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Abstract

Digitalization and the, more recent, diffusion of artificial intelligence (AI)
are transforming energy systems worldwide, yet their net climate impact
remains unclear. Do new technologies and digitalization increase carbon
emissions through higher electricity demand or enable decarbonization
through efficiency gains? Using a global panel of 180 countries from 2000-
2021, we examine how digitalization, as a precursor to AI adoption, affects
CO2 emissions per capita in the power sector. We construct a digitaliza-
tion index and estimate panel fixed effects models. We further exam-
ine heterogeneity by electricity mix and digital capacity, explore possible
mechanisms, and use a difference-in-differences design around the 2015
Paris Agreement. Results reveal three main patterns. First, higher dig-
italization is associated with higher power-sector emissions on average.
Second, digitalization is associated with lower emissions only in coun-
tries with high digital capacity and relatively cleaner electricity systems.
Third, mechanisms tests suggest that digitalization increases electricity
consumption (demand channel), while its benefits depend mainly on coun-
tries’ digital capacity (efficiency channel). The difference-in-differences
results further suggest that high-digital and less fossil-intensive countries
experienced a relative decline in power sector emissions after the Paris
agreement. The findings suggest that digitalization, and by extension AI
adoption, is not inherently green. Its climate impact depends on whether
digital expansion is accompanied by sufficient digital capacity and cleaner
electricity generation.
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Introduction

The global energy system is undergoing a profound transformation, driven by
efforts to lower carbon emissions and by rapid technological change. Central
to this transformation is the growing role of digital technologies and artificial
intelligence (AI), which are increasingly embedded across energy systems, from
electricity generation and grid management to emissions monitoring and oper-
ational optimization. Recent reports suggest that digitalization and the rapid
expansion of AI will play a significant role in shaping future energy pathways,
including those consistent with net-zero emission targets (International Energy
Agency, 2025). However, despite their expanding footprint, the implications of
these technologies for carbon emissions remain poorly understood.

A growing body of research and policy reports highlights the potential of
digital technologies to support the energy transition and decarbonization. AI-
enabled applications are already used for grid optimization, predictive main-
tenance, renewable energy integration, and emissions detection, all of which
can improve system efficiency and reduce operational emissions (Algburi et al.,
2025; Argonne National Laboratory, 2024; Department of Energy, 2025; Li et
al., 2025; Song et al., 2024; Q. Zhao et al., 2024). In fossil fuel industries, AI
has also been used to detect leaks and optimize production processes, poten-
tially lowering emissions intensity (International Energy Agency, 2025; KPMG,
2025). These developments suggest that digitalization can act as an enabler
of decarbonization by reducing waste, improving monitoring, and facilitating
cleaner and more efficient energy systems.

However, digitalization also introduces a countervailing demand-side pres-
sure through rising electricity consumption. The rapid expansion of data cen-
ters, cloud computing, and AI model training has substantially increased elec-
tricity demand. Global data centers consumed approximately 415 terawatt-
hours (TWh), or about 1.5% of total global electricity consumption in 2024,
and this figure is expected to more than double to around 945 TWh by 2030
(International Energy Agency, 2025). Much of this additional demand is still
met by fossil-based electricity in many countries: Recent evidence shows that
data center energy use and associated emissions have increased sharply, raising
concerns that digital technologies may amplify emissions in carbon-intensive
electricity systems (CarbonBrief2024; Harding & Moreno-Cruz, 2025; Xiao
et al., 2025). As a result, digitalization simultaneously generates efficiency gains
and additional energy demand, rendering its net effect on emissions theoretically
ambiguous.

This concern is particularly important in the context of cross-country het-
erogeneity in electricity systems and digital capacity. Countries differ in their
electricity generation mixes, ranging from fossil-intensive systems dominated by
oil, gas, and coal to cleaner systems with higher shares of renewables, hydro, or
nuclear power. Countries also differ in their level of digital capacity, which may
shape whether digital technologies are used mainly to expand electricity demand
or to improve system efficiency. In addition, the adoption of the Paris Agreement
in 2015 marked a turning point in global climate governance with incentives for
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countries to align technological change with emissions reduction goals (Chishti et
al., 2024). However, despite these commitments, recent evidence indicates that
global emissions remain substantial. UNEP’s 2025 Emissions Gap Report finds
that full implementation of current Nationally Determined Contributions would
still place the world on a roughly 2.3–2.5◦C warming path, while current poli-
cies imply warming of up to 2.8◦C (United Nations Environment Programme,
2025). This gap makes the emissions effects of digitalization and new technolo-
gies especially significant: rising electricity demand from cloud computing and
data centers may reinforce emissions in fossil-intensive power systems, but digi-
talization may support decarbonization where digital capacity is combined with
cleaner electricity supply.

The main question addressed in this paper is the following: How does dig-
italization affect carbon dioxide emissions from the power sector across coun-
tries? In addressing this question, we consider whether the impact of digital-
ization depends on the carbon intensity of national electricity systems, the level
of countries’ digital capacity, and their global climate commitments. Using a
panel of countries over the period 2000-2021, we examine whether digitalization
increases power-sector emissions through rising electricity demand, or instead
contributes to decarbonization through efficiency gains, particularly in highly
digitalized economies with cleaner electricity mixes.

The paper contributes to the growing literature on AI, digitalization, and
decarbonization in several ways. First, we focus on power-sector CO2 emis-
sions, the sector most directly affected by digital infrastructure, data centers,
and AI-related electricity demands, rather than aggregated emissions or renew-
able shares commonly studied in the literature (Chen et al., 2022; Song et al.,
2024; Q. Wang, Li, & Li, 2024; Q. Zhao et al., 2024). Second, instead of
relying on narrow proxies such as industrial robot or patent counts, we con-
ceptualize digitalization as an enabling infrastructure for cloud computing and
AI adoption, allowing for consistent cross-country and long-run comparisons.
Third, we examine heterogeneity by electricity mix and digital capacity, iden-
tifying conditions under which digitalization shifts from emissions-increasing to
emissions-reducing. Finally, we explore the 2015 Paris Agreement as a policy
shock to assess whether strengthened global climate commitments altered the
relationship over time.

The results show that digitalization has a positive and statistically significant
effect on power sector CO2 emissions: a one-unit increase in the digitalization
index is associated with 0.47 log-point increase in power-sector emissions per
capita, and the results remain robust as additional controls are introduced.
This finding is consistent with the demand-side channel: digital infrastructure
and AI-related services increase electricity use, which can raise emissions when
electricity generation remains carbon-intensive. Moreover, the results show that
this relationship is heterogeneous across countries. The strongest emissions-
reducing effect is observed among high-digital countries with non-fossil-intensive
electricity systems.

The difference-in-differences results around the 2015 Paris agreement pro-
vide additional evidence that the relationship changed after 2015. Countries
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that were both highly digitalized and less fossil-intensive experienced a relative
decline in power-sector emissions after 2015. Mechanisms test further suggest
that digitalization is associated with higher electricity consumption, while its
efficiency benefits depends mainly on countries’ digital capacity. In addition, to
reinforce the validity of our empirical strategy, we conduct a series of robustness
checks including alternative measure of digitalization based on AI investment,
dynamic panel specifications, Driscoll-Kraay standard errors, and alternative
sample definitions, which confirm that the main findings are not driven by model
specification.

Literature Review

A growing literature documents the rapid diffusion of digital technologies and
AI across energy systems, with applications ranging from grid optimization and
predictive maintenance to emissions monitoring and resource mapping. At the
same time, concerns have intensified regarding the energy footprint of digital
infrastructure itself, particularly the electricity demand associated with data
centers, cloud computing, and AI training. As a result, the implications of digi-
talization for carbon emissions remain theoretically ambiguous and empirically
unsettled.

On one side, a growing body of work emphasizes the efficiency-enhancing
and decarbonization potential of digital technologies. Studies show that dig-
ital tools can improve grid management, reduce transmission losses, enhance
demand response, and facilitate the integration of variable renewable energy
sources (Dong et al., 2024; Masanet et al., 2020; Song et al., 2024; Q. Wang,
Zhang, et al., 2024). AI-enabled monitoring technologies have also been shown
to improve emissions detection and reporting, particularly in emissions-intensive
sectors such as oil and gas (X. Wang, 2025; A. Zhang et al., 2025). Another body
of research highlights that AI can accelerate energy transitions by supporting
renewable energy innovation, upgrading electricity structures, and improving
system-level coordination, especially when supported by strong regulatory ca-
pacity and institutional quality (Li et al., 2025; Shao et al., 2025; B. Wang et al.,
2024; Q. Zhao et al., 2024).

Related work examines the role of digital transformation within the power
sector itself. Huang and Lin (2023), using cross-country panel data, show that
higher levels of electricity-sector digitalization are associated with lower car-
bon intensity of power generation, primarily through improvements in energy
structure and renewable integration. While their findings highlight the decar-
bonization potential of digital technologies within electricity systems, the anal-
ysis focuses on carbon intensity rather than total power-sector CO2 emissions
and does not examine how the emissions impact of digitalization varies across
electricity systems or policy regimes.

At the same time, another strand of the literature points to the energy-
demand channel of digitalization. Expanding digital infrastructure, including
data centers, broadband networks, and AI-driven services, substantially in-
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creases electricity consumption, often supplied by fossil-based power systems
in the absence of sufficient clean generation capacity (Harding & Moreno-Cruz,
2025; Jones, 2018; Masanet et al., 2020; Xiao et al., 2025). From this perspec-
tive, digitalization may raise carbon emissions by stimulating electricity demand
faster than the decarbonization of the power sector, particularly in countries
with fossil-intensive electricity mixes.

More recent studies increasingly emphasize heterogeneity and conditional
effects. Rather than treating digitalization or AI as inherently “green” or
“brown,” this literature suggests that their climate impact depends on struc-
tural conditions such as the electricity mix, institutional quality, technological
innovation, and trade openness (Chen et al., 2022; P. Zhao et al., 2022).

More specifically, Dong et al. (2024) use a panel sample of 50 countries to
examine the impact of AI on the energy transition. Considering direct, indirect,
and threshold effects, they find that AI has a significant impact on facilitating
the energy transition and provide insights into the mechanism of AI’s impact on
the energy transition. On the threshold effect, they consider regulatory qual-
ity to check the ability of governments to formulate and implement regulations
and sound policies to permit and promote private sector development, empha-
sizing that an appropriate level of regulation is crucial for AI to facilitate the
energy transition. Q. Wang, Zhang, et al. (2024) study the role of AI in carbon
emissions reduction and energy transformation in the context of trade openness
using panel data for 69 countries (1993–2019). They find that AI promotes both
energy transition and carbon emissions reduction, with trade openness acting
as a mediating channel, and they also document nonlinear effects. X. Wang
(2025) examines the role of AI in accelerating energy transition in OECD coun-
tries and reports that environmental policy stringency has a substantial positive
impact on the transition, using panel data for 31 OECD countries (1990–2019).
W. Zhang et al. (2025) analyze BRICS countries (2005–2019) and find that
AI promotes both explicit and implicit energy transition; they also report that
natural resource dependence negatively moderates the AI–energy transition re-
lationship, while knowledge production positively moderates it. A. Zhang et al.
(2025) study 35 OECD countries and find that institutional quality plays a sig-
nificant moderating role in reducing CO2 emissions, while AI may negatively
affect environmental performance through higher carbon emissions. Chishti et
al. (2024) examine the dynamic relationship between artificial intelligence, the
Paris Agreement, and energy transition using QVAR and cross-quantilogram
methods. They find that the effects of AI and the Paris Agreement vary across
time horizons and market conditions, with both AI and the Paris Agreement
contributing positively to energy transition in the long run. Q. Wang, Li, and Li
(2024) use panel data from 67 countries over the period 1993–2019 to examine
the effects of AI on ecological footprints, carbon emissions, and energy transi-
tions. Using SYS-GMM and dynamic panel threshold models, they find that
AI significantly reduces carbon emissions and promotes energy transition, with
stronger environmental benefits emerging at higher levels of AI development.

Despite these advances, several gaps remain. First, most existing stud-
ies focus on aggregate carbon emissions or renewable energy outcomes, rather

5



than isolating emissions from the power sector–the sector most directly affected
by digital infrastructure and AI-related electricity demand. Second, much of
the empirical literature relies on single proxies for AI adoption (e.g., industrial
robots or patent counts), which capture narrow aspects of AI deployment and
are poorly suited for global, long-run comparisons. Third, while recent studies
acknowledge heterogeneity, few explicitly examine threshold-type dynamics. Fi-
nally, existing work has paid limited attention to how global climate policy may
alter the way digital capabilities translate into emissions outcomes over time.

This paper contributes to the literature by addressing these gaps in four
ways. First, it focuses on power-sector CO2 emissions per capita. Second,
it conceptualizes digitalization as an enabling infrastructure for AI adoption.
Third, the analysis explicitly incorporates heterogeneity by electricity mix and
digital capacity. Finally, the paper exploits the 2015 Paris Agreement as a policy
regime shift that may change how digitalization maps into emissions outcomes.

Theoretical Framework: Digitalization, Artificial
Intelligence, and CO2 Emissions

Digitalization and the diffusion of AI are reshaping energy systems worldwide,
yet their implications for power-sector carbon dioxide (CO2) emissions remain
theoretically ambiguous. Digital technologies simultaneously generate efficiency
gains and also additional electricity demand, implying that digitalization can
be neither inherently emissions-reducing nor emissions-increasing. Its net ef-
fects depend on the channels through which digital technologies affect energy
consumption and on the structure of the electricity system in which these tech-
nologies are deployed.

In this section, we outline the main channels through which digitalization
and AI may affect power-sector CO2 emissions. These channels operate through
electricity demand, energy efficiency, optimization and substitution, and the
supply-side structure of the electricity system in which these technologies are
deployed.

A first channel operates through electricity demand. Digitalization increases
electricity consumption directly through the growth of data centers, cloud com-
puting, and AI-related activities. In addition, the penetration of digital tech-
nologies across the economy can raise productivity, lower costs, and facilitate
the expansion of digital services and automation, further increasing aggregate
electricity demand. In contexts where electricity generation is heavily based on
fossil fuels, demand induced by digitalization is therefore likely to translate into
higher power-sector CO2 emissions.

A second channel operates through efficiency, optimization, and substitution
effects within the energy and electricity sectors. Digital technologies and AI-
enabled applications can improve grid management, demand forecasting, predic-
tive maintenance, and system coordination, reducing operational inefficiencies
and transmission losses. By improving the efficiency with which electricity is
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generated, transmitted, and consumed, digitalization can reduce emissions in-
tensity and support decarbonization. However, these efficiency gains may be
offset by increases in electricity demand, rendering the net effect uncertain.

A third channel operates on the supply-side of electricity generation. Digi-
talization and AI can increase productivity across energy technologies, includ-
ing both renewable and fossil-based generation. In fossil-intensive electricity
systems, digital tools can enhance plant efficiency and reduce operating costs,
potentially reinforcing fossil electricity supply. In cleaner systems, similar tech-
nologies may accelerate renewable deployment and integration. Digitalization
therefore does not intrinsically favor low-carbon energy sources; rather, it am-
plifies the productivity and scalability of existing technologies, with emissions
outcomes shaped by the underlying energy mix, grid infrastructure, and struc-
tural constraints.

These channels imply that the emissions impact of digitalization depends
critically on the carbon intensity of national electricity systems. Where gener-
ation is fossil-intensive and clean alternatives face binding constraints, demand
effects are likely to dominate, resulting in higher power-sector CO2 emissions. In
contrast, in countries with cleaner electricity mixes and sufficiently high digital
capacity, efficiency and substitution effects may prevail, allowing digitalization
to contribute to emissions reductions.

This framework highlights the importance of cross-country heterogeneity and
threshold effects. Countries differ in electricity generation structures, access to
renewable resources, digital readiness, and institutional capacity to deploy low-
carbon technologies. As a result, the relationship between digitalization and
power-sector emissions is unlikely to be uniform across countries. Digitalization
may increase emissions at low levels of digital capacity or in fossil-intensive sys-
tems, while becoming emissions-reducing only once countries reach sufficiently
high digital development and/or electricity-system cleanliness.

Finally, the adoption of the 2015 Paris Agreement represents a turning point
in global climate governance, strengthening incentives for countries to align tech-
nological change with decarbonization objectives. Under such policy regimes,
digitalization and AI may increasingly be deployed to support emissions mon-
itoring, renewable integration, and system optimization rather than fossil ex-
pansion. Consequently, the relationship between digitalization and power-sector
CO2 emissions may evolve over time, particularly in highly digitalized countries
with cleaner electricity systems.

In sum, the theoretical framework builds on two opposing but complemen-
tary channels. The demand channel predicts that digitalization increases elec-
tricity demand through expanded digital services, data centers, and automation,
leading to higher power-sector emissions when electricity generation is fossil-
based. In contrast, the efficiency and substitution channel predicts that digital-
ization and AI can reduce emissions by improving system efficiency, optimizing
grids, and enabling cleaner electricity integration. Which channel dominates de-
pends on a country’s digital capacity, electricity mix, and policy environment.

These mechanisms give rise to the following testable hypotheses:
Hypothesis 1: Higher levels of digitalization are associated with higher
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power-sector CO2 emissions.
Digital infrastructure, data centers, and AI-enabled services increase elec-

tricity consumption directly, while productivity gains and economic expansion
raise electricity demand indirectly. In the presence of fossil-based marginal elec-
tricity generation, these demand effects are expected to increase power-sector
emissions on average.

Hypothesis 2: The relationship between digitalization and power-sector
CO2 emissions depends on the carbon intensity of electricity systems.

When electricity generation relies heavily on fossil fuels, increases in elec-
tricity demand induced by digitalization are more likely to be met by carbon-
intensive generation. Cleaner electricity systems can absorb additional demand
with lower emissions consequences.

Hypothesis 3: Digitalization reduces power-sector CO2 emissions only in
countries with sufficiently high digital capacity and cleaner electricity systems.

At low levels of digital capacity, digitalization primarily increases electricity
demand without enabling substantial system-level efficiency gains. Once coun-
tries reach high digital readiness and operate relatively clean electricity systems,
digital technologies and AI can be deployed more effectively in grid optimiza-
tion, renewable integration, and emissions monitoring, allowing digitalization to
contribute to emissions reductions.

Hypothesis 4: The emissions impact of digitalization becomes more neg-
ative after the adoption of the 2015 Paris Agreement, particularly in highly
digitalized countries with cleaner electricity systems.

The Paris Agreement strengthened incentives for decarbonization and may
have redirected digitalization toward emissions-reducing applications rather than
fossil expansion. As a result, the relationship between digitalization and power-
sector CO2 emissions is expected to shift over time, with stronger decarboniza-
tion effects in the post-2015 period.

Research Design

Identification strategy

To test the hypotheses and examine how digitalization affects carbon emis-
sions from the power sector, we estimate panel fixed-effects models that exploit
within-country variation over time while controlling for time-invariant hetero-
geneity across countries and common global shocks. The baseline specification
is:

COpower
2,it = β0 + β1 Digitali,t−1 +

k∑
n=1

βn Zn,i,t−1 + αi + δt + εit. (1)

where COpower
2,it denotes per capita CO2 emissions from the power sector in coun-

try i and year t. αi and δt capture country and year fixed effects, respectively.
The main explanatory variable, Digitali,t−1, measures the level of digitalization
and is lagged by one period to mitigate simultaneity concerns and short-run

8



fluctuations. Zn,i,t−1 denotes a vector of control variables, including income
per capita (and its square), urbanization, and industrial value added. εit is an
idiosyncratic error term. Standard errors are clustered at the country level.

The fixed-effects estimator exploits within-country variation over time and
controls for time-invariant unobserved heterogeneity across countries, as well as
common global shocks affecting all countries in a given year.

To investigate heterogeneity in the relationship between digitalization and
power-sector CO2 emissions, we extend the baseline model using interaction
terms rather than splitting the sample. This approach allows us to test di-
rectly whether the marginal effect of digitalization differs by electricity-system
characteristics and by countries’ digital capacity.

We consider two sources of heterogeneity. First, we distinguish fossil-intensive
electricity systems from less fossil-intensive systems. Countries are classified as
fossil-intensive electricity producers if their average fossil share of electricity
generation exceeds 70 percent, based on time-invariant country means. Second,
we classify countries as high-digital if their average digitalization index is above
the 75th percentile of the global distribution.

We next examine whether the relationship between digitalization and power-
sector emissions changed after the 2015 Paris Agreement using a difference-in-
differences (DiD) design. The Paris Agreement is treated as a global climate-
policy regime shift that may have altered how digital capabilities are deployed
in the power sector. We define the post-treatment period as the years after the
adoption of the agreement, with Post2015t equal to one for years t ≥ 2016 and
zero otherwise.

The treatment group consists of countries classified as both highly digitalized
and non-fossil-intensive, based on the time-invariant country classifications used
in the heterogeneity analysis. This definition reflects the theoretical expectation
that digitalization is more likely to contribute to decarbonization when countries
have sufficient digital capacity and a relatively cleaner electricity system. The
comparison group includes all other countries.

We also estimate an augmented specification that interacts the post-2015
indicator with the digitalization index. This allows us to examine whether the
marginal effect of digitalization itself changed after the Paris Agreement, rather
than only whether treated countries experienced a relative decline in emissions
after 2015.

To operationalize digitalization in a comparable cross-country setting, we
construct a composite digitalization index based on eight indicators that reflect
access to, use of, and capacity for information and communication technologies
(ICTs). Specifically, the index incorporates measures of internet usage, broad-
band subscriptions, mobile cellular subscriptions, fixed telephone lines, secure
internet servers, and related ICT infrastructure indicators.1 Together, these
variables capture both the diffusion of digital services on the demand side and

1The eight ICT indicators are fixed telephone subscriptions, mobile cellular subscriptions,
international bandwidth per user, share of households with a computer, share of households
with internet access, share of individuals using the internet, fixed broadband subscriptions,
and active mobile broadband subscriptions.
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the underlying digital infrastructure on the supply side.
Each indicator is first standardized to ensure comparability across countries

and over time. Let Zi,k,t denote the standardized value of digital indicator k
for country i in year t, where k = 1, . . . , 8. We then apply principal component
analysis (PCA) and retain the first principal component, which captures the
largest share of common variation across the digital indicators. Let wk denote
the PCA loading associated with indicator k.

The composite digitalization index for country i in year t is constructed as:

Digitali,t =

∑8
k=1 wk Zi,k,t∑8

k=1 wk

. (2)

The resulting index is rescaled to range from 0 to 100, with higher values in-
dicating greater levels of digital development. This approach follows the broader
literature that treats digitalization as an enabling infrastructure rather than a
single technology. By aggregating multiple ICT dimensions into a composite
measure, the index captures sustained digital readiness rather than short-term
adoption of individual technologies, making it particularly suitable for global,
long-run analysis and for studying the conditions under which advanced dig-
ital tools, including artificial intelligence applications, can affect energy and
emissions outcomes. Figure 1 provides a descriptive check of the digitalization
index over time. The global average rises steadily between 2000 and 2023, in-
dicating broad cross-country growth in digital infrastructure and ICT access.
The selected country trends also show substantial heterogeneity, with advanced
economies starting from higher levels while China and India experience faster
growth from lower initial levels. 2

To reduce short-run noise and measurement error, all explanatory variables,
including the digitalization index, are lagged by one year.

Additionally, we conduct a series of robustness checks following the related
literature. First, we examine the sensitivity of the findings to alternative mea-
sures of digitalization by employing an AI-focused indicator based on investment
data, albeit for a restricted sample of OECD countries. Second, we re-estimate
the baseline specifications using Driscoll–Kraay standard errors to account for
potential cross-sectional dependence and serial correlation. Third, we estimate
dynamic panel specifications that include a lagged dependent variable to ad-
dress persistence in power-sector emissions and potential dynamic adjustment.
Finally, we perform a set of complementary robustness checks using alternative
sample definitions. Taken together, these exercises help ensure that the main
results are not driven by model specification, sample composition, or inference
assumptions.

2As an external validity check, we compared our digitalization index in 2023 with the 2025
Government AI Readiness Index. The two measures are strongly and positively correlated:
the Pearson correlation is 0.667 and the Spearman rank correlation is 0.667, both based on
178 countries.
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Data

This study combines data from multiple international sources to construct an
unbalanced country-year panel covering 180 countries over the period 2000-
2021. The sample period is chosen to capture the rapid global expansion of
digital technologies and the associated acceleration in electricity demand, while
ensuring broad data availability across countries and variables.

The dependent variable is power sector (industry) CO2 emissions per capita,
measured as carbon dioxide emissions from electricity and heat generation di-
vided by total population. Focusing on power sector emissions, rather than
aggregate national emissions, allows for a more direct assessment of the chan-
nels through which digitalization and AI-related technologies affect emissions,
given their reliance on electricity-intensive infrastructure such as data centers,
networks, and automated systems.

The main explanatory variable is digitalization index, constructed by using
data from the International Telecommunication Union (ITU). The index ag-
gregates eight indicators capturing access to and use of digital infrastructure,
including fixed and mobile telephony, broadband connectivity, internet use, and
household access to computers and the internet. This measure captures the
broader digital ecosystem that enables the deployment and diffusion of AI ap-
plications, rather than AI adoption per se, which remains difficult to measure
consistently across countries over time.

We also include a standard set of control variables commonly used in the
literature. These include real GDP per capita (and its squared term) to capture
nonlinear income-emissions relationships, the urbanization rate, to account for
higher electricity use associated with dense economic activity. The industry
share of GDP controls for differences in economic structure, as more industrial-
ized economies tend to reply more heavily on electricity-intensive production.

Summary statistics for all variables are reported in Appendix Table A1.
Detailed variable definitions and data sources are provided in Appendix Ta-
ble A2, while pairwise correlations among the main variables are presented in
Appendix Table A3. Variance Inflation Factor (VIF) test results used to assess
multicollinearity are summarized in Appendix Table A4.

Results

Table 1 reports the baseline fixed-effects estimates of Equation (1), examining
the relationship between digitalization and per capita CO2 emissions from the
power sector. Across all specifications, the digitalization index enters with a
positive and statistically significant coefficient. A one-unit increase in the dig-
italization index is associated with an increase of approximately 0.47 log-point
in power-sector CO2 emissions per capita. This result remains robust as addi-
tional control variables are introduced, suggesting that, on average, higher levels
of digitalization are associated with higher emissions from electricity generation.

The income variables exhibit a nonlinear relationship consistent with an
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Environmental Kuznets Curve (EKC) pattern. Log GDP per capita enters pos-
itively, while its squared term is negative and statistically significant, indicating
that power-sector emissions initially rise with income but decline at higher in-
come levels. Urbanization is also positively and significantly associated with
emissions, reflecting higher electricity demand in more urbanized economies. In
contrast, the industry share of GDP is small in magnitude and statistically in-
significant, suggesting that cross-country differences in industrial structure play
a more limited role in explaining variation in power-sector emissions.

Table 2 examines whether the relationship between digitalization and power-
sector CO2 emissions depends on electricity-system characteristics and digital
capacity. Rather than splitting the sample, we estimate interaction models
that allow the marginal effect of digitalization to vary across fossil-intensive
electricity systems and high-digital countries.

The heterogeneity analysis proceeds in three steps. First, we interact dig-
italization with the fossil-intensive electricity-system indicator to test whether
the emissions effect of digitalization depends on the underlying electricity mix.
Second, we interact digitalization with the high-digital indicator to test whether
the effect differs between countries with high and low digital capacity. Third,
we estimate a joint interaction model that combines both dimensions, allow-
ing the marginal effect of digitalization to differ across four groups: low-digital
non-fossil-intensive countries, low-digital fossil-intensive countries, high-digital
non-fossil-intensive countries, and high-digital fossil-intensive countries.

Column (1) shows that the interaction between digitalization and fossil-
intensive electricity systems is negative but statistically insignificant. Col-
umn (2), however, shows that the interaction between digitalization and high
digital capacity is negative and statistically significant. This suggests that the
emissions effect of digitalization becomes weaker, and potentially negative, once
countries reach a higher level of digital capacity. Column (3) combines both
dimensions in a joint interaction model and provides the most direct test of
the threshold argument. The coefficient on digitalization is positive and statis-
tically significant, indicating that among low-digital, non-fossil-intensive coun-
tries, digitalization is associated with higher power-sector CO2 emissions. How-
ever, the interaction between digitalization and high digital capacity is negative
and statistically significant, showing that this relationship changes sharply once
countries reach a high level of digital capacity. The positive and statistically
significant three-way interaction indicates that the emissions-reducing effect of
digitalization in high-digital countries is weaker when electricity systems remain
fossil-intensive.

Figure 2 reports the marginal effects of digitalization from the joint interac-
tion model. The results show substantial heterogeneity across digital capacity
and electricity-system type. Among low-digital countries, the marginal effect of
digitalization is positive in both non-fossil-intensive electricity systems, 0.278,
and fossil-intensive electricity systems, 0.131, although the 95 percent confi-
dence intervals include zero. In contrast, among high-digital countries, the
marginal effect becomes negative. The strongest emissions-reducing effect ap-
pears among high-digital countries with non-fossil-intensive electricity systems,
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where the marginal effect is -0.674 and statistically significant. For high-digital
countries with fossil-intensive electricity systems, the marginal effect is also neg-
ative, -0.220, but statistically insignificant. These results support the theoretical
argument that digitalization contributes to power-sector decarbonization only
when sufficient digital capacity is combined with a relatively cleaner electricity
mix.

Table 3 reports the difference-in-differences (DiD) estimates examining whether
the relationship between digitalization and power-sector CO2 emissions changed
following the 2015 Paris Agreement. Column (1) compares countries that are
both highly digitalized and less fossil-intensive (the treatment group) with all
other countries before and after 2015. The post-2015 treatment coefficient is
negative and statistically significant, indicating that treated countries experi-
enced a relative decline in power-sector emissions after the Paris Agreement.
The magnitude of the estimate implies a reduction of approximately 0.38 log
points relative to the control group (see Figure 3).

Column (2) further examines whether the marginal effect of digitalization
changed after 2015 by interacting the post-2015 indicator with the digitalization
index. While digitalization is weakly associated with higher power-sector emis-
sions in the pre-2015 period, the interaction term is negative and statistically
significant, indicating that the marginal effect of digitalization on power-sector
emissions becomes negative after 2015 (see Figure 4).

Robustness checks

The main results are robust to a range of alternative specifications and estima-
tion strategies (Tables A5–A8). Table A5 addresses concerns that the results
may be driven by the construction of the digitalization index by replacing it
with an AI-specific measure based on venture capital investments in artificial
intelligence. Despite the substantially smaller sample and narrower coverage,
the coefficient on AI investment remains positive and statistically significant
across specifications, indicating that the main results are not sensitive to the
choice of digitalization proxy.

To account for potential cross-sectional dependence, heteroskedasticity, and
serial correlation in the error structure, Table A6 re-estimates the baseline mod-
els using Driscoll–Kraay standard errors. The magnitude and statistical signifi-
cance of the digitalization coefficient remain largely unchanged, suggesting that
the baseline results are not driven by cross-sectional correlation or mis-specified
standard errors.

Table A7 addresses potential endogeneity concerns arising from dynamic
persistence in emissions by estimating a system-GMM model that includes a
lagged dependent variable. The results confirm strong persistence in power-
sector emissions, while the coefficient on digitalization remains positive and
statistically significant. Standard diagnostic tests support the validity of the
dynamic specification, with no evidence of second-order serial correlation and
Hansen test statistics indicating acceptable instrument validity.

Table A8 examines whether the results differ systematically across more
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technologically advanced economies by restricting the sample to OECD coun-
tries and explicitly interacting digitalization with OECD membership. The es-
timates confirm that while digitalization is associated with higher power-sector
emissions on average, this effect is significantly weaker and in some cases re-
versed among OECD countries, consistent with the argument that digitalization
becomes emissions-reducing only in cleaner and more technologically advanced
electricity systems.

Mechanisms

The baseline and robustness checks show that digitalization is associated with
higher power-sector CO2 emissions. However, these estimations do not directly
identify the channels through which digitalization affects emissions. According
to our theoretical framework, digitalization and rapid expansion of AI may
increase emissions by raising electricity demand. At the same time, digital
technologies and AI may reduce emissions by improving energy efficiency. To
examine these mechanisms, we consider two channels: the electricity-demand
channel and the efficiency channel.

Table 4 reports the results. We first examine the demand-side channel by us-
ing electric power consumption per capita as the dependent variable in Column
(1). This test asks whether countries with higher levels of digitalization con-
sume more electricity per person. The specification follows the baseline model
and the same set of lagged controls used in the main analysis. The estimated
coefficient on lagged digitalization is positive and statistically significant. This
suggests that digitalization is associated with higher electricity consumption per
capita, which may in turn increase CO2 emissions when electricity generation
remains carbon-intensive.

We next examine whether digitalization is associated with changes in the
carbon intensity of electrcity generation. This channel captures the possibility
that digital technologies improve the efficiency of the power system. If this
channel dominates, digitalization should be associated with lower CO2 emis-
sions per unit of electricity generated. Using annual CO2 emissions per unit of
electricity as the dependent variable, the coefficient on lagged digitalization is
positive and significant. One possible explanation is that the efficiency benefits
of digitalization may only emerge after countries reach a sufficient level of digital
capacity. At lower levels, digitalization may expand electricity use without yet
producing meaningful gains in grid management or emissions intensity.

To address this, Table 5 reports heterogeneity tests for the efficiency channel.
The results show that the interaction between digitalization and high digital ca-
pacity is negative and statistically significant. This suggest that digitalization is
associated with lower electricity-sector CO2 intensity in more digitally advanced
countries. By contrast, the interaction with non-fossil-intensive electricity sys-
tems is positive but statistically insignificant. This pattern is consistent with our
supply-side channel: the efficiency benefits of digitalization appear to depend
more on a country’s digital capacity than on fossil intensity alone.
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Conclusion

This paper examines the relationship between digitalization and power-sector
CO2 emissions, with particular attention the conditions under which digital
technologies become emissions-increasing or emissions-reducing. While much of
the existing literature emphasizes the efficiency gains and digitalization potential
and AI, our analysis highlights a more nuanced and conditional relationship.
Digitalization is not inherently “green.” In the absence of complementary energy
and climate policies, expanding digital infrastructure and AI-related services
can increase electricity demand, especially in fossil-intensive systems, and lead
to higher emissions.

Our empirical results show that, on average, higher levels of digitalization
are associated with increased power-sector CO2 emissions. However, this effect
is heterogeneous: among countries with high levels of digitalization which rely in
non-fossil-intensive electricity systems we observe an emissions-reducing effect.
These findings underscore that the climate implications of AI and digitalization
depend critically on the structure of electricity systems and the broader policy
environment.

The findings suggest that digitalization and AI adoption ane not necessarily
climate-friendly processes; they may also have adverse climate impacts. With-
out parallel investments in clean electricity generation, digital expansion may
increase emissions through higher power demand from data centers, digital ser-
vices and AI, and indirectly through the expansion of activities served by them.
Countries with mainly carbon-intensive electricity systems face a particular chal-
lenge. For these countries, rapid digital expansion without decarbonizing the
electricity mix may exacerbate emissions and make climate commitments harder
to achieve. The results therefore point to the need to understand how invest-
ment in digital infrastructure interacts with policies aimed at expanding clean
electricity supply and lowering CO2 emissions.

This paper also has some limitations. The digitalization index captures
broad ICT infrastructure and digital readiness rather than direct AI adoption
or data-center activity. This measure is useful for cross-country analysis, but
it cannot fully identify how specific AI applications or data centers affect elec-
tricity demand and emissions. Future research could use more direct measures
of AI deployment or facility-level data center to better identify the mechanisms
through which digitalization affects emissions.

15



References

Algburi, S., Sabeeh Abed Al Kareem, S., Sapaev, I. B., Mukhitdinov, O., Has-
san, Q., Khalaf, D. H., & Jabbar, F. I. (2025). The role of artificial
intelligence in accelerating renewable energy adoption for global energy
transformation. Unconventional Resources, 8, Article 100229. https://d
oi.org/10.1016/j.uncres.2025.100229

Argonne National Laboratory. (2024). Revolutionizing energy grid maintenance:
How artificial intelligence is transforming the future. https://www.anl
.gov/article/revolutionizing-energy-grid-maintenance-how-artificial-in
telligence-is-transforming-the-future

Chen, P., Gao, J., Ji, Z., Liang, H., & Peng, Y. (2022). Do artificial intelligence
applications affect carbon emission performance? Evidence from panel
data analysis of Chinese cities. Energies, 15 (15), Article 5730. https:
//doi.org/10.3390/en15155730

Chishti, M. Z., Xia, X., & Dogan, E. (2024). Understanding the effects of ar-
tificial intelligence on energy transition: The moderating role of Paris
Agreement. Energy Economics, 131, Article 107388. https://doi.org/1
0.1016/j.eneco.2024.107388

Department of Energy. (2025). Artificial intelligence for energy. https://www.e
nergy.gov/topics/artificial-intelligence

Dong, Z., Tan, C., Ma, B., & Ning, Z. (2024). The impact of artificial intelligence
on the energy transition: The role of regulatory quality as a guardrail,
not a wall. Energy Economics, 140, Article 107988. https://doi.org/10
.1016/j.eneco.2024.107988

Harding, A. R., & Moreno-Cruz, J. (2025). Watts and bots: The energy im-
plications of AI adoption. Environmental Research Letters, 20, Arti-
cle 114084. https://doi.org/10.1088/1748-9326/ae0e3b

Huang, C., & Lin, B. (2023). Promoting decarbonization in the power sector:
How important is digital transformation? Energy Policy, 182, Arti-
cle 113735. https://doi.org/10.1016/j.enpol.2023.113735

International Energy Agency. (2025). Energy and AI. https://www.iea.org/rep
orts/energy-and-ai

Jones, N. (2018). How to stop data centres from gobbling up the world’s elec-
tricity. Nature, 561 (7722), 163–166. https://doi.org/10.1038/d41586-0
18-06610-y

KPMG. (2025). AI’s dual promise: Enabling positive climate outcomes and pow-
ering the energy transition. https://kpmg.com/xx/en/our-insights/esg
/ai-enabling-climate-outcomes-and-powering-the-energy-transition.ht
ml

Li, Z., Xing, Y., Shao, X., Zhong, Y., & Su, Y. H. (2025). Transitioning the
energy landscape: AI’s role in shifting from fossil fuels to renewable
energy. Energy Economics, 149, Article 108729. https://doi.org/10.10
16/j.eneco.2025.108729

Masanet, E., Shehabi, A., Lei, N., Smith, S., & Koomey, J. (2020). Recalibrat-
ing global data center energy-use estimates: Growth in energy use has

16

https://doi.org/10.1016/j.uncres.2025.100229
https://doi.org/10.1016/j.uncres.2025.100229
https://www.anl.gov/article/revolutionizing-energy-grid-maintenance-how-artificial-intelligence-is-transforming-the-future
https://www.anl.gov/article/revolutionizing-energy-grid-maintenance-how-artificial-intelligence-is-transforming-the-future
https://www.anl.gov/article/revolutionizing-energy-grid-maintenance-how-artificial-intelligence-is-transforming-the-future
https://doi.org/10.3390/en15155730
https://doi.org/10.3390/en15155730
https://doi.org/10.1016/j.eneco.2024.107388
https://doi.org/10.1016/j.eneco.2024.107388
https://www.energy.gov/topics/artificial-intelligence
https://www.energy.gov/topics/artificial-intelligence
https://doi.org/10.1016/j.eneco.2024.107988
https://doi.org/10.1016/j.eneco.2024.107988
https://doi.org/10.1088/1748-9326/ae0e3b
https://doi.org/10.1016/j.enpol.2023.113735
https://www.iea.org/reports/energy-and-ai
https://www.iea.org/reports/energy-and-ai
https://doi.org/10.1038/d41586-018-06610-y
https://doi.org/10.1038/d41586-018-06610-y
https://kpmg.com/xx/en/our-insights/esg/ai-enabling-climate-outcomes-and-powering-the-energy-transition.html
https://kpmg.com/xx/en/our-insights/esg/ai-enabling-climate-outcomes-and-powering-the-energy-transition.html
https://kpmg.com/xx/en/our-insights/esg/ai-enabling-climate-outcomes-and-powering-the-energy-transition.html
https://doi.org/10.1016/j.eneco.2025.108729
https://doi.org/10.1016/j.eneco.2025.108729


slowed owing to efficiency gains that smart policies can help maintain
in the near term. Science, 367 (6481), 984–986. https://doi.org/10.112
6/science.aba3758

Shao, M., Wen, L., Li, S., & Huang, B. (2025). Exploring the role of artificial
intelligence as a catalyst for energy technology innovation. Energy Eco-
nomics, 147, Article 108578. https://doi.org/10.1016/j.eneco.2025.108
578

Song, Y., Wang, Z., Song, C., Wang, J., & Liu, R. (2024). Impact of artificial
intelligence on renewable energy supply chain vulnerability: Evidence
from 61 countries. Energy Economics, 131, Article 107357. https://doi
.org/10.1016/j.eneco.2024.107357

United Nations Environment Programme. (2025). Emissions gap report 2025:
Off target. https://www.unep.org/resources/emissions-gap-report-202
5

Wang, B., Wang, J., Dong, K., & Nepal, R. (2024). How does artificial intelli-
gence affect high-quality energy development? Achieving a clean energy
transition society. Energy Policy, 186, Article 114010. https://doi.org
/10.1016/j.enpol.2024.114010

Wang, Q., Li, Y., & Li, R. (2024). Ecological footprints, carbon emissions, and
energy transitions: The impact of artificial intelligence (AI). Humanities
and Social Sciences Communications, 11, Article 1043. https://doi.org
/10.1057/s41599-024-03520-5

Wang, Q., Zhang, F., Li, R., & Sun, J. (2024). Does artificial intelligence promote
energy transition and curb carbon emissions? the role of trade openness.
Journal of Cleaner Production, 447, Article 141298. https://doi.org/1
0.1016/j.jclepro.2024.141298

Wang, X. (2025). How does artificial intelligence accelerate the energy transi-
tion? learning from empirical experience in OECD countries. Journal
of Environmental Management, 391, Article 126397. https://doi.org/1
0.1016/j.jenvman.2025.126397

Xiao, T., Nerini, F. F., Matthews, H. D., Tavoni, M., & You, F. (2025). Envi-
ronmental impact and net-zero pathways for sustainable artificial intel-
ligence servers in the USA. Nature Sustainability, 8, 1541–1553. https:
//doi.org/10.1038/s41893-025-01681-y

Zhang, A., Danish, & Chen, R. (2025). The paradox of artificial intelligence
and environmental performance: The critical role of energy transition
and institutional quality. Journal of Environmental Management, 394,
Article 127330. https://doi.org/10.1016/j.jenvman.2025.127330

Zhang, W., Zhang, Y., Lan, X., & Song, M. (2025). Green BRICS: How artificial
intelligence can build the explicit structure and implicit order of energy
transition. Energy Economics, 149, Article 108713. https://doi.org/10
.1016/j.eneco.2025.108713

Zhao, P., Gao, Y., & Sun, X. (2022). How does artificial intelligence affect green
economic growth? Evidence from China. Science of the Total Environ-
ment, 834, Article 155306. https://doi.org/10.1016/j.scitotenv.2022.15
5306

17

https://doi.org/10.1126/science.aba3758
https://doi.org/10.1126/science.aba3758
https://doi.org/10.1016/j.eneco.2025.108578
https://doi.org/10.1016/j.eneco.2025.108578
https://doi.org/10.1016/j.eneco.2024.107357
https://doi.org/10.1016/j.eneco.2024.107357
https://www.unep.org/resources/emissions-gap-report-2025
https://www.unep.org/resources/emissions-gap-report-2025
https://doi.org/10.1016/j.enpol.2024.114010
https://doi.org/10.1016/j.enpol.2024.114010
https://doi.org/10.1057/s41599-024-03520-5
https://doi.org/10.1057/s41599-024-03520-5
https://doi.org/10.1016/j.jclepro.2024.141298
https://doi.org/10.1016/j.jclepro.2024.141298
https://doi.org/10.1016/j.jenvman.2025.126397
https://doi.org/10.1016/j.jenvman.2025.126397
https://doi.org/10.1038/s41893-025-01681-y
https://doi.org/10.1038/s41893-025-01681-y
https://doi.org/10.1016/j.jenvman.2025.127330
https://doi.org/10.1016/j.eneco.2025.108713
https://doi.org/10.1016/j.eneco.2025.108713
https://doi.org/10.1016/j.scitotenv.2022.155306
https://doi.org/10.1016/j.scitotenv.2022.155306


Zhao, Q., Wang, L., Stan, S.-E., & Mirza, N. (2024). Can artificial intelligence
help accelerate the transition to renewable energy? Energy Economics,
134, Article 107584. https://doi.org/10.1016/j.eneco.2024.107584

18

https://doi.org/10.1016/j.eneco.2024.107584


Tables

Table 1: Main results

(1) (2) (3) (4) (5)

Digitalization index 0.47∗∗∗ 0.39∗∗∗ 0.31∗∗ 0.28∗∗ 0.27∗

(0.11) (0.13) (0.14) (0.14) (0.15)
Log GDP per capita 0.31∗ 2.40∗∗ 1.90∗ 2.22∗∗

(0.16) (1.11) (1.03) (1.11)
Squared log GDP per capita -0.13∗∗ -0.10∗ -0.12∗

(0.06) (0.06) (0.06)
Urbanization rate 1.00∗∗ 1.07∗∗

(0.45) (0.46)
Industry share of GDP 0.08

(0.12)
Constant -1.96∗∗∗ -4.32∗∗∗ -12.23∗∗∗ -13.94∗∗∗ -15.60∗∗∗

(0.28) (1.22) (4.59) (4.79) (5.22)

Countries 183 181 181 181 180
R2 0.51 0.57 0.60 0.59 0.56
Observations 3799 3707 3707 3707 3584

Note: All regressions include country and year fixed effects. The dependent vari-
able is log power-sector CO2 emissions per capita. All right-hand side variables
are in natural logarithms and are lagged one year. Robust standard errors, clus-
tered at the country level, are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05,
∗p < 0.10.
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Table 2: Heterogeneity by electricity mix and digital capacity

(1) (2) (3)

Digitalization index 0.33∗ 0.22 0.28∗

(0.17) (0.15) (0.17)
Digitalization index × fossil-intensive electricity generation -0.10 -0.15

(0.11) (0.12)
Digitalization index × high digital capacity -0.60∗∗∗ -0.95∗∗∗

(0.17) (0.19)
Digitalization index × high digital × fossil-intensive 0.60∗∗∗

(0.22)
Log GDP per capita 2.15∗ 1.75 1.57

(1.11) (1.15) (1.16)
Squared log GDP per capita -0.12∗ -0.10 -0.09

(0.06) (0.07) (0.07)
Urbanization rate 1.07∗∗ 0.86∗ 0.91∗

(0.46) (0.47) (0.47)
Industry share of GDP 0.07 0.07 0.06

(0.12) (0.12) (0.12)
Constant -15.35∗∗∗ -12.04∗∗ -11.39∗∗

(5.19) (5.64) (5.61)

Observations 3,584 3,584 3,584
Country fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Note: Robust standard errors, clustered at the country level, are reported in parentheses. All
explanatory variables are lagged one year. Dependent variable: Power-sector CO2 emissions
per capita. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Table 3: Difference-in-Differences Results

(1) (2)

Post 2015 × treatment -0.39∗∗∗

(0.09)
Post 2015 × Digitalization index -0.36∗∗∗

(0.11)
Digitalization index 0.22

(0.15)
Post 2015 -0.01 0.99∗∗

(0.09) (0.47)
Log GDP per capita 2.08∗∗ 1.49

(0.99) (1.03)
Squared log GDP per capita -0.11∗ -0.07

(0.06) (0.06)
Urbanization rate 1.13∗∗∗ 0.61

(0.42) (0.45)
Industry share of GDP 0.08 0.06

(0.12) (0.12)
Constant -14.71∗∗∗ -11.03∗∗

(4.65) (4.78)

R2 0.51 0.59
Observations 3,721 3,584

Note: All regressions include country and year fixed
effects. The dependent variable is power-sector CO2

emissions per capita. The sample period is 2000–
2021. Robust standard errors, clustered at the coun-
try level, are reported in parentheses. The treatment
group includes countries classified as high-digital and
non-fossil-intensive based on the time-invariant coun-
try classifications used in the heterogeneity analysis.
∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Table 4: Mechanisms: Demand and Efficiency Channels

Dependent variables
Electricity consumption CO2 per kWh

(1) (2)

Digitalization index 0.237∗∗∗ 0.100∗∗

(0.058) (0.046)
Log GDP per capita 1.268∗∗ 1.288∗∗∗

(0.549) (0.375)
Squared log GDP per capita -0.057∗ -0.076∗∗∗

(0.031) (0.021)
Urbanization rate 1.418∗∗∗ 0.085

(0.318) (0.163)
Industry share of GDP 0.097 0.005

(0.084) (0.052)
Constant -5.892∗∗∗ -7.537∗∗∗

(2.005) (1.437)

R2 0.764 0.036
Observations 3,253 3,999

Note: All regressions include country and year fixed effects. Robust stan-
dard errors, clustered at the country level, are reported in parentheses.
All explanatory variables are lagged one year. Column (1) examines the
demand channel using electric power consumption per capita. Column
(2) examines the efficiency channel using CO2 emissions per unit of elec-
tricity generated. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

Table 5: Efficiency Channel: Heterogeneity by Digital Capacity and Electricity
Mix

Dependent variable: CO2 per kWh

(1) (2)
High digital Non-fossil-intensive

Digitalization index 0.094∗∗ 0.098∗

(0.047) (0.050)
Digitalization index × High digital -0.217∗∗∗

(0.069)
Digitalization index × Non-fossil-intensive 0.045

(0.045)
Log GDP per capita 1.074∗∗ 1.212∗∗∗

(0.434) (0.431)
Squared log GDP per capita -0.065∗∗ -0.073∗∗∗

(0.025) (0.025)
Urbanization rate -0.015 0.065

(0.168) (0.179)
Industry share of GDP 0.001 0.002

(0.055) (0.056)
Constant -5.910∗∗∗ -7.086∗∗∗

(1.659) (1.643)

R2 0.056 0.009
Observations 3,537 3,537

Note: All regressions include country and year fixed effects. Robust standard errors,
clustered at the country level, are reported in parentheses. All explanatory variables are
lagged one year. The dependent variable is logged CO2 emissions per unit of electricity.
Column (1) interacts digitalization with high digital capacity. Column (2) interacts
digitalization with non-fossil-intensive electricity systems. ∗∗∗p < 0.01, ∗∗p < 0.05,
∗p < 0.10.
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Figure 1: Evolution of the digitalization index, 2000–2023.
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Figure 2: Marginal effects of digitalization on power-sector CO2 emissions
per capita by digital capacity and electricity-system type. The figure reports
marginal effects from the joint interaction specification in Column (3) of Ta-
ble 2. Vertical bars show 95 percent confidence intervals.
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Figure 3: Predicted margins of power-sector CO2 emissions per capita in the
pre- and post-2015 periods, evaluated at sample means using the difference-in-
differences specification reported in Column (1) of Table 3
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Figure 4: Predicted margins of power-sector CO2 emissions per capita in the
pre- and post-2015 periods, evaluated at sample means using the difference-in-
differences specification reported in Column (2) of Table 3
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A Appendix

Table A1: Summary statistics

Variable Obs Mean Std. Dev. Min Max

Power sector CO2 emissions per capita 5222 1.748 2.518 0 18.003
Digitalization index 4136 23.706 13.873 0 82.411
Log GDP per capita 5227 8.564 1.443 5.116 11.630
Squared log GDP per capita 5227 75.427 24.873 26.176 135.256
Urbanization rate 5347 57.919 22.605 8.246 100
Industry share of GDP 4866 27.496 11.904 2.759 86.670

Table A2: Variables: sources and descriptions

Variable Description Source

Power sector CO2

emissions per capita
CO2 emissions from electricity and heat generation di-
vided by population (metric tons per capita).

IEA; World Bank

Digitalization index Composite index capturing a country’s level of digitaliza-
tion, constructed from multiple indicators (including fixed
telephone subscriptions, mobile cellular subscriptions, in-
ternational bandwidth per user, share of households with a
computer, share of households with internet access, share
of individuals using the internet, fixed broadband sub-
scriptions, active mobile broadband subscriptions). The
index is normalized on a 0–100 scale.

Authors’ construction
based on International
Telecommunication
Union (ITU)

Log GDP per capita Log of real GDP per capita (constant prices). World Bank
Squared log GDP per
capita

Squared term to capture nonlinear income–emissions rela-
tionship.

Authors’ calculation

Urbanization rate Urban population as a percentage of total population. World Bank
Industry share of GDP Industrial value added as a percentage of GDP. World Bank

Table A3: Pairwise correlations

(1) (2) (3) (4) (5) (6)

(1) Power sector CO2 per capita 1.000
(2) Digitalization index 0.445∗ 1.000
(3) Log GDP per capita 0.548∗ 0.817∗ 1.000
(4) Squared log GDP pc 0.551∗ 0.823∗ 0.996∗ 1.000
(5) Urbanization rate 0.520∗ 0.636∗ 0.771∗ 0.766∗ 1.000
(6) Industry share of GDP 0.294∗ -0.077∗ 0.104∗ 0.086∗ 0.171∗ 1.000

Notes: ∗p < 0.05.
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Table A4: Variance inflation factors

Variable VIF 1/VIF

Log GDP per capita 3.856 0.259
Digitalization index 3.223 0.310
Urbanization rate 2.153 0.464
Industry share of GDP 1.053 0.949

Mean VIF 2.571

Table A5: Results using AI investment as an alternative measure of digitaliza-
tion

(1) (2) (3) (4) (5)

Log AI investment 0.04∗∗ 0.04∗∗ 0.04∗∗ 0.04∗∗ 0.04∗∗

(0.02) (0.02) (0.02) (0.02) (0.02)
Log GDP per capita 0.23 2.88 2.54 2.51

(0.29) (2.87) (3.03) (2.98)
Squared log GDP per capita -0.13 -0.11 -0.11

(0.13) (0.14) (0.14)
Urbanization rate -4.15 -4.09

(2.93) (2.91)
Industry share of GDP -0.01

(0.23)
Constant 0.56∗∗∗ -1.83 -15.64 4.14 4.01

(0.04) (2.99) (15.82) (23.67) (23.98)

Countries 37 37 37 37 37
R2 0.09 0.03 0.04 0.04 0.04
Observations 369 369 369 369 368

Note: All regressions include country and year fixed effects. The sample
period is 2000–2021. Robust standard errors, clustered at the country
level, are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Table A6: Results using Driscoll–Kraay standard errors

(1) (2) (3) (4) (5)

Digitalization index 0.52∗∗∗ 0.49∗∗∗ 0.40∗∗∗ 0.36∗∗∗ 0.35∗∗∗

(0.10) (0.12) (0.10) (0.09) (0.10)
Log GDP per capita 0.20∗∗ 2.24∗∗∗ 1.69∗∗∗ 1.74∗∗∗

(0.08) (0.32) (0.31) (0.43)
Squared log GDP per capita -0.13∗∗∗ -0.09∗∗∗ -0.10∗∗∗

(0.02) (0.02) (0.03)
Urbanization rate 1.00∗∗∗ 1.13∗∗∗

(0.22) (0.27)
Industry share of GDP 0.12

(0.08)
Constant -2.69∗∗∗ -4.27∗∗∗ -11.56∗∗∗ -13.02∗∗∗ -13.96∗∗∗

(0.34) (0.40) (1.31) (1.29) (1.46)

Countries 184 182 182 182 181
Observations 4320 4216 4216 4216 4076

Note: All regressions include country and year fixed effects. The sample period
is 2000–2021. Driscoll–Kraay standard errors are reported in parentheses. ∗∗∗p <
0.01, ∗∗p < 0.05, ∗p < 0.10.

Table A7: Results using dynamic regression analysis

Dependent variable: Power sector CO2 emissions per capita
(1)

Power sector CO2 emissions per capitat−1 1.07∗∗∗

(0.07)
Digitalization index 0.79∗∗

(0.33)
Log GDP per capita -0.79

(0.54)
Squared log GDP per capita 0.02

(0.02)
Urbanization rate -0.11∗

(0.06)
Industry share of GDP 0.07∗

(0.04)
Constant 2.64

(2.58)

Countries 181
Observations 4,066
Instruments 34
AR(1) (p-value) 0.00
AR(2) (p-value) 0.79
Hansen (p-value) 0.34

Notes: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10. Robust standard er-
rors are reported in parentheses. The Arellano–Bond tests examine
serial correlation in first-differenced errors (null hypothesis: no first-
or second-order autocorrelation). The Hansen test evaluates the joint
validity of the instruments (null hypothesis: instruments are exoge-
nous). Year fixed effects are included to control for common time-
specific shocks.
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Table A8: Results considering OECD countries

(1) (2) (3) (4) (5)

Digitalization index 0.43∗∗∗ 0.37∗∗∗ 0.33∗∗ 0.30∗∗ 0.29∗

(0.12) (0.14) (0.15) (0.15) (0.17)
Digitalization index × OECD member -0.85∗∗∗ -0.87∗∗∗ -0.75∗∗∗ -0.72∗∗∗ -0.71∗∗∗

(0.22) (0.22) (0.22) (0.23) (0.24)
Log GDP per capita 0.22 1.51 1.05 1.04

(0.17) (1.23) (1.16) (1.27)
Squared log GDP per capita -0.08 -0.05 -0.06

(0.07) (0.06) (0.07)
Urbanization rate 0.89∗∗ 1.01∗∗

(0.42) (0.43)
Industry share of GDP 0.14

(0.11)
Constant -1.42∗∗∗ -3.06∗∗ -8.08 -9.56∗ -10.13

(0.37) (1.28) (5.24) (5.61) (6.31)

Countries 184 182 182 182 181
R2 0.03 0.00 0.00 0.06 0.05
Observations 4,320 4,216 4,216 4,216 4,076

Note: All regressions include country and year fixed effects. The sample period is 2000–
2021. Robust standard errors, clustered at the country level, are reported in parentheses.
∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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