
details of these tests.

Empirical results and discussion

The study conducts variance inflation factor (VIF) tests for
multicollinearity and reports results in Table 2. The results
shows that average VIF is less than 5 implying that there is
no threat of multicollinearity in our models (Salahuddin et al.
2016a; Majeed and Khan 2019).

Likewise, the study tests for cross-sectional dependence
and conducts Breusch and Pagan Lagrange multiplier (LM)
test, Pesaran-scaled LM, and Pesaran CD (2004) tests for de-
veloped countries, developing countries, and for the full
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sample of 91 countries (Ulucak and Bilgili 2018; Ng et al.
2020). Table 3 tabulates CSD tests results.

The CSD test reported in Table 3 strongly rejects the null
hypothesis of no cross-sectional dependence (Lu 2018). It
suggests the existence of cross-sectional dependence in our
panel data. So CSD problem should be handled to obtain
robust estimation results.

The study also applies Hausman test to select whether REM
or FEM is more appropriate. Hausman (1978) introduced a test
which specified the best model between REM and FEM. The
results of Hausman tests are reported in Table 4.

According to Hausman test, if the p value of test is less than
0.05, then we reject the null hypothesis and accept the alter-
nate hypothesis that fixed-effect model is more suitable and
applicable. Therefore, on the basis of Hausman test results, the
choice has been made between REM and FEM for the devel-
oped countries, developing countries, and for the full sample
and FEM is preferred in all our models.

The study employs POLS, FEM, and SGMM panel esti-
mation techniques; however, it conducts estimations with
panel-corrected standard errors to handle CSD in our data.
Table 5 reports the panel estimation results for the developed
countries (column 1 to 3), developing countries (column 4 to
6), and for the full sample (column 7 to 9), respectively.

Table 5 reports that GDP per capita (GDPC) significantly
and positively affects CO2 emissions in developed countries,

Table 2 Multicollinearity test results

Variable DCs LDCs Full sample

VIF 1/VIF VIF 1/VIF VIF 1/VIF

ICT 1.923 0.52 2.59 0.386 1.31 0.764

GDP per capita 1.811 0.552 2.37 0.422 2.54 0.394

Energy consumption 1.788 0.599 1.536 0.651 2.29 0.436

Trade openness 1.035 0.966 1.437 0.696 1.13 0.885

Mean VIF 1.639 1.983 1.82

Table 1 Description of the variables

Variable Definition of the variable Unit of measurement Data source

Carbon dioxide “These emissions are stemming from the use of fossil
fuels and in production process”.

Metric tons Per capita WDI (2018)

Internet subscription “The usage of internet in the last 3 month by person,
through a computer, digital TV, mobile phone,
games machine, and personal digital assistant etc”.

Percentage of the population WDI (2018)

Mobile subscriptions “It includes sum of postpaid subscriptions and active
prepaid accounts used during the last 3 months”.

Per 100 people WDI (2018)

Telephone subscriptions “Fixed telephone subscriptions consist of an active
number of comparison voice-over-IP (VoIP)
subscriptions, fixed telephone lines, fixed wireless
native loop subscriptions, and fixed public
payphones”.

Per 100 people WDI (2018)

Fixed broadband subscriptions “Fixed Broadband consists of cable modem, DSL,
fiber-to-the home/building, other wired-broadband
subscriptions, satellite, and domestic fixed wireless
broadband”.

Per 100 people WDI (2018)

GDP per capita “GDP per capita measures the gross domestic product
divided by midyear population. GDP is the sum of
gross worth added by all manufacturers in the
economy along with any product taxes and eliminate
subsidies not contained within in the value of the
products”.

Per capita constant 2010 US$ WDI (2018)

Energy use “It denotes the use of prime energy before conversion
to other final-use fuels, which is equivalent to local
manufacture plus imports and stock changes, minus
exports and fuels supplied internationally”.

Kg of oil equivalent per capita WDI (2018)

Trade openness “The sum of exports and imports of goods and services
measured as a % of GDP”.

% of GDP WDI (2018)

Information & communication
technology index

ICT index has been constructed from four components
of ICT(internet users, mobile subscriptions,
telephone subscriptions, & fixed broadband
subscriptions)through PCA. ICT index refers to the
technological means of collecting, collating and
conveying information with technology.

Index Constructed by the
present study
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developing countries, and in the full sample of 91 countries.
Although, GDPC reflects the ability of a nation to produce
more goods and services, it accelerates emissions of CO2

and causes environmental degradation. It can be explained
with the help of scale effect that shows that larger scale of
economic activities needs more energy and produces higher
levels of emissions that negatively affect quality of environ-
ment (Grossman and Krueger 1991; Dinda 2004). Moreover,
this result possibly signifies that production of more goods is
possible with the growth of industrial sector that leads to the
use of more fossil fuels and emissions of CO2 (Sohag et al.
2017). It means growth of industrial sector may result in sig-
nificant environmental unsustainability due to air pollution.
So the general idea about the negative environmental effect
of growth is clearly confirmed across countries. These find-
ings suggest that of GDPC contributes to environmental deg-
radation (Ben-Jebli et al. 2016; Lu 2018).

The coefficient of GDP per capita is positive while its
squared term is significantly negative for all income groups.
It suggests that an economy emits low levels of CO2 after
achieving certain threshold level of GDP per capita
(Grossman and Krueger 1991). It may be because of the tech-
nique effect that shows that adoption of advanced eco-friendly
technologies leads to the production of higher levels of output
with lower levels of CO2 emissions. If the technology leads to
efficient allocation of resources, then pollution decreases even
if the output of a nation increases (Dinda 2004).

Moreover, it may be because of sectoral transformation. The
economies usually shift from the primary agricultural sector to
the energy-led industrial sector in the initial stages of growth
and emit higher levels of CO2. But with higher levels of devel-
opment, the economies generally shift towards service sector
which produces less pollution as compared with the industrial
sector that is more energy intensive (Sohag et al. 2017).

Nonetheless, presence of the environmental Kuznets curve
is confirmed for all income groups in our sample (Grossman
and Krueger 1991; Panayotou 1997; Dinda 2004; Ben-Jebli
et al. 2016; Ng et al. 2020).

It is evident from Table 5 that coefficient of ICT is nega-
tively significant for the developed countries with alternative
estimation techniques (column 1 to 3). If diffusion of ICT
leads to efficiency in the production, then environmental sus-
tainability can be maintained even if output of a nation in-
creases (Ozcan and Apergis 2018). This negative impact of
ICT for CO2 emissions is witnessed as a combination of out-
put, input, and technology effects of ICT overcoming the scale
effect of ICT (Higon et al. 2017; Khan 2019). Hence, ICT
contributes to the reduction of CO2 emissions and positively
impacts environmental quality in developed countries. It also
suggests that ICT is capable of decoupling growth from envi-
ronmental deterioration (Plepys 2002).

In contrast, ICT has not taken such a status in developing
countries to cope with environmental pollution (Al-Mulali
et al. 2015). Likewise, when we take care of endogeneity issue
by employing (SGMM), the results show that ICT has positive
but insignificant impact on CO2 emissions.3 This result pos-
sibly signifies that technological advancement is not enough
in developing countries to decline CO2 emissions through
ICT. This finding also infers that scale effect of ICT has an
important role in explaining environmental degradation in the
developing countries (Higon et al. 2017). Furthermore, it im-
plies that ICT production, use, and disposal have negative
environmental consequences through increased CO2 emis-
sions in the developing countries.

However, the results also show that ICT declines CO2 emis-
sions for the full sample of 91 countries (column 7 to 9).
Moreover, an inverted U-shaped EKC in the presence of ICT
illustrates that composition and technology effects are the lead-
ing effects in our analysis (Grossman and Krueger 1991).
Furthermore, the result obtained from SGMM is consistent with
the result obtained from the fixed-effect model. It implies that
with an increase in ICT infrastructure, the energy becomes
more efficient and produces less emission as advanced technol-
ogy is usually eco-friendly and ICT plays a significant role in
mitigating CO2 emissions (Salahuddin et al. 2016a; Lu 2018).

3 Our panel causality test results suggest that there is bidirectional causality
between CO2 emissions and ICT.

Table 3 Cross-sectional
dependence tests results CSD test DCs LDCs Full sample

Breusch-Pagan LM test statistic 3891.391*** 8784.834*** 22,743.14***

Pesaran-scaled LM test statistic 116.1655*** 108.3048*** 198.6206***

Pesaran CD test statistic 33.81665*** 13.86666*** 4.507428***

***Indicate statistical significance at the 1% levels

Table 4 Hausman test results

Hausman test statistic DCs LDCs Full sample

Chi-square 30.59 20.53 14.24

p value 0.0000 0.0010 0.0017

Conclusion FEM FEM FEM
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Since the industrial revolution, the worldwide economies
have been built on fossil fuels, which are burnt to fuel eco-
nomic growth. Consequently, the combustion of fossil fuels
has also become the main cause of greenhouse gas emissions
and it has been the view that higher energy consumption
causes higher environmental deprivation. Table 5 reports pos-
itive significant relationship between energy consumption and
CO2 emissions (Shahbaz et al. 2013). Similarly, Guo et al.
(2018) also revealed that some key industries in China not
only consumed a lot of fossil energy and released a lot of
carbon dioxide, but also stimulated energy consumption and
CO2 emissions in other industries in China.

The energy consumptions contribute to emissions in both
DCs and LDCs but the value of contributions in emission is
small for DCs as compared with LDCs. This is due to the
efficiency enhanced by the developed countries through ad-
vanced technology which increases energy efficiency and less
amount of energy is used as input in the production processes.
Moreover, in the developed nation, the energy-intensive indus-
tries are changing into less energy-intensive sectors like service
sectors. Furthermore, policies regarding energy are strong
enough to protect the environment; hence, energy causes the
least amount of emissions in developed countries. Whereas the
developing countries are engaged in old and worn-out process-
es of productions that need more energy and hence cause dep-
rivation of environment. To understand the level of emission of
CO2, it is important to consider, for example, the size of econ-
omy, state of industrialization, distances for freight transporta-
tion, domestic and export markets, and dependence on coal to
generate electricity (Leal et al. 2019).

Finally, the role of trade openness in CO2 emission could
not be established as trade openness exhibits heterogeneous
results for developed and developing countries. The study
finds a positive and statistically significant relationship be-
tween trade openness and emissions of CO2 for developing
countries; however, it is negative for developed countries. The
literature focusing on the relationship between environmental
quality and trade openness highlights the idea that developing
countries have a lower degree of specialization in physical and
human capital. Therefore, trade openness may result in in-
creased pollution in LDCs due to the increased production
of emission-intensive goods for export to developed nations
(Nguyen et al. 2017).

In addition, it may be because of dirty technologies in
LDCs which may lead to an increase in environmental degra-
dation. Farhani and Ozturk (2015) highlights environmental
effects of trade openness. It includes scale effect (size of the
economy), technique effect (the use of environment friendly
techniques of production), and composition effects (speciali-
zation and comparative advantage of the country).The study
finds positive relationship between trade openness and pollu-
tion emissions for the developing countries. The study dis-
cusses that due to dirty techniques of production under weaker

environmental regulations in developing countries, higher
trade openness leads to higher levels of pollution emissions.
Furthermore, LDCs mostly suffer from unstable intuitions and
weak policy implementations; therefore, international trade
harms the environment in developing countries.

However, trade activities are less emission intensive in de-
veloped countries due to the fact that developed economies
have strong policies and regulatory authorities regarding trade.
Therefore, trade openness is beneficial for the environment in
these countries (Antweiler et al. 2001; Ben-Jebli et al. 2016).

This discussion suggests that trade openness has different
impact for different countries and trade openness depends on
the country regulatory authority. These finding suggests that
the contribution of trade openness in CO2 emission is not
conclusive across all sub-samples.

The results also indicate that our instruments are valid as in
the test of over-identification; p value is greater than 0.05.
Hence, we accept the null hypothesis of the Hansen test that
instruments used are exogenous.

Conclusion

This study aims to investigate the impact of ICT on the envi-
ronmental sustainability. The importance of ICT is very much
understandable in the present age of industrial revolution and
technological advancement. Likewise, the environmental sus-
tainability is a global issue and ICT has an important role in
this environmental sustainability.

This study investigates the impact of ICT on carbon diox-
ide emissions for a global panel of 91 countries over the period
1990 to 2017. Moreover, this study conducts a comparative
analysis of developed and developing countries to investigate
the impact of ICT on CO2 emissions. For this purpose, an ICT
index has been constructed from four different indicators of
ICT. The study conducts cross-sectional dependence tests and
employs POLS, FEM, and SGMMestimation techniques with
panel-corrected standard errors to handle CSD in our data.

In this study, ICT has negative impact on carbon dioxide
emissions for a panel of 91 countries while energy consump-
tion shows positive impact on CO2 emissions as expected.
The results also suggest that at the initial level of income,
environmental degradation increases but after a threshold lev-
el, further increase in income leads to a decline in CO2 emis-
sions. Based on these findings, it can be concluded that EKC
exists for all income groups in our analysis. Moreover, the
decline in CO2 emissions after the threshold level indicates
the technological advancement and efficient use of energy.
Furthermore, a comparative study of developed and develop-
ing countries has been conducted. The results show that in
developed countries, ICT plays a significant role in mitigating
emissions while in developing countries, the technological
advancement is not enough to decline emissions through
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ICT. However, existence of environmental Kuznets curve in
the presence of ICT suggests that it would be possible to
contribute towards environmental sustainability in the latter
stages of development even with diffusion of ICT.

The study has following recommendations on the basis of
these findings. The path to sustainable environment may be
linked to the development of ICT sector in all countries, as with
higher GDP per capita more efficient techniques will be used
which will take care of the environment. Moreover, policies
should be designed to encourage structural changes in the econ-
omy which stimulates shift from the manufacturing sector to

services sector (less energy-intensive). Furthermore, energy con-
sumption plays an important role in environmental degradation;
therefore, some substitute sources of energy like renewable en-
ergy (solar energy) should be pushed in the production process.

The study has the following limitations. The analysis has
been conducted for a shorter period of time and for a limited
number of countries due to data unavailability for ICT indica-
tors; however, it can be extended to all countries. Moreover,
the study has used only CO2 as a proxy for environmental
degradation but other indicators of environmental degradation
(ecological footprint) may also be added for further analysis.

Table 7 Correlation matrix
Variables (1) (2) (3) (4) (5) (6) (7) (8)

Carbon dioxide (1) 1

GDP per capita (2) 0.745 1

Broadband subscription (3) 0.57 0.605 1

Internet users (4) 0.626 0.666 0.91 1

Mobile phone subscription (5) 0.435 0.449 0.838 0.834 1

Telephone subscription (6) 0.685 0.661 0.718 0.778 0.547 1

Energy consumption (7) 0.688 0.702 0.522 0.587 0.373 0.589 1

Trade openness (8) 0.402 0.393 0.214 0.233 0.22 0.198 0.319 1

Table 8 Principal components eigenvectors

Variable Component 1 Component 2 Component 3 Component 4 Unexplained

Internet users 0.5669 0.0383 − 0.2227 − 0.7922 0

Mobile subscription 0.4317 0.7320 0.4843 0.2082 0

Telephone subscription 0.4436 − 0.6768 0.5744 0.1233 0

Fixed broadband subscription 0.5435 − 0.0689 − 0.6212 0.5603 0

Table 6 Summary statistics
Variable Observation Mean std. deviation Min Max

Carbon dioxide 2287 4.406 4.7876 0.0336 27.431

GDP per capita 2590 16,624 24,552 164.94 193,746

Individual using the internet 2265 26.01 29.299 0.0001 98.26

Mobile subscriptions 2400 54.31 50.499 0.0001 206.29

Fixed broadband subscription 1487 10.14 12.43 0.0002 49.769

Telephone subscriptions 2596 21.81 21.959 0.0347 132.72

Energy consumption 1996 2328 2364 64.663 18,178

Trade openness 2506 79.29 51.523 0.1674 437.33

Appendix
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Table 11 List of developed and
developing countries Developed countries

Australia Finland Japan Slovenia

Austria France Luxembourg Spain

Belgium Germany Monaco Sweden

Canada Greece Netherlands Switzerland

Cyprus Iceland New Zealand United Kingdom

Czech Republic Ireland Norway United States

Denmark Israel Portugal

Estonia Italy Singapore

Developing countries

Argentina Kazakhstan Fiji St. Lucia

Bangladesh Kenya Gambia St. Vincent & Grenadines

Benin Madagascar Grenada Sudan

Botswana Malawi Guatemala Tajikistan

Brazil Malaysia Guinea Tanzania

Bulgaria Mali Honduras Tunisia

Cambodia Mauritius India Turkey

Cameroon Mexico Indonesia Uganda

China Mongolia Iran, Islamic Rep. Ukraine

Colombia Morocco Jamaica Vanuatu

Costa Rica Mozambique Peru Venezuela, RB

Dominica Myanmar Philippines Vietnam

Ecuador Nepal Romania Zimbabwe

Egypt, Arab Rep. Nicaragua Senegal

El Salvador Pakistan Solomon Islands

Jordan Paraguay Sri Lanka

Table 10 List of abbreviation

Abbreviation Definition Abbreviation Definition

CO2 Carbon dioxide IEA International Energy Agency

CSD Cross-sectional dependence LDCs Less developed countries

DCs Developed countries PCA Principal component analysis

EF Ecological footprint PCSE Panel-corrected standard errors

EKC Environmental Kuznets curve POLS Pooled ordinary least squares

FEM Fixed-effects model REM Random-effects model

GHGs Greenhouse gases SGMM System-generalized method of moments

GNIP Gross national income per capita VIF Variance inflation factor

ICT Information and communication technology WDI World Development Indicator

Table 9 Bartlett test of
sphericity and KMO Determinant of the correlation matrix

Det 0.051

Bartlett test of sphericity

Chi-square (6) 4369.725

p value 0.000

Kaiser-Meyer-Olkin measure of sampling adequacy

KMO 0.690
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