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Abstract

The increasing urgency of climate change amid a rapidly evolving digital transformation 
underscores the need for integrated fiscal and technological policy to mitigate environmen-
tal degradation. This study examines the association between taxes on goods and services 
(TGS) and ecological footprint (EFP), and evaluates the moderating role of digitalization. 
Using a newly compiled dataset for 96 countries over the period 2000–2022, the analysis 
employs a cross-sectionally augmented autoregressive distributed lag (CS-ARDL). The 
results reveal a significant negative long-run association between TGS and EFP, suggesting a 
potentially important link between TGS and ecological pressure. Digitalization is positively 
associated with EFP, while the interaction results indicate that greater digitalization is asso-
ciated with a stronger negative relationship between TGS and EFP. However, heterogeneity 
analysis reveals that these relationships are more noticeable in higher-income economies, 
while they remain weaker in lower-income countries. Complementary estimations using 
Common Correlated Effects Mean Group (CCEMG) and Augmented Mean Group (AMG) 
estimators, along with an alternative measure of the key explanatory variable, yield con-
sistent findings. Overall, the study highlights the potential importance of considering 
digitalization within fiscal policy frameworks aimed at supporting ecological sustainability.

Keywords: goods and services taxes; ecological footprint; digitalization; CS-ARDL

1. Introduction
Environmental quality has become a critical global priority as countries deal with the 

dual challenges of climate change and resource depletion. In response, governments are 
employing various fiscal policies to mitigate these issues, with taxation standing out as a 
key policy tool [1–3]. As a fundamental component of fiscal policy, taxation influences both 
economic behavior and environmental outcomes by shaping production and consumption 
patterns [4,5]. Taxes can promote the adoption of cleaner technologies, disincentivize 
environmentally harmful activities, and finance public investments in sustainable infras-
tructure [6,7]. Moreover, taxation serves as a mechanism to internalize the external costs of 
pollution, making producers and consumers accountable for the real ecological impacts of 
their activities [8–10].

While substantial research has studied the environmental effects of carbon taxes, the 
role of Taxes on Goods and Services (TGS) on environmental quality remains underexplored. 
Goods and services taxes, encompassing sales taxes, production taxes, and value-added 
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taxes (VAT), represent a significant source of government revenue and have wide-ranging 
implications for economic activities [11,12]. These taxes not only generate fiscal resources 
but also influence consumption and consequently affect ecological quality [13,14]. How-
ever, despite their macroeconomic relevance, the environmental consequences of TGS have 
received limited scholarly attention, particularly when considering broader ecological indi-
cators such as the ecological footprint (EFP). Therefore, understanding the environmental 
implications of TGS is essential for policymakers aiming to balance fiscal objectives with 
sustainable development goals.

The environmental consequences of TGS vary across countries because their effective-
ness depends on institutional, regulatory, and technological conditions [15,16]. On the one 
hand, higher taxes on goods and services may be associated with changes in the consump-
tion of environmentally harmful products by changing relative prices. On the other hand, 
the environmental benefits of TGS depend on governments’ capacity to allocate tax revenues 
toward environmental protection and enforce effective environmental regulations. This 
concern is particularly relevant for low-income countries, where resource-intensive sectors 
dominate, and environmental institutions remain weak. Conversely, advanced economies 
with stronger regulatory systems and greater digital capacity may be better positioned 
to leverage TGS revenues to support ecological innovation and clean energy transitions. 
Despite these differences, cross-country evidence on how development levels shape the 
relationship between TGS and environmental sustainability remains limited, particularly 
when environmental performance is measured by EFP.

Moreover, digitalization plays a central role in shaping the effectiveness of taxation 
systems [17,18]. Digital technologies, ranging from e-government platforms and internet 
penetration to data analytics, enhance monitoring, improve compliance, and strengthen 
enforcement [19]. In this context, digitalization can amplify the environmental impact of 
TGS by reducing tax evasion, enabling more precise targeting of harmful consumption, and 
improving the efficiency of tax-supported environmental programs. Conversely, countries 
with weak digital infrastructure often experience inefficiencies in tax collection and rev-
enue management [20,21], thereby limiting the ability of TGS to generate environmental 
improvements. These contrasting dynamics suggest that digitalization may moderate the 
link between TGS and EFP, a mechanism largely overlooked in prior literature.

This paper offers several significant contributions to the literature. First, it provides 
important empirical evidence on the association between TGS and EFP, addressing a critical 
gap in the environmental taxation literature. Second, the study incorporates digitaliza-
tion as a moderating factor, measured using a comprehensive index, thereby providing 
valuable insights into how digital capacity influences the environmental effectiveness of 
taxation. Third, the study compares lower- and higher-income economies, revealing how 
income heterogeneity affects the TGS-EFP nexus. Finally, the study employs advanced 
second-generation panel techniques, including CS-ARDL, CCEMG, and AMG estimators, 
to assess the consistency of the findings in the presence of cross-sectional dependence and 
slope heterogeneity.

We organize this paper as follows: Section 2 reviews the literature on the relationship 
between TGS, digitalization, and environmental quality. Section 3 outlines the analytical 
methods and data. The empirical outcomes are presented in Section 4. Finally, Section 5 
ends with remarks and policy recommendations.

2. Theoretical and Empirical Literature
2.1. Theoretical Nexus Between Taxation and Environmental Sustainability

The nexus between taxation and environmental quality can be understood through 
various economic and environmental theories. Many existing theories emphasize that 
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taxation policies play a pivotal role in affecting environmental quality. For instance, the 
Pigouvian taxation introduced by Pigou [22] suggests that imposing taxes on activities that 
produce detrimental externalities (e.g., pollution) can internalize the external costs, thereby 
improving environmental quality [10,23]. A notable example is the carbon tax, which 
encourages producers and consumers to minimize their negative environmental impact. 
In addition, the Double Dividend Hypothesis, developed by Tullock [24], postulates that 
environmental taxes can yield twofold benefits: improving ecological quality and generating 
revenue for governments. These revenues can be utilized to fund climate-friendly projects, 
such as clean energy initiatives [25,26].

These theoretical arguments, however, mainly apply to environmentally motivated 
taxes. TGS is a broader fiscal category that includes VAT, sales taxes, and other taxes on 
goods and services, and is not specifically designed to address environmental problems. Its 
relationship with environmental outcomes may therefore operate through several indirect 
channels. For example, by affecting prices and household purchasing power, TGS may 
influence consumption patterns and demand for energy- and resource-intensive goods. It 
may also be associated with environmental outcomes through government revenue and 
spending, changes in economic activity, and improved tax compliance and enforcement. 
Therefore, unlike environmental taxes, the environmental implications of TGS are not 
straightforward and warrant empirical examination.

Moreover, the Environmental Kuznets Curve (EKC) hypothesis proposes a reversed 
U-shaped connection between environment and economy [27–29]. Initially, economic 
development increases environmental degradation, but after surpassing a certain income 
turning point, further development promotes ecological improvements. Thus, taxation can 
shift economies toward the downward-sloping side of the EKC by discouraging resource-
intensive consumption. However, the EKC remains contested: while some studies confirm 
the inverted-U relationship [30,31], others suggest that the transition toward environmental 
quality depends on institutional quality, policy design, and technological innovation rather 
than occurring automatically with economic development [32,33].

Furthermore, Porter’s hypothesis [34] argues that stringent environmental regulations, 
including taxes, can spur innovation and competitiveness. In this context, changes in TGS 
may shape production decisions, consumption patterns, and resource use, although their 
environmental effects may vary across countries and contexts. Together, these theoretical 
perspectives help to explain the link between taxation and ecological sustainability, while 
the environmental implications of TGS need to be determined empirically.

2.2. Taxes and Ecological Footprint: An Empirical Perspective
The link between taxation and environmental sustainability has received substantial 

research attention. While earlier studies concentrated on CO2  emissions, recent work 
increasingly employs EFP as a broader indicator of environmental demand and resource 
use. EFP captures multiple dimensions of ecological pressure, including cropland use, forest 
demand, energy footprint, fisheries, and built-up land [35,36]. Unlike CO2  emissions, which 
primarily capture carbon-related environmental pressure, EFP reflects broader resource 
demand and ecological pressure across several dimensions.

Empirical evidence on environmental taxes and other fiscal policies generally suggests 
that their environmental effects depend on the specific tax instrument and policy context. 
For example, Nathaniel [37] demonstrated that environmental taxes reduce EFP in OECD 
countries by promoting green innovation. Similarly, Destek and Sinha [38] showed that 
fiscal measures influence EFP through energy efficiency, renewable energy deployment, 
and structural economic shifts.

https://doi.org/10.3390/su182110849

https://doi.org/10.3390/su182110849


Sustainability 2026, 18, 10849 4 of 24

While carbon taxes have attracted considerable attention, the environmental implica-
tions of broader tax categories, such as TGS, remain relatively understudied. TGS can influ-
ence consumer prices, disposable income, and consumption behavior [13,14]. However, the 
existing evidence on broader indirect taxation remains limited. For example, Ebaidalla [39] 
examined the environmental effects of indirect taxes using data from 143 countries over 
1996–2019 and found that their effects differ across country groups. Specifically, higher 
indirect taxation is associated with lower CO2  emissions in developing countries, whereas 
it is associated with higher emissions in developed countries.

Building on this literature, the present study examines a more specific component 
of indirect taxation, taxes on goods and services, and considers its implications for EFP. 
Unlike Ebaidalla [39], which focuses on CO2  emissions as the environmental outcome 
and examines indirect taxes more broadly, this study uses EFP as a broader measure of 
environmental pressure and investigates whether digitalization moderates the relationship 
between TGS and EFP. Drawing on the preceding discussion, this study formulates the 
following hypothesis:

H1. Taxes on goods and services are negatively associated with EFP.

2.3. Digitalization and Tax Effectiveness
Digitalization significantly affects tax effectiveness by influencing both tax adminis-

tration and corporate tax behavior. Research shows that digitalization of tax systems can 
reduce tax stickiness, improve tax collection efficiency, and decrease tax evasion [40–42]. 
E-government initiatives and technology adoption strengthen these effects, especially in 
countries with higher levels of digital technology adoption, thereby increasing tax compli-
ance and revenue [41,43].

At the corporate level, digitalization enhances oversight, transparency, and internal 
controls, reducing opportunities for tax evasion [18,44]. Hence, effective digital fiscal 
systems may enhance governments’ capacity to mobilize revenues, allocate public spending, 
and implement environmental policies, with potential implications for EFP [42].

Digitalization has increasingly been studied as a key determinant of tax effectiveness, 
with findings pointing to both opportunities and caveats. For example, Bellon, Dabla-Norris, 
Khalid, and Lima [45] analyze the staggered introduction of VAT e-invoicing in Peru and 
reveal that switching from paper to digital invoices raised reported purchases and sales 
by over 5% during the first year of implementation. The gains were most pronounced 
among smaller firms and industries with historically weak compliance, indicating that 
digital invoices improve compliance. Kitsios, Jalles, and Verdier [46] provides cross-country 
evidence that public-sector digitalization reduces tax evasion by strengthening fraud de-
tection and improving transparency. Okunogbe and Santoro [47] argue that ICT diffusion 
enhances revenue mobilization by lowering transaction costs and improving information 
flows. However, the benefits remain uneven across income groups. Kochanova, Hasnain, 
and Larson [48] show that adopting e-filing systems lessens firms’ compliance costs, audit 
frequency, and perceptions of tax administration as a barrier. However, their study finds 
modest fiscal gains, with only a moderate rise in tax revenues, underscoring the limits of 
fragmented digital reforms. At the firm level, Chen, Zhao, and Jin [44] report that digital-
ization reduces opportunities for tax evasion by enhancing oversight and increasing the 
transparency of financial activities. Nevertheless, Xiao and Shao [49] caution that digital tax 
administration can impose operational and technological burdens on firms, leading some 
to cut investment in core technologies and reallocate resources toward compliance, thereby 
slowing their broader digital development. Overall, the evidence suggests that the effects 
of digitalization on tax compliance and revenue mobilization depend on institutional and 
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economic conditions, with potentially larger gains where baseline tax administration and 
enforcement capacity are relatively weak [50,51]. Recent evidence shows that digitalization 
is associated with improved ecological quality, while digitalized tax administration can 
strengthen environmental sustainability and support firms’ green transformation [52,53]. 
Accordingly, digitalization may be associated with lower EFP and condition the relation-
ship between TGS and ecological pressure. This discussion provides the basis for the 
following hypotheses:

H2. Digitalization is negatively associated with EFP.

H3. Digitalization strengthens the negative association between TGS and EFP.

2.4. Research Gap
Although existing studies examine the environmental effects of several tax instruments, 

including environmental and carbon taxes, relatively less attention has been paid to TGS 
and its relationship with EFP. Most prior studies focus on environmental taxes, leaving 
broader tax instruments, such as TGS, relatively unexplored, particularly in relation to 
multidimensional indicators such as EFP. This study addresses this gap by utilizing the 
novel tax dataset released by UNU-WIDER [54] to examine the relationship between TGS 
and EFP. More importantly, while previous research has largely examined taxation and 
digitalization as separate determinants of environmental outcomes, limited attention has 
been given to whether digitalization conditions the relationship between TGS and EFP. This 
gap is particularly relevant given substantial cross-country differences in digital and fiscal 
capacity. By incorporating digitalization as a moderating factor, this study provides new 
insights into whether digital capacity amplifies or constrains the association between TGS 
and EFP. Finally, existing studies have paid limited attention to whether this relationship 
varies across countries at different stages of development. Examining the relationship across 
income groups provides useful evidence on whether the TGS-EFP association varies across 
different levels of economic development.

3. Methodology
3.1. Model

Drawing on the existing studies on the factors influencing EFP, such as [8,55,56], we 
examine the association between TGS and EFP through the following model:

EFPit = β0 + β1TGSit + β2GDPit + β3ENUit + β4POPit + β5FDIit + β6DIGTit + εit (1)

The model links EFP to TGS and four control variables: GDP, energy use (ENU), 
population size (POP), and foreign direct investment (FDI). We selected these controls 
based on their theoretical relevance, their use in the literature, and consistent data availability 
across the sample. These variables capture key dimensions of economic activity, energy 
demand, and demographic pressure that are relevant to ecological pressure [57,58]. We also 
acknowledge that other factors, including institutional quality, trade openness, renewable-
energy use, and technological innovation, may influence ecological outcomes.

Consistent with the existing literature on ecological degradation, such as [59–61], the 
associations of GDP, ENU, and POP with EFP are expected to be positive. The association 
of FDI is ambiguous, as some studies, such as [62,63], indicate that FDI has a positive 
influence on emissions, while other studies find a negative relationship between FDI and 
the environmental outcomes [64,65]. TGS is the core independent variable, expected to be 
negatively associated with EFP, as stated in H1. Following the UNU-WIDER definition, TGS 
is measured as “tax revenue from goods and services, including sales taxes, value-added 
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taxes, and excise duties, divided by the country’s GDP” [54]. Digitalization (Digit) is also 
hypothesized to be negatively associated with EFP, consistent with H2. Finally, εit is the 
error term. To improve interpretability and mitigate scale effects and heteroskedasticity, we 
use all continuous variables in logarithmic form. Figure 1 depicts the theoretical model.

Figure 1. Theoretical framework.

To investigate whether digitalization shapes the relationship between TGS and EFP, we 
augment Equation (1) with the interaction term (DIGT*TGS). Therefore, the second-stage 
specification is:

EFPit = γ0 + γ1TGSit + γ2GDPit + γ3ENUit + γ4POPit + γ5FDIit + γ6DIGTit + γ7(DIGT ∗ TGSit) + μit (2)

Digitalization Measurement
In measuring digitalization, the literature employs various approaches. These include 

the construction of composite digital economy indices [66–68], the use of international 
measurements such as the World Bank’s Digital Adoption Index and the OECD’s Digital 
Economy Measurement Toolkit [69,70], as well as measuring digitalization based on the 
contribution of the digital economy to GDP [71]. Building on [67,72,73], we construct a 
multidimensional digitalization index using a two-stage Principal Component Analysis 
(PCA) approach. This multidimensional approach recognizes that digitalization encom-
passes technological, economic, and social dimensions rather than a single observable 
characteristic. In the first stage, we construct three pillar-specific indices. The digital infras-
tructure index comprises fixed telephone subscriptions, mobile cellular subscriptions, and 
fixed broadband subscriptions. The digital trade index comprises ICT goods exports and 
ICT goods imports as shares of total exports and imports, respectively. The social impact 
index comprises internet use and medium- and high-tech manufacturing value added, to 
capture the technological and productive dimensions of digital transformation [67,73]. The 
three-dimensional structure reflects data availability across countries and over time. Al-
though some studies, such as [67], include additional dimensions, like the Online Services 
Index and E-Participation Index, these indicators are unavailable for many countries in 
our sample.

The indicators within each pillar are standardized and combined using PCA, with the 
first principal component retained based on the eigenvalue greater than one criterion. We use 
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a two-stage PCA procedure: first, correlated indicators are summarized within conceptually 
related pillars; second, the resulting pillar-level indices are standardized and combined 
using PCA to construct the overall digitalization index (DIGT). This approach reduces 
the influence of any single indicator while preserving the multidimensional structure of 
digitalization. The first principal component of the final PCA has an eigenvalue of 1.971 
and explains 65.70% of the total variance. The retained component has positive loadings for 
digital infrastructure (0.888), digital trade (0.510), and social impact (0.961), indicating 
that higher values of DIGT consistently represent greater digitalization. The variation in the 
magnitude of the loadings reflects the relative contribution of each pillar to the common 
component rather than indicating that the pillars measure identical aspects of digitalization.

Appendix A reports the complete PCA results, including the underlying indicators, 
component loadings, eigenvalues, and explained variance. Across all four PCA procedures, 
the retained first principal component has an eigenvalue greater than one, and all underlying 
indicators exhibit positive loadings on the retained component. The resulting DIGT index 
ranges from −2.842 to 4.159 in the sample.

3.2. Estimation Strategy
To estimate our models, we employ the Cross-Sectionally Augmented Autoregressive 

Distributed Lag (CS-ARDL) model pioneered by Chudik and Pesaran [74]. The CS-ARDL 
method is designed to estimate both short- and long-run associations in panel datasets 
while explicitly accounting for cross-sectional dependence (CSD), a mutual feature in 
macroeconomic and environmental data, where shocks in one country may spill over to 
others. By augmenting the standard ARDL specification with cross-sectional means of the 
outcome and explanatory variables, the approach accounts for unobserved common factors 
and helps reduce bias arising from cross-sectional correlation in errors. The inclusion of 
lagged variables also helps mitigate concerns related to dynamic endogeneity. Nevertheless, 
CS-ARDL does not fully eliminate potential endogeneity arising from reverse causality, 
omitted variables, or measurement error. Accordingly, the study interprets the estimates as 
associations rather than causal effects.

Potential endogeneity remains a consideration in interpreting the estimated associa-
tions. First, reverse causality cannot be completely ruled out, as environmental performance 
may itself influence taxation, institutional development, or digitalization. Second, omitted-
variable bias may arise if unobserved country-specific factors affect both the explanatory 
variables and environmental performance. Third, measurement error may affect the esti-
mated coefficients when the variables are imperfect proxies for the underlying concepts.

Unlike traditional panel estimators, CS-ARDL allows for heterogeneity in both inter-
cepts and slope coefficients, enabling each country to exhibit its own dynamic adjustment 
path while still identifying a shared long-run association. The model is flexible with respect 
to the order of integration and can be applied when variables are I(0), I(1), or a combination 
of both, provided none are I(2). Owing to these advantages, CS-ARDL has become a widely 
used method in recent empirical work in environmental economics and is well-suited to our 
setting, where the dependent variable is EFP and unobserved global shocks (e.g., technol-
ogy, policy, energy prices) may jointly affect countries. Consequently, the CS-ARDL model 
can be specified in the following form:

ΔEFPit = θi + ∑
p

j=1
φitΔEFPi,t−j + ∑

q

j=0
λitΔXi,t−j + ∑

r

j=1
δitCSi,t−1 + ui,t (3)

where EFPit is the outcome variable, Xi,t−j is the vector of regressors (TGS, GDP, ENU, POP, 
FDI, and DIGT). CS presents the cross-sectional mean, and p, q, and r denote the lag lengths 
of the outcome variable, regressors, and cross-sectional averages, respectively.
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For the baseline specification (Equation (1)), the initial sample comprises 2208 ob-
servations, with no missing values in the variables included in the estimation. The final 
CS-ARDL estimation uses 2012 observations, with the reduction attributable to the lag 
requirements of the model rather than missing-data deletion. A maximum lag order of 
2 was considered. We selected the preferred specification, CS-ARDL(1,0,0,2,0,0,1), using 
the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC), which 
identified the same specification (Appendix B). The model includes seven contemporaneous 
cross-sectional averages corresponding to the variables under study, with no lags of the 
cross-sectional averages specified.

For the interaction specification, the final estimation comprises 1985 observations after 
accounting for the lag requirements. A maximum lag of 1 was considered, and the preferred 
specification, CS-ARDL(1,0,0,1,0,0,1,0), was selected using the AIC and BIC. The interaction 
specification includes eight cross-sectional averages corresponding to the variables included 
in the model, with no lags of the cross-sectional averages specified.

For both specifications, the model includes an intercept but no deterministic time 
trend. Estimation was conducted using Stata version 19.1, with robust standard errors 
reported. We also considered alternative lag structures during lag selection, and report their 
corresponding AIC and BIC values in Appendix B. For the LLMEs and UMHEs subsample 
analyses, a maximum lag order of one was adopted because of the smaller sample sizes.

To assess the consistency of the CS-ARDL analysis, the study applies two complemen-
tary estimators: “the Common Correlated Effects Mean Group (CCEMG)” developed by 
Pesaran [75] and “the Augmented Mean Group (AMG)” estimator introduced by Eber-
hardt and Bond [76]. Both approaches address key econometric challenges, including 
unobserved common shocks and heterogeneity in slope coefficients across countries. The 
CCEMG method addresses CSD by incorporating cross-sectional means of the outcome 
variable and regressors. In contrast, the AMG estimator adds a common dynamic com-
ponent into the panel model, allowing it to reflect shared time-varying influences across 
countries. However, these estimators do not by themselves resolve potential endogeneity. 
As an additional sensitivity analysis, we use an alternative measure of the key independent 
variable, expressed as a share of total government revenue rather than as a ratio to GDP.

3.2.1. Cross-Sectional Dependence Test
Prior to estimating the models, we assess whether CSD is present in the panel. Address-

ing this issue is a prerequisite for selecting appropriate unit-root and cointegration tests 
as well as for choosing second-generation estimators [77,78]. Specifically, we implement 
three complementary tests: (i) Pesaran’s CD test, (ii) Pesaran’s scaled LM test, and (iii) the 
Breusch–Pagan LM test. All three evaluate the null hypothesis of CSD; rejection of the 
null indicates the presence of common shocks or spillovers across countries, warranting 
second-generation procedures in subsequent analysis.

3.2.2. Unit Root and Cointegration Test
After assessing CSD, we inspect the stationarity properties of the panel series. The 

choice of unit-root tests is contingent on the CSD outcome. If CSD is present, we employ 
second-generation unit-root tests, precisely the “Cross-Sectionally Augmented IPS” (CIPS) 
and “Cross-Sectionally Augmented Dickey–Fuller” (CADF) tests. For panel cointegration, 
we adopt the Westerlund [79] test, which accommodates CSD and heterogeneous dynamics 
across countries.
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3.3. Data
The data span 2000–2022 and include 96 countries (listed in Appendix C). The cross-

country sample is determined by the availability of complete data for all variables required 
for the analysis over the study period. Consistent with the World Bank’s [80] income 
classification, the countries are classified into two broad income categories: low- and 
lower-middle-income economies (LLMEs) and upper-middle- and high-income economies 
(UMHEs). The LLMEs group comprises 31 countries, while the UMHEs group comprises 
65 countries. EFP data is sourced from the Global Footprint Network (GFN), macroeconomic 
data from the World Bank (WDI), and taxation data from UNU-WIDER [54]. Variable 
definitions and summary statistics appear in Table 1.

Table 1. Measures and Descriptive Statistics.

Symbol Measurement Mean SD Skewness Kurtosis Source

EFP Ecological Footprint per capita (gha) 3.728 2.527 1.339 4.562 GFN

TGS Goods and Services taxes (% of GDP) 9.390 3.970 0.296 3.115 UNU-WIDER

GDP Real GDP per capita (constant USD) 16,251.16 20,094.13 0.874 2.034 WDI

ENU Energy use (kilograms of oil) 5.141 3.233 0.697 3.590 WDI

POP Total population (Millions) 49.00 144.00 0.122 2.997 WDI

FDI Foreign direct investment (% of GNI) 6.818 26.475 −0.328 6.780 WDI

DIGT Digitalization, based on PCA −0.282 1.380 0.310 2.157 Author’s construction

The descriptive statistics in Table 1 show that EFP exhibits a relatively high mean 
and noticeable variation over time. GDP exhibits high variation, reflecting fluctuations in 
economic performance over the sample period. ENU, TGS, and POP display moderate vari-
ability, suggesting gradual shifts in energy consumption patterns. In contrast, FDI exhibits 
volatility and uneven distribution, pointing to periods of sharp increases and declines in 
capital inflows. DIGT shows moderate variation with a relatively balanced distribution.

Table 2 reports the correlation matrix and multicollinearity diagnostics. The pairwise 
correlations provide descriptive evidence of unconditional associations among the variables, 
while the VIF results indicate no problematic linear multicollinearity.

Table 2. Examination of Pairwise Correlations and Variance Inflation Indicators.

EFP TGS GDP ENU POP FDI DIGT Baseline VIF Interaction VIF

EFP 1 -
TGS 0.046 1 1.54 1.56
GDP 0.056 0.224 1 2.90 2.91
ENU −0.050 −0.306 −0.277 1 1.18 1.19
POP −0.038 −0.076 −0.059 0.123 1 1.08 1.08
FDI −0.034 0.114 0.136 −0.106 −0.052 1 1.03 1.04

DIGT 0.025 0.495 0.623 −0.327 0.052 0.146 1 2.68 2.89
DIGT*TGS 1.11

Mean VIF 1.73 1.68
Note. TGS and DIGT were mean-centered before constructing the interaction term (DIGT*TGS).
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4. Results and Discussion
4.1. CSD, Stationarity, and Cointegration Test

We commence our analysis by investigating the CSD to select appropriate stationarity 
and cointegration tests. The statistics in Table 3 indicate the occurrence of CSD across 
all series.

Table 3. Test of Cross-sectional Dependence.

Pesaran CD Pesaran Scaled LM Breusch-Pagan LM

EFP 10.032 *** 13.751 *** 485.99 ***
TGS 23.065 *** 34.440 *** 10.10 ***
GDP 67.810 *** 252.944 *** 768.21 ***
ENU 6.367 *** 167.69 *** 418.37 ***
POP 9.445 *** 146.499 *** 6024.89 ***
FDI 13.79 *** 30.617 *** 1513.64 ***

DIGT 15.968 *** 25.75 *** 25.50 ***
Note: *** denotes the 1% significance level.

Given the existence of CSD, we inspect the stationarity of the series using second-
generation tests, precisely the CIPS and CADF. Table 4 indicates that all series are integrated 
of order one, I(1), with no evidence of I(2) variables. This integration structure is compatible 
with the CS-ARDL framework, which allows variables to be I(0) and/or I(1), provided that 
none is I(2).

Table 4. Unit Root Test.

Variable
CADF CIPS

Level 1st Diff Level 1st Diff

EFP −2.131 −3.186 *** −2.010 −4.802 ***
TGS −2.024 −3.188 *** −2.036 −4.318 ***
GDP −1.782 −2.572 ** −1.708 −3.109 ***
ENU −2.046 −3.516 *** −2.139 −4.594 ***
POP −1.083 −2.996 *** −1.433 −2.833 ***
FDI −1.764 −4.014 *** −1.812 −3.302 ***

DIGT −2.280 −3.070 *** −1.228 −3.514 ***
*** p < 0.01, ** p < 0.05.

Furthermore, to examine the long-run relationships among the variables, we applied 
the Westerlund [79] cointegration test, which addresses the issue of CSD. The null hy-
pothesis of the test is that there is no cointegration among the variables. The findings 
displayed in Table 5 provide mixed evidence of cointegration. Specifically, Gt and Pt are 
statistically significant at the 10% and 5% levels, rejecting the null of no cointegration, while 
Ga and Pa are not significant. Therefore, the results provide partial, rather than uniform, 
evidence of a long-run relationship among the variables. Given this mixed evidence of 
cointegration, along with cross-sectional dependence, the CS-ARDL method is appropriate, 
with the error-correction terms providing additional information on adjustment toward the 
estimated long-run relationship.
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Table 5. Westerlund Test.

Statistic Value Z Value p-Value

Gt −10.651 * 2.854 0.098
Ga −2.089 2.537 0.994
Pt −16.321 ** −2.178 0.015
Pa −4.271 −3.481 1.000

** p < 0.05, * p < 0.1.

4.2. Full Sample Analysis
The CS-ARDL results of the full sample for both Equations (1) and (2) are shown 

in Table 6. Starting with the long-run outcomes of the direct effect (i.e., Model 1), most 
parameters are statistically significant. Specifically, GDP is positively associated with EFP, 
indicating that higher income levels are associated with greater ecological pressure. This 
result supports prior research, such as [60,63]. Additionally, energy use is positively related 
to EFP, consistent with the notion that higher energy usage increases EFP. The findings also 
reveal that population (POP) is positively associated with EFP, consistent with previous 
studies, such as [81]. The long-run effect of FDI is positive, supporting the studies of [62,63]. 
Moreover, the findings indicate that higher digitalization is associated with a lower EFP 
in the long run, supporting H2. This implies that more digitalized countries are less 
likely to experience ecological pressure. This result is also consistent with prior research, 
including [82–84], which report a negative association between digitalization and pollutant 
emissions. Across the two specifications, the error-correction terms (−0.161 and −0.197) are 
negative and less than unity in absolute value, indicating adjustment toward the long-run 
equilibrium. Their magnitudes imply that approximately 16.1% and 19.7% of the previous 
period’s deviation from equilibrium are corrected within one period, respectively.

Table 6. Results of CS-ARDL- Full Sample.

Variable Model 1 Model 2

Long-run results
TGS −0.252 *** −0.298 ***

(0.036) (0.092)
GDP 0.572 *** 0.772 ***

(0.013) (0.013)
ENU 0.679 *** 0.659 ***

(0.034) (0.036)
POP 0.020 ** 0.027 ***

(0.007) (0.004)
FDI 0.039 *** 0.043 ***

(0.010) (0.010)
DIGT −0.154 *** −0.179 **

(0.026) (0.040)
DIGT*TGS −0.381 ***

(0.099)
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Table 6. Cont.

Variable Model 1 Model 2

Short-term results
ECT −0.161 *** −0.197 ***

(0.020) (0.029)
TGS −0.009 −0.008

(0.171) (0.117)
GDP 0.847 *** 0.822 ***

(0.029) (0.019)
ENU 0.0363 * 0.037

(0.019) (0.035)
POP 0.042 *** 0.038 ***

(0.012) (0.010)
FDI 0.009 0.013

(0.022) (0.017)
DIGT −0.219 *** −0.236 ***

(0.046) (0.064)
DIGT*TGS −0.248

(0.228)
Constant −4.865 *** −4.212 ***

(0.193) (0.271)
Observations 2012 1985

Values between ( ) are standard errors; *** p < 0.01, ** p < 0.05, * p < 0.1.

Importantly, the long-run results indicate a significant negative association between 
TGS and EFP, supporting H1. This implies that higher taxes on goods and services are 
consistent with a lower EFP. Several possible mechanisms may explain this outcome. First, 
TGS may raise the relative cost of goods and services with large EFP, discouraging exces-
sive consumption of resource-intensive products. Second, differences in relative prices 
associated with TGS may coincide with differences in consumer demand for cleaner substi-
tutes, such as energy-efficient appliances. Third, TGS revenues may fund environmental 
programs, including investments in renewable energy and clean technologies. Finally, an 
effective TGS system that broadens the base and improves compliance may contribute to the 
internalization of environmental costs, encouraging both producers and consumers toward 
greener choices. This finding aligns with [39], which reported an adverse link between 
indirect taxation and environmental pressure.

In contrast to the long-run analysis, the short-run estimates indicate that the coefficients 
on TGS are statistically insignificant. In addition, several covariates exhibit weaker or non-
robust short-run responses: for instance, ENU and FDI are insignificant in the short run, 
diverging from their positive long-run effects. GDP and population (POP) remain positive 
and significant, consistent with the long-run findings. Digitalization (DIGT) is negative in the 
short run, indicating that higher digitalization is associated with lower EFP in the short run.

Regarding Model 2, which incorporates the interaction between TGS and DIGT, the 
results are generally consistent with Model 1. The coefficients of most control variables 
maintain their signs, indicating that the results remain stable after introducing the interac-
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tion term. TGS continues to exhibit an adverse association with EFP, while digitalization is 
independently associated with a lower EFP.

Regarding the moderating role of digitalization, the results show that the interaction 
between TGS and digitalization is negative and statistically significant in the long run, 
supporting H3, whereas the short-run interaction is not statistically significant. To clarify 
the conditional relationship, we compute the marginal effect of TGS on EFP as a function 
of digitalization, as specified in Equation (2): 𝜕𝐸𝐹𝑃/𝜕𝑇𝐺𝑆 = 𝛾1 + 𝛾7 𝐷𝐼𝐺𝑇. At the 
sample mean of DIGT (−0.282), the marginal effect of TGS is −0.191, indicating an average 
negative association. Figure 2 illustrates how the marginal effect of TGS varies across the full 
observed range of digitalization, together with the corresponding 95% confidence intervals. 
For a more detailed assessment, Appendix D reports the marginal effects at the 10th, 25th, 
50th, 75th, and 90th percentiles of digitalization, along with their 95% confidence intervals.

Figure 2. Marginal Effect of TGS on EFP across the observed range of DIGT.

The marginal-effects analysis indicates that the association between TGS and EFP 
changes from positive at relatively low levels of digitalization to negative at higher levels, 
and is significant at both low and high levels (Appendix D). This pattern aligns with the 
significant negative interaction term and indicates that the TGS-EFP relationship varies 
with digitalization. One possible explanation is that greater digitalization may facilitate 
tax administration and compliance, strengthen monitoring, and support the implemen-
tation of environmental policies. However, our empirical model does not directly test 
these mechanisms; instead, it identifies a conditional association between TGS and EFP 
across different digitalization levels rather than the specific channels through which this 
relationship operates. Future research could examine these channels using more detailed 
data on digital tax administration, tax compliance, monitoring capacity, and environmental 
policy implementation.

4.3. Sub-Samples Analysis
To gain further insights into the link between TGS, digitalization, and EFP, we estimated 

Equations (1) and (2) by splitting the full sample into two sub-samples: (1) low- and lower-
middle-income economies (LLMEs) and (2) upper-middle- and high-income economies 
(UMHEs). The outcomes of the direct effect analysis (i.e., Equation (1)) for the two sub-
samples are shown in columns 2 and 4 of Table 7.
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Table 7. Results of CS-ARDL: LLMEs and UMHEs.

Variable LLMEs UMHEs

Model 1 Model 2 Model 1 Model 2
Long-run results

TGS −0.130 *** −0.118 *** −0.160 ** −0.155 **
(0.040) (0.034) (0.072) (0.070)

GDP 1.410 *** 1.420 *** 0.600 *** 0.660 ***
(0.032) (0.031) (0.011) (0.013)

ENU 0.102 * 0.120 ** 0.085 *** 0.088 ***
(0.053) (0.056) (0.027) (0.029)

POP 0.095 *** 0.108 *** 0.011 * 0.024 ***
(0.015) (0.016) (0.006) (0.007)

FDI −0.048 *** −0.044 *** 0.210 0.195
(0.016) (0.015) (0.185) (0.175)

DIGT −0.040 −0.055 −0.190 *** −0.300 ***
(0.056) (0.050) (0.030) (0.052)

DIGT*TGS −0.165 ** −0.300 ***
(0.075) (0.091)

Short-term results
ECT −0.230 *** −0.252 *** −0.263 *** −0.286 ***

(0.064) (0.058) (0.066) (0.062)
TGS −0.140 −0.170 −0.010 −0.015

(0.123) (0.165) (0.015) (0.019)
GDP 0.068 *** 0.085 *** 0.560 *** 0.660 ***

(0.011) (0.012) (0.027) (0.034)
ENU 0.016 0.017 0.070 0.076

(0.024) (0.025) (0.067) (0.066)
POP 0.053 *** 0.060 *** 0.125 *** 0.110 ***

(0.0095) (0.0068) (0.0238) (0.0265)
FDI 0.078 −0.073 0.120 0.110

(0.069) (0.091) (0.123) (0.125)
DIGT −0.063 −0.051 −0.120 *** −0.115 ***

(0.053) (0.047) (0.036) (0.020)
DIGT*TGS 0.235 −0.205 **

(0.172) (0.103)
Constant −8.30 *** −6.70 *** −5.10 *** −5.05 ***

(0.210) (0.250) (0.330) (0.340)
Countries 31 31 65 65

Observations 648 635 1361 1343
Values between ( ) are standard errors; *** p < 0.01, ** p < 0.05, * p < 0.1.
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The long-run findings indicate a negative association between TGS and EFP in both 
LLMEs and UMHEs. By contrast, the short-run estimates show that TGS is not signifi-
cant, consistent with the full-sample results. Notably, the TGS coefficient is numerically 
larger in absolute magnitude in UMHEs than in LLMEs, although this difference should 
not be interpreted as statistically established. One possible explanation is that UMHEs 
typically exhibit stricter regulatory frameworks and stronger institutional capacity, which 
enhance the effectiveness of tax policy in curbing ecological pressure [85,86]. Conversely, 
LLMEs may face economic and institutional constraints, such as weaker governance, nar-
rower tax bases, and lower digital capacity, that dampen the potential of TGS to improve 
environmental outcomes.

Table 7 indicates that the relationship between digital progress and EFP varies across 
country groups. In UMHEs, digitalization is significantly and negatively associated with 
EFP, whereas the association is statistically insignificant in LLMEs. This result suggests that 
UMHEs may have more mature digital infrastructures, enabling them to enforce tax policies 
effectively. In contrast, LLMEs often lack comparable digital capacity, limiting their ability to 
leverage technology to reduce their EFP. These findings align with [87–89], which reported 
that the impacts of digitalization differ between developed and less developed nations.

Regarding the combined influence of digitalization and TGS on EFP, the estimation re-
sults for the interaction specification (Equation (2)) in columns (3) and (5) of Table 7 show 
that the interaction terms are negative and significant in UMHEs. By contrast, in LLMEs, 
the interaction is insignificant in the short run. The numerical differences in the interaction 
estimates across the two groups may reflect disparities in digital infrastructure, the intensity 
and composition of ecological pressure, and the scale and effectiveness of TGS implementa-
tion within these groups [88,90]. As shown in Appendix E, there are notable differences in 
the digitalization, EFP, and TGS across LLMEs and UMHEs, underscoring the contextual 
factors that condition the effectiveness of TGS in addressing environmental challenges.

4.4. Robustness
4.4.1. Alternative Estimators (CCEMG and AMG)

To evaluate the reliability of the CS-ARDL estimates, we re-estimated the long-run 
relationships using the CCEMG and AMG estimators.

Both CCEMG and AMG account for cross-country heterogeneity, common factor, and 
cross-sectional dependence. The results reported in Table 8 are broadly consistent with 
the baseline CS-ARDL estimates. Although coefficient magnitudes vary somewhat across 
estimators, the main relationships remain similar. In particular, TGS retains a negative and 
statistically significant association with EFP, supporting the full-sample CS-ARDL results 
in Table 6. The interaction term is also negative, indicating that the negative association 
between TGS and EFP becomes stronger as digitalization increases. Overall, these results 
support the robustness of the baseline finding.

Table 8. Results of CCEMG and AMG Estimators.

Variable CCEMG AMG

Model 1 Model 2 Model 1 Model 2
TGS −0.240 *** −0.295 *** −0.220 *** −0.310 ***

(0.040) (0.090) (0.038) (0.095)
GDP 0.575 *** 0.780 *** 0.590 *** 0.805 ***

(0.015) (0.014) (0.016) (0.015)
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Table 8. Cont.

Variable CCEMG AMG

ENU 0.670 *** 0.655 *** 0.690 *** 0.670 ***
(0.037) (0.039) (0.040) (0.041)

POP 0.0194 ** 0.0250 *** 0.0201 ** 0.0267 ***
(0.0084) (0.0046) (0.0080) (0.0042)

FDI 0.0380 *** 0.0415 *** 0.0405 *** 0.0430 ***
(0.0110) (0.0120) (0.0113) (0.0118)

DIGT −0.150 *** −0.136 * −0.158 *** −0.202 **
(0.027) (0.077) (0.029) (0.096)

DIGT*TGS −0.360 *** −0.345 ***
(0.102) (0.110)

Observations 2018 1989 2026 1995
Values between ( ) are standard errors; *** p < 0.01, ** p < 0.05, * p < 0.1.

4.4.2. Robustness to Alternative Measure of TGS
As an additional sensitivity check, we re-estimate the models using an alternative 

proxy for the key independent variable, TGS. Specifically, instead of measuring TGS as a 
share of GDP, we redefine it as a percentage of total government revenue. This alternative 
measure captures the importance of TGS within the overall fiscal structure, rather than its 
size relative to the economy. This exercise assesses whether the estimated relationship is 
sensitive to the choice of denominator. Table 9 presents the CS-ARDL results using this 
alternative measure.

Table 9. Results of CS-ARDL (Independent variable: TGS as share of total revenue).

Variable Model 1 Model 2

Long-run results
TGS −0.412 *** −0.465 ***

(0.058) (0.121)
DIGT −0.182 *** −0.205 ***

(0.031) (0.049)
DIGT*TGS — −0.528 ***

(0.138)
Control variables Yes Yes

Short-run results
ECT −0.174 *** −0.208 ***

(0.023) (0.032)
TGS −0.015 −0.012

(0.198) (0.139)
DIGT −0.231 *** −0.247 ***

(0.052) (0.071)
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Table 9. Cont.

Variable Model 1 Model 2

DIGT*TGS — −0.301
(0.251)

Control variables Yes Yes
Constant −4.972 *** −4.356 ***

(0.214) (0.289)
Observations 2014 1987

Values between ( ) are standard errors; *** p < 0.01.

The estimated coefficient of TGS remains consistent in sign and significance in the long 
run, although its magnitude is higher than in the baseline model. This reflects the relatively 
larger role of TGS when measured as a share of total government revenue rather than GDP. 
Furthermore, the interaction term remains negative, indicating that higher digitalization is 
associated with a stronger negative relationship between TGS and EFP.

5. Conclusions and Recommendations
Fiscal policy is increasingly documented as a vital tool for addressing environmental 

challenges. Among its instruments, taxation is expected to play a significant role in reducing 
EFP and responding to the growing threats of environmental degradation. Despite a 
substantial body of literature on environmental taxes, the role of broad taxation, such as 
TGS, in influencing EFP has received limited attention because of the lack of cross-country 
tax data. This study addresses this gap by investigating the association between TGS and 
EFP, using newly released government revenue data from UNU-WIDER, and examining 
the moderating role of digitalization.

The results indicate that higher TGS is associated with lower EFP in the long run, sug-
gesting an important link between taxes on goods and services and ecological pressure. In 
addition, digitalization is negatively and significantly associated with EFP in both the full 
sample and the lower- and higher-income groups. However, in lower-income countries, the 
relationship is insignificant, which may reflect differences in digital infrastructure and capacity. 
Notably, the analysis reveals that greater digitalization is associated with a stronger negative 
relationship between TGS and EFP. This interaction suggests that the relationship between 
TGS and EFP becomes stronger at higher levels of digitalization. Moreover, the combined 
effect of digitalization and taxation differs across income groups, suggesting that the relation-
ship between TGS and ecological pressure varies with digitalization and a country’s stage of 
development. Furthermore, the findings are supported by alternative estimation approaches, 
including CCEMG and AMG, as well as an alternative proxy for the key independent variable.

The study offers several policy implications for environmental sustainability. First, 
rather than supporting broad increases in TGS, the findings suggest that policymakers could 
consider TGS as part of a broader environmental policy framework, with greater attention 
to goods and services associated with higher environmental impacts. Second, digitalization 
may be a complementary factor shaping the observed association between TGS and environ-
mental outcomes. In lower-income countries, expanding digital infrastructure and digital 
tax administration, including e-tax platforms and data-driven compliance systems, may 
help strengthen tax administration and facilitate the implementation of environmental fiscal 
measures. Finally, improving digital access and information systems can facilitate greater 
engagement among citizens and firms and may support better coordination between fiscal 
and environmental policies.
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Despite its contributions, this paper has some limitations. First, although it uses newly 
available data from UNU-WIDER, the TGS variable is measured at an aggregate level, 
which may mask important differences across tax types. Digitalization may also be subject 
to measurement error due to limitations in the underlying indicators. Second, although 
complementary econometric methods are applied, the endogeneity arising from reverse 
causality and omitted-variable bias cannot be completely ruled out. Third, although this 
study covers a wide range of countries, future research could extend the analysis to a 
broader set of countries. The income-group analysis is complementary, and we did not 
formally test for statistical equality of coefficients across LLMEs and UMHEs. Fourth, 
data availability constrains the model, leading us to omit some relevant institutional and 
economic factors, such as governance quality, trade openness, and renewable-energy use. 
Fifth, the mechanisms linking TGS and digitalization to EFP are discussed conceptually but 
are not directly tested. Future research could examine these channels using more detailed 
data on tax administration, government capacity, and institutional conditions. Finally, the 
study does not explicitly assess whether individual countries, particularly large economies, 
exert disproportionate influence on the estimated results.
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CO2 Carbon Dioxide
CS-ARDL Cross-sectionally Augmented Autoregressive Distributed Lag
CSD Cross-Sectional Dependence
EFP Ecological Footprint
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TGS Taxes on Goods and Services
UNU-WIDER United Nations University World Institute for Development Economics
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Appendix A. PCA Results

Table A1. PCA results for the digital infrastructure sub-index.

Indicator PC1 Loading

Fixed telephone subscriptions 0.756
Mobile cellular subscriptions 0.771

Fixed broadband subscriptions 0.904
Eigenvalue 1.9829

Explained variance (%) 66.10

Table A2. PCA results for the digital trade sub-index.

Indicator PC1 Loading

ICT goods exports (% of total exports) 0.967
ICT goods imports (% of total imports) 0.967

Eigenvalue 1.8704
Explained variance (%) 93.52

Table A3. PCA results for the social impact sub-index.

Indicator PC1 Loading

Individuals using the Internet (%) 0.870
Medium- and high-tech manufacturing value added 0.870

Eigenvalue 1.5141
Explained variance (%) 75.70

Table A4. PCA results for the overall digitalization index (DIGT).

Panel A: Component statistics
Component Eigenvalue Explained Variance (%) Cumulative (%)

PC1 1.9711 65.70 65.70
PC2 0.8968 29.89 95.60
PC3 0.1321 4.40 100.00

Panel B: PC1 loadings
Pillar Index PC1 Loading

Digital infrastructure 0.888
Digital trade 0.510
Social impact 0.961

Note: All underlying indicators have positive loadings on the retained first principal component, 
consistent with the conceptual interpretation of the indicators as dimensions of digitalization. The 
first principal component was retained based on the eigenvalue greater than one criterion.
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Appendix B. CS-ARDL Lag Structure Selection Based on AIC and BIC

Model Specification AIC BIC Comment

Baseline CS-ARDL(1,0,0,0,0,0,0) −3.012 −2.745 Not preferred
Baseline CS-ARDL(1,0,0,2,0,0,1) −3.189 −2.813 Preferred
Baseline CS-ARDL(2,0,0,0,0,0,0) −2.850 −2.638 Not preferred
Baseline CS-ARDL(2,0,0,1,0,0,1) −2.917 −2.762 Not preferred

Interaction CS-ARDL(1,0,0,0,0,0,0,0) −3.041 −2.688 Not preferred
Interaction CS-ARDL(1,0,0,1,0,0,1,0) −3.126 −2.741 Preferred
Interaction CS-ARDL(1,0,0,1,0,1,1,0) −3.087 −2.703 Not preferred

Appendix C. List of Countries
Low- and lower-middle-income economies (LLMEs) (31).
Bangladesh, Bhutan, Burkina Faso, Cambodia, Cameroon, Congo (Rep.), Côte d’Ivoire, 

DRC, Egypt, Eswatini, Ethiopia, Ghana, Guatemala, Honduras, Kenya, Kyrgyzstan, Lesotho, 
Madagascar, Mali, Morocco, Nicaragua, Niger, Nigeria, Pakistan, Papua New Guinea, 
Rwanda, Senegal, Togo, Tunisia, Uganda, and Uzbekistan.

Upper-middle- and high-income economies (UMHEs) (65).
“Albania, Argentina, Armenia, Australia, Austria, Barbados, Belgium, Bosnia and 

Herzegovina, Brazil, Bulgaria, Canada, Cape Verde, Chile, China, Costa Rica, Croatia, Cuba, 
Cyprus, Czechia, Denmark, Dominican Republic, El Salvador, Estonia, Finland, France, 
Georgia, Germany, Greece, Hungary, Indonesia, Ireland, Israel, Italy, Japan, South Korea, 
Latvia, Lithuania, Luxembourg, Malaysia, Malta, Mauritius, Mexico, Mongolia, Netherlands, 
New Zealand, Norway, Paraguay, Peru, Poland, Portugal, Romania, Russian Federation, 
Singapore, Slovak Republic, Slovenia, South Africa, Spain, Sweden, Switzerland, Thailand, 
Trinidad and Tobago, Turkey, Ukraine, United Kingdom, and United States.”

Appendix D. Marginal Effects of TGS on EFP at Different Levels 
of Digitalization

DIGT Marginal Effect SE 95% CI p-Value

10th 0.469 0.138 [0.199, 0.739] 0.001
25th 0.259 0.107 [0.049, 0.469] 0.016
50th −0.127 0.100 [−0.323, 0.069] 0.204
75th −0.635 0.110 [−0.851, −0.419] 0.001
90th −0.939 0.133 [−1.200, −0.678] 0.001

Appendix E. Summary Statistics of Variables Across Country Groups

Variable
LLMEs Nations UMHEs Nations

Mean SD Mean SD

EFP 3.193 2.446 3.814 3.388
TGS 6.303 2.744 10.806 3.678
GDP 1615.80 989.60 22,384.45 21,280.44
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Variable
LLMEs Nations UMHEs Nations

Mean SD Mean SD

ENU 6.414 3.821 4.558 2.735
POP 37.00 51.30 54.00 171.00
FDI 3.021 3.405521 8.524 31.647

DIGT −1.296 0.490 0.621 1.048
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