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Abstract

The “twin transition” hypothesis suggests that digital technologies will reduce greenhouse
gas (GHG) emissions through economy-wide efficiency gains. We test this claim using three
complementary empirical strategies applied to input-output data. A shift-share instrumental
variables approach exploiting China’s rise as a global digital exporter suggests an almost unit-
elastic effect between digital input adoption as a share of total intermediates and total emis-
sions per unit of output. Using subnational input-output tables across all 50 US states, state-
sector variation consistently yields null effects. Firm-level analysis covering approximately
3,500 firms across 50 countries further corroborates these findings. We mostly find that digi-
talization increases upstream electricity and supply-chain emissions (scopes 2 and 3) without
reducing direct on-site emissions (scope 1), indicating that upstream increases are not offset by
direct reductions.



The idea that increasing the use of digital technologies as input across all sectors can reduce green-
house gas (GHG) emissions and accelerate the green transition has gained significant traction
(International Energy Agency, 2017; Vinuesa et al., 2020; Kaack et al., 2022; Stern et al., 2025). Pol-
icymakers have embraced digitalization as a climate strategy, with governments from Morocco
to Vietnam pursuing national programs aimed at decoupling economic growth from emissions
(Lenain et al., 2023; Fakhraddine et al., 2025). Digital applications such as dynamic line rating for
energy transmission, or automation technologies for infrastructure maintenance, are frequently
cited as routes to large-scale emissions reductions (Calvino et al., 2025), with the World Economic
Forum (2022) estimating that “digital solutions can reduce global emissions by up to 20 percent”.1

And theories of directed technical change suggest that carbon pricing and green subsidies can
accelerate the adoption of digital technologies for sustainable growth (Acemoglu et al., 2014a;
Aghion et al., 2016; Hémous and Olsen, 2021; Dechezleprêtre and Hémous, 2022).

Despite this enthusiasm, evidence of this “twin transition”, such that digitalization significantly
lowers GHG emissions, remains highly mixed (Lange et al., 2020; Bonfiglioli et al., 2025). The most
recent Intergovernmental Panel on Climate Change (IPCC) assessment concludes that “the under-
standing of both the direct and indirect impacts of digitalisation on energy use, carbon emissions
and potential mitigation is limited. If not appropriately governed, digitalisation can have adverse
side-effects” (Blanco et al., 2022). In fact, recent evidence suggests direct and embodied emissions
from digital activities have grown significantly (Freitag et al., 2022; Istrate et al., 2024; Axenbeck
et al., 2026). Using the OECD’s Inter-Country Input-Output (ICIO) tables and Greenhouse Gas
Footprints (GHGFP) sector-level data, panel (a) of Figure 1 shows that total production emissions
from digital inputs have grown in lockstep with the expansion of the digital sector (hardware, IT
services, and communications) in global production activity since 1995. Panel (b) further shows
a noisy but marginally positive association between the long difference in emissions per unit of
output and digital input adoption across sectors between 1995 and 2019. Whether digitalization
generates environmental efficiency gains thus remains an open empirical question.

This paper evaluates the impact of economy-wide digitalization on sector-level and firm-level
GHG emissions using three distinct empirical strategies. The core mechanism of interest is whether
downstream sectors’ adoption of digital inputs in production, measured as their share of total in-
termediate inputs, yields efficiency gains that translate into lower emissions.

Because digital adoption is endogenous to firms’ and sectors’ efficiency trajectories (Aklilu et al.,
2024; Calvino et al., 2024), our primary identification strategy is a shift-share instrumental variable
(IV) exploiting China’s rise as a global digital exporter; what we label the “China digital shock”
(Autor et al., 2013, 2016). Our primary global dataset uses the OECD’s ICIO tables, covering 76
countries across 45 sectors from 1995 to 2019, which we then combine with the OECD’s GHGFP
data.2 As shown by Figure 2 using eigenvector centrality as a network metric, while North Amer-

1See also MIT Technology Review Insight Report (2023).
2Although OECD data are available through 2022, we exclude 2020 and beyond to avoid mechanical Covid-19

effects that would have simultaneously impacted both digitalization and emissions (e.g. Calvino et al., 2024).
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ican manufacturing dominated global supply chains in the mid-1990s, there has been a major shift
towards the digital sector, with Chinese ‘computer, electronic and optical equipment’ being the
most focal node twenty years later in global production networks.

(a) Global Digital Inputs and Emissions Content (b) Sector-Average Long-Difference

Figure 1: Global Digital Inputs and Emissions Content (1995–2019)
Note: data from OECD Inter-Country Input-Output (ICIO) tables and Greenhouse Gas Footprints (GHGFP). The digital
sector comprises ‘Computer, electronic and optical equipment’, ‘Telecommunications’ and ‘IT and other information
services’. In panel (a), both series sum across 76 countries and these three sectors per year. In panel (b), long differences
in emissions per unit of output and digital inputs as a share of all intermediates are calculated between 1995 and 2019,
then averaged across countries to construct sector-averages. See Supplementary Information for summary statistics
(Section 1, Supplementary Information).

We construct quasi-exogenous variation in digital input intensity by interacting country-sectors’
initial network proximity to upstream digital suppliers via the Leontief inverse with the overall
annualized growth of Chinese digital exports to non-regional trading partners (Acemoglu et al.,
2016). Intuitively, the instrument thus exploits the downstream transmission of China’s digital ex-
port shock through production networks, whereby upstream adoption raises the digital intensity
of intermediates purchased downstream by producers (see Online Methods).

To address concerns related to correlated unobservables of digital adoption and emissions using
global trading patterns, we then turn to more granular sources of variation. Our second empirical
strategy uses subnational input-output tables across all 50 US states between 2012-2019, exploiting
within state-sector variation in digital adoption and emissions. Third, we then analyze approx-
imately 3,500 firms across 50 countries using the S&P Global Trucost Environmental database,
using firm-level fixed effects alongside several measures of firm-level digitalization: sector-level
digitalization weighted by firm size and, for a smaller subset of US-located firms, capitalized soft-
ware development and firm-to-firm digital supplier linkages.

Across all three strategies, we find no consistent evidence that digitalization reduces GHG emis-
sions. The IV results indicate economically and statistically significant increases in total emissions
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and emissions per unit of output, although there is weaker evidence digitalization expands gross
output. Decomposing emissions by the Greenhouse Gas Protocol’s “scopes” reveals that dig-
italization raises scope 2 (purchased electricity) and scope 3 (supply chain) emissions without
reducing scope 1 (direct combustion) emissions, implying that digitalization increases upstream
emissions without offsetting reductions in direct emissions. Given the relatively weaker evidence
of rebound effects through higher output (Jevons, 1866; Peng and Qin, 2024), this suggests the
overall increase in emissions is driven by greater reliance on electricity-intensive inputs and by
the environmental footprint of upstream digital supply chains. These conclusions are particularly
relevant in the context of rapidly expanding AI adoption and data-center investment, which may
further increase scope 2 and scope 3 emissions (Bonfiglioli et al., 2025).

The core contribution of the paper is to outline how the aggregate effects of digitalization on emis-
sions depend on where digital inputs enter the production network, how they propagate through
supply chains, and which emissions margin is affected. Digitalization does not automatically de-
carbonize production: across global input-output networks, digital adoption raises upstream elec-
tricity and supply-chain emissions, and more granular US and firm-level evidence shows no off-
setting direct emissions reductions. By combining input-output linkages with scope-based emis-
sions accounting, the paper clarifies why existing evidence on the green digital transition remains
mixed.

Although we find limited evidence for an automatic “twin transition” hypothesis, this does not
suggest specific digital applications cannot provide efficiency gains. Our results merely imply
that digitalization, as part of the green transition, cannot automatically generate a meaningful
decoupling of economic activity from emissions in isolation.

Results

The China Digital Shock: IV Strategy

Core Results Table 1 reports OLS estimates and our core IV specification. In the IV specification,
the natural log of country-sector digital inputs as a share of total intermediate inputs is instru-
mented using exposure to China’s digital expansion through pre-existing supplier linkages, as
described in the Online Methods. The first stage (Panel C) shows that the China digital shock
positively predicts downstream digital input adoption. Quantitatively, a one standard deviation
increase in exposure to the digital export expansion, approximately the difference in exposure be-
tween South Korea’s electrical equipment sector and Brazilian agriculture and forestry, increases
digital input adoption downstream by 2.4 percent. The effective first-stage F-statistics are below
conventional thresholds, arguably reflecting that the instrument captures broad growth in Chinese
digital exports to non-regional trading partners rather than bilateral exposure in a single national
context, as in many “China shock” designs (e.g. Autor et al., 2013, 2016).
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(a) Top 50 Most Central Country-Sectors (1995)

(b) Top 50 Most Central Country-Sectors (2019)

Figure 2: Most Central Country-Sectors in Global Production Networks (1995 and 2019)
Note: nodes weighted by eigenvector centrality. Only top 50 nodes of the entire graph per year are plotted. Edges refer
to trade flows in million USD.
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Table 1: Shift-Share IV Results

(1) (2) (3)

Panel A - OLS
Total

Emissions
Total

Output
Emissions per
Unit of Output

Digital Input Sharet -0.004 -0.015�� 0.012
(0.010) (0.008) (0.008)

Panel B - Second Stage
Total

Emissions
Total

Output
Emissions per
Unit of Output

Digital Input Sharet 1.444�� 0.329 1.115��

(0.620) (0.238) (0.468)
[0.713, 7.338] [-0.043, 2.016] [0.563, 5.498]

Panel C - First Stage Dependent variable is Digital Input Sharet

China Digital Shockt�1 0.024�� 0.024�� 0.024��

(0.010) (0.010) (0.010)

Panel D - Reduced Form
Total

Emissions
Total

Output
Emissions per
Unit of Output

China Digital Shockt�1 0.035��� 0.008� 0.027���

(0.007) (0.005) (0.005)

F-test (effective) 5.831 5.831 5.831
F-test (AR) 26.883 2.951 24.705
[p-value] [0.000] [0.086] [0.000]

Observations 75,212 75,212 75,212
Country � Sector FE Yes Yes Yes
Country � Year FE Yes Yes Yes
Sector � Year FE Yes Yes Yes
Note: ��� p < 0:01; �� p < 0:05; � p < 0:1. Standard errors clustered by country-sector in paren-
theses across all panels. In the second stage (panel B), Anderson-Rubin confidence intervals are also
reported in square parentheses. All outcome variables are logarithmically transformed. Digital input
share is also logarithmically transformed. Panel A outlines results from OLS. Panel B outlines results
from the second stage. Panel C outlines results from the first stage. Panel D outlines reduced form
results. F-test (effective) refers to the test statistic from Olea and Pflueger (2013). F-test (AR) refers to
the Anderson-Rubin F-statistic.

As per Panel B of Table 1, digital input adoption increases total emissions and emissions per
unit of output, while the effect on output is smaller and statistically indistinguishable from zero.
This pattern indicates that digitalization raises the overall emissions profile of production rather
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than increasing emissions primarily through output expansion (i.e. no genuine decoupling). The

Anderson-Rubin con�dence intervals support this interpretation: they exclude zero for total emis-

sions and emissions per unit of output, but not for output. The negative OLS estimates in Panel

A for total emissions and total output thus suggest a downward bias, especially if sectors with

steeper ef�ciency improvements are more likely to digitalize production processes.

While the elasticity in column 1 is substantively large, suggesting a 1 percent increase in digitaliza-

tion increases emissions by 1.44 percent, the weak-instrument-robust Anderson-Rubin con�dence

intervals suggest a conservative lower bound of a 0.71 percent increase. Ultimately, our IV esti-

mates should be interpreted as local effects for country-sectors whose digital input use responds

to China's supply-chain shock. Thus, a standard deviation increase in exposure to China's digi-

tal expansion, by increasing digital input adoption downstream as a share of total intermediates,

raises total emissions by 3.5 percent within country-sectors (column 1, Panel D).

Note that input-output data report monetary values rather than physical quantities, so that changes

in measured input shares may con�ate greater use of digital technologies in physical production

processes but also price changes in digital goods and services. However, there is consistent ev-

idence that the relative prices of digital investment goods have declined strongly compared to

other categories of investment and consumption goods, so it is unlikely our results are driven by

price effects (Lian et al., 2019; Eden and Gaggl, 2026).

Scope Decomposition Table 2 decomposes results by emission scope. Digitalization signi�cantly

increases scope 2 (electricity) and scope 3 (supply chain) emissions, with no signi�cant change in

scope 1 (direct on-site sources). Focusing on column 6, a 1 percent increase in digital inputs raises

scope 3 emissions per unit of output by 1.58 percent, with the lower bound of the Anderson-Rubin

con�dence intervals suggesting a more conservative 0.85 percent increase.3 Given the limited ev-

idence for output expansion in Table 1, the pattern suggests that digitalization increases indirect

emissions while leaving direct on-site emissions largely unchanged (i.e. shifting emissions to up-

stream sources). The OLS results in panel A again suggest a downward bias and thus point to

endogenous adoption of digital inputs vis- �a-vis emissions.

Extensions and Robustness To provide a heuristic for interpretation of coef�cients, we develop

a reduced-form economic model in Supplementary Information, Section 2. We also report non-

instrumented results for reference using a static and dynamic �xed effects (i.e. event study) spec-

i�cation (Section 3, Supplementary Information). The IV results are broadly stable to sequentially

dropping countries within major global regions, and to omitting services trade, which is more

measurement-error prone, from the shift construction (Section 4.2 and 4.3, Supplementary Infor-

mation). The core results are also robust to controlling for China's expansion in non-digital sectors,

and this does not predict digital input adoption (Section 4.4, Supplementary Information). Finally,

to further address exogeneity of the China digital shock, we show null and imprecise effects when

3In Section 4.1 of the Supplementary Information, we further report results only using the upstream variant of

scope 3 emissions.
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using the digital expansion of several major Asian economies, excluding China, as a placebo in-

strument (Section 4.5, Supplementary Information).

Digital Input Adoption In Section 5 of the Supplementary Information we probe the diffusion

mechanism underlying digital input adoption more closely. Across country-sectors, downstream

adoption of digital inputs is strongly predicted by baseline digital input shares, motivating our use

of pre-existing input linkages as a measure of differential exposure to China's digital expansion

(Section 5.1, Supplementary Information). Dynamically, input diffusion from China is relatively

contemporaneous: the downstream shock predicts digital input adoption most strongly in the

short run, with effects decaying in later years (Section 5.2, Supplementary Information).

We then compare downstream and upstream versions of the instrument to distinguish whether

adoption is driven by shocks to a country-sector's suppliers or to its customers (Acemoglu et al.,

2016). The evidence indicates that adoption responds positively to affected suppliers, consistent

with the increase in Scope 3 emissions in Table 2 (Section 5.3, Supplementary Information). In-

cluding the upstream shock yields somewhat smaller second-stage estimates, but the core pattern

remains: digital adoption is associated with higher emissions intensity and Scope 3 emissions,

with little evidence of higher output. Speci�cations with and without the upstream shock thus

provide bounds on the magnitude of the supplier-exposure effect by accounting for both sources

of shock propagation.

US State-Level Evidence

Table 3 reports the results using US data from Ingwersen et al. (2022), estimating speci�cations

including state � sector and sector � year �xed effects, while also using either census division

� year or state � year �xed effects. Using all sectors available in the data, panel A consistently

estimates null effects for both emissions and output. Digitalization appears to generate neither

emissions reductions nor output gains within US state-sectors.

One possibility is that digital penetration in the US context was already high by 2012, the �rst year

of available data, thus limiting identifying variation. However, in panels B and C which estimate

separate regressions for digital and non-digital sectors, we continue to �nd no consistent, signi�-

cant differences in total emissions produced or total output from within state-sector digitalization.

Quantitatively, effect sizes are larger in the digital sector, with column 4 of panel B suggesting a

rebound effect, although this point estimate is noisy.

In the Supplementary Information, we also report results relying on digitally intensive human

capital as an alternative measure of digital transformation in production processes (Section 6, Sup-

plementary Information). Using data from Brynjolfsson et al. (2024) across 3-digit North American

Industry Classi�cation System (NAICS) sectors for the US, we �nd a strong correlation of digital

human capital and digital input shares within sectors, pointing to complementarities between

digital labor and inputs (Brynjolfsson and Milgrom, 2013). We continue to estimate null effects of

digital human capital on emissions and output.
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Table 3: Results for the US

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

Panel A - All Sectors

Total

Emissions

Total

Output

Emissions per

Unit of Output

Digital Input Share t 0.080 0.023 0.095 0.011 -0.015 0.012

(0.081) (0.065) (0.069) (0.058) (0.087) (0.074)

Panel B - Digital Sectors

Digital Input Share t 0.537 0.591 1.877 2.253* -1.340 -1.662

(0.471) (0.353) (0.736) (0.726) (0.707) (0.908)

Panel C - Non-Digital Sectors

Digital Input Share t 0.072 0.021 0.063 -0.006 0.007 0.026

(0.076) (0.065) (0.056) (0.048) (0.079) (0.069)

State� Sector FE Yes Yes Yes Yes Yes Yes

Division � Year FE Yes No Yes No Yes No

State� Year FE No Yes No Yes No Yes

Sector� Year FE Yes Yes Yes Yes Yes Yes

Note: ��� p < 0:01; �� p < 0:05; � p < 0:1. Standard errors clustered by state and sector in parentheses. All

outcome variables are logarithmically transformed. Digital input share is also logarithmically transformed.

Panel A uses all sectors in the data. Panel B uses only sectors de�ned as digital: `Computers and relevant parts,

conductors, measuring devices, communication devices', `Data processing, internet publishing, and other

information services' and `Computer programming and systems design'. Panel C uses all non-digital sectors.

Division refers to the nine US Census divisions. Across columns, panel A uses 26,185 observations, panel B

uses 1,200 observations, and panel C uses 24,985 observations. Emissions refer to carbon-based emissions.

Firm-Level Analysis

Figure 3 plots standardized coef�cients across emission scopes and output for all three digitaliza-

tion measures (see Online Methods for discussion of speci�cations). Across all measures, �rm-

level estimates are small and statistically insigni�cant. For the sector-weighted measure (panel

a), which relies on �rms across countries, point estimates for scope 1 and 2 emissions are slightly

negative but remain imprecise. Upstream scope 3 estimates are slightly positive, consistent with

Table 2, although remain statistically indistinguishable from zero at the 5% level.

For a subset of US-based �rms, where we can better unpack the sector-level results in Table 3, we

continue to estimate null effects. For capitalized software costs (panel b), all coef�cients are neg-

ative but noisy. For �rm-to-�rm digital purchases (panel c), the only point estimate approaching

signi�cance is a positive effect on scope 2 emissions per unit of output, consistent with digital

inputs increasing electricity consumption. Scope 3 emissions also appear to increase, but again re-

main imprecise. Across all panels, we continue to con�rm limited evidence of increases in output,
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