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Abstract

This article sheds light on the drivers of decarbonization of global publicly-listed
firms. We find that reported and estimated emissions depend on very different sets
of variables. Net-zero investment on intensity improvement, different from traditional
divestment-reduction association, requires investment support. We identify signals such
as commitments to science-based targets (SBTi), regional climate policy, and firm-level
financial resilience are critical indicators. We confirm a quasi-causal impact through stag-
gered DiD of SBTi adoption using the IV of national-level CDP reporting. In terms of
predictive accuracy, we find that machine learning models, specifically Random Forest,
significantly improve forecasting accuracy for future emissions and reduce prediction un-
certainty compared to traditional benchmarks. All in all, our findings deliver insights to
asset managers seeking net-zero targets.

1 Introduction & Motivation

1.1 Context

Latest scientific consensus ! warns that Earth is nearing 1.5°C of global warming, with a 70%
chance that the 2025-2029 average will exceed this threshold as emissions continue to rise.
The multiple threats posed by this alarming climate trend call for a steady decarbonization
of economic systems worldwide.” To avoid the worst consequences of climate change and
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achieve the ambition of the Paris Agreement to limit global warming below 1.5°C, Green-
house gas (GHG) emissions need to drop by 45% by 2030 and ultimately reach net zero by
2050.

The financial industry may play a critical role in this regard, and investors are increas-
ingly conscious and proactive on the matter (Krueger et al. (2020) and Bolton and Kacperczyk
(2021)). For instance, in 2024, more than 300 institutions representing $60T of assets under
management (AUM) had already joined the Net Zero Asset Managers initiative.

Both academics and practitioners have proposed avenues to reach so-called “Net Zero”
targets.” Nevertheless, in all cases, a crucial input of such approaches is the measurement
and reporting of current emissions and a credible assessment of their trajectories in the fu-
ture. However, accessing current GHG emissions and trajectories accurately is challenging
for investors.

Indeed, regulations requiring GHG disclosure varies around the world in their scope and
accounting standards.

For example, The European Union implemented the Corporate Sustainability Reporting
Directive (CSRD) in 2023, which requires companies operating in Europe to disclose their
emissions beginning in 2025. It directly references the GHG Protocol’s standards and is ex-
pected to impact over 50,000 companies across the European Union. Another example is
California’s Climate Disclosure Accountability Act from the same year. It requires compa-
nies with over $1 billion in revenues that operate in California to publicly disclose their scope
1 and 2 emissions starting in 2026, and their scope 3 emissions starting in 2027. At the fed-
eral level, the U.S. Securities and Exchange Commission (SEC) finalized a rule in March 2024
that will require companies to disclose some of their emissions if they’re deemed financially
material to investors. Overall, according to the World Resources Institute, just a handful of
countries have mandatory GHG disclosure regulations.

This lack of reported data makes it difficult to accurately evaluate corporates GHG emis-
sions at a large scale and therefore limits investors” ability to integrate this dimension in a
consistent way into their investment decisions. Data providers have long developed esti-
mation models to fill these gaps. However, transparency in modeling approaches and their
accuracy remain limited in the industry. In continuation with the literature surrounding ESG
scores discrepancies (Berg et al., 2022; Dimson et al., 2020) recent studies have documented
the discrepancies among GHG data. Busch et al. (2022); Kalesnik et al. (2022); Papadopoulos
(2022) compare several data providers and show that while correlations on reported direct
emissions (Scope 1) are strong, around 0.97%, they tend to collapse for modeled indirect
emissions (Scopes 2 and 3). This is of high importance since, the average disclosure level
for the FTSE World was 58% in 2023*. Fortunately, Swinkels and Markwat (2023) find some
improvements in recent years, especially for Scopes 1 and 2, with increasing homogeneity in
reported data.

However, properly estimating current GHG emissions is only the first step in achieving
net zero alignment. In addition, companies need to have ambitious transition plans to reduce
their GHG emissions. To this end, as summarized by the Transition Plan Taskforce (TPT) in

3 A non-exhaustive list is: Barahhou et al. (2022), Bolton et al. (2022), Le Guenedal et al. (2022), Le Guenedal
and Roncalli (2022), Cenedese et al. (2023), Fraser and Fiedler (2023) and Roncalli (2024).
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its "Disclosure Framework™, a triptych is required: Ambition, Actions and Accountability.
For investors to accurately assess transition risk and properly support this radical business
changeover through efficient capital allocation, robust future emissions forecasts are key.

However, data providers and current research on the topic still rely on relatively simple
models to predict future levels of GHG emissions. These predictions are usually simple ex-
trapolations from recent trends at the company level (Le Guenedal et al., 2022) or portfolio
level (Le Guenedal and Roncalli, 2022). Obviously, the outcome is suboptimal as these ap-
proaches do not take into account publicly available information, such as pledges, targets
(e.g. Science-Based Targets) or transition plans (e.g. TPT).

In addition, according to Kalesnik et al. (2022), current forward-looking carbon scores
from different data providers have very limited power to predict future changes in emis-
sions. The authors’ findings suggest that estimated emissions are at least 2.4 times less
effective than self-reported emissions to predict future pathways. In addition, a recent ex-
ploratory study from Aldy et al. (2023) reveals how short-term commitments are only marginally
met and emphasizes the difficulties of high-emitting companies in meeting their targets.
They suggest that unrealistic and overpromising targets are the main issue toward a higher
rate of success.

Therefore, building realistic, robust, and transparent systematic approaches to accurately
predict future GHG emissions at the corporate level is critical to achieve world climate am-
bitions as set in the Paris agreement.

The present article seeks to propose a data-driven approach to determine the drivers
of decarbonization in the cross-section of firms. To do so, we compile a large sample of
firms around the world, where each company is characterized by an array of indicators,
ranging from accounting ratios, to balance sheet composition, ESG scores, and greenhouse
gas emissions.

1.2 Related literature

The present article sits at the intersection of several streams of academic research.

First, there is emerging research on firms’ specific drivers of sustainable policies in gen-
eral and GHG emissions reduction in particular, where current results show contradicting
findings. In the more general case of environmental, social, and governance (ESG) perfor-
mance, we point to the recent survey by Martiny et al. (2024). They emphasize the posi-
tive association between the proportion of ownership associated with socially responsible
investors and future corporate social responsibility (CSR) scores (Hwang et al., 2022). Like-
wise, Kahn et al. (2023) finds a similar result for GHG emissions. Regarding debt financing,
Flammer (2021) show that green bonds’ issuers reduce their GHG emissions post-issuance,
while Zerbib (2019) estimates a positive impact on the cost of capital, reducing the cost of the
transition. On another dimension, Lee and Min (2015) and Habiba et al. (2022) point out that
green R&D and innovations are associated with lower emissions.

Nevertheless, other contributions nuance the influence of ownership structure, financial
flows, and financing costs. Atta-Darkua et al. (2023) argue that the real impact of sustainable
investors is marginal with respect to the green transition. Moreover, Berk and Van Binsber-
gen (2024) show that in contradiction with theoretical findings suggesting that sustainable

®Summary of the TPT Recommendations
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investing may produce a positive impact by making firms greener (Pastor et al., 2021), based
on current data, the influence of divesting on the cost of capital is too low to meaningfully
affect real investment decisions. In addition, Feldhiitter and Pedersen (2023) propose a the-
oretical model implying that firm incentives to make green investments do not depend on
their financing choice (debt versus equity). These findings are also supported by Heath et al.
(2023) and Lam and Wurgler (2024). The first shows that SRI funds do not significantly
change firm behavior, while the latter emphasize that only 2% of the proceeds from corpo-
rate green bonds support projects with new green features.

Besides, some studies look beyond correlation and aim to assess the causality of sus-
tainable policies on firms” decisions. From a theoretical perspective, Acharya et al. (2023)
propose a model on the impact of carbon taxes and green subsidies on the willingness of
firms to invest in decarbonization technologies. The model predicts that large firms (or
conglomerates) can benefit from investing in green technologies and lead the way toward
decarbonization. Furthermore, Pedersen (2024) also shows that carbon prices are the most
efficient tools to optimize social welfare (aggregate consumption minus dis-utility from pol-
lution). Empirically, Adamolekun (2024) confirms that carbon pricing in the European Union
reduces corporate emissions. In fact, Leffel et al. (2024) contend that state-level climate poli-
cies (e.g. financial incentives for energy efficiency) matter more for decarbonization than
corporate decarbonization initiatives.

In a more descriptive way, Aldy et al. (2023) study the determinants of corporate carbon
pledges and achievement. They show that companies’ ability to succeed depends on the
duration of the carbon pledge, the overall level of emissions, and the sales growth of each
company.

Moreover, a few papers tackle the challenging exercise of ESG scores or GHG emissions
forecasting based on statistical tools. Goldhammer et al. (2017) first introduce a set of com-
pany data and suggest Ordinary Least Squares (OLS) and Gamma Generalized Linear Re-
gression (GGLR) to model GHG emissions forecasts. They achieve a higher match with
reported data compared to simple extrapolation, but for a very limited set of European com-
panies. Nguyen et al. (2021) propose an updated approach with the help of machine learn-
ing techniques to improve accuracy. They build a meta-learner that relies on the optimal set
of predictors from different base models, including OLS, penalized regressions, neural net-
works, trees and clustering techniques, leading to a significant improve in and out-of-sample
accuracy. However, they highlighted limitations in the disentanglement between direct and
indirect emissions in their predictions, as well as discrepancies between industries. For ex-
ample, the average R2 for most polluting industries in direct emissions (Scope 1) barely
reaches 50%. Recently, Michalski and Low (2024) applied a similar approach to predict ESG
scores. Pastor et al. (2024) also released a study of sectors” "carbon burden", computing the
present value of future carbon emissions at sector level, and thereby trying to quantify the
social externality arising from damages caused by corporate emissions of greenhouse gases.
In doing so, they find that firms” emissions are predictable by past emissions, investment,
climate score, and book-to-market.

Finally, we relate to a more mature research field studying the drivers of decarbonization
at the macroeconomic level. Although most analysis tends to focus on a specific country
at a time, we refer to those that take a panel approach and consider groups of countries.
Several key variables stand out in this literature, such as trade openness and its variations



(Coskuner et al., 2020; Dogan and Seker, 2016b; Nguyen et al., 2021; Sharma, 2011). Other
natural predictors include GDP per capita (Coskuner et al., 2020; Sharma, 2011), economic
growth (Nguyen et al., 2021), energy consumption® (Coskuner et al., 2020; Dogan and Seker,
2016b; Sharma, 2011), environmental policies (Puertas and Marti, 2021), and financial devel-
opment (Dogan and Seker, 2016b).

1.3 Summary of contributions

In the following paper, we contribute to the aforementioned literature through several ways.
First, we explore the traits of firms undergoing decarbonization. One key finding is the sig-
nificant gap between reported emissions and those estimated by data providers. According
to our results, reported emissions largely rely on accounting data, while little consideration
is given to pledges like those from the SBTI, which is surprising.

Another major insight from our results is that complex nonlinear models using panel data
do not consistently outperform simpler methods. Additionally, extrapolation proves to be
an unreliable benchmark due to the possibility of reversals in corporate emission strategies.

When it comes to identifying key variables for decarbonization, no clear narrative emerges.
Both sustainability-linked factors, such as biodiversity footprint, and more conventional fi-
nancial metrics, including historical returns and the book-to-market ratio, play a role. More-
over, analysts’ sentiment and macroeconomic indicators frequently contribute to explaining
carbon trends.

Our classification analysis also indicates that broader industry trends influence model
performance. Specifically, the overall proportion of decarbonizing firms is closely linked to
the accuracy of our models.

Lastly, we observe variations in prediction errors across different industries. Certain
sectors, like utilities, are easier to predict, whereas others, such as information technology,
present greater challenges. For sectors with high carbon impact—such as industrials, mate-
rials, energy, and real estate—the forecasting difficulty lies somewhere in between, making
their emission trends neither straightforward nor highly unpredictable.

2 Data

2.1 Sources and construction

We collect carbon emission footprints under scopes 1, 2 and 3 for listed equities worldwide,
covering a broad universe of developed and emerging markets for a period spanning from
2014 to 2023. We rely on ISS data as this is one of the main provider and it covers a very
large database of both reported and estimated emissions. We also consider MSCI data as
an alternative, but to ensure data consistency, we only include firms” observations from a
single provider and do not mix sources. We compute our own estimate of GHG emissions
intensities by scaling raw emissions by revenues sourced from Bloomberg. This approach

°In fact, Dogan and Seker (2016a) and Jiang and Guan (2016) show that the share of fossil fuels versus
renewable in total energy consumption is a key driver.
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has become standard in the industry, as well as academic research on the topic. Table 9 of
the Appendix displays the name, source, and definition of each variable.

Our panel sample covers over 22,000 unique companies worldwide (North America, Eu-
rope, Japan, Asia ex Japan and Emerging markets) over the period 2014 to 2023. As shown
in Figure 1, North America dominates in terms of number of companies and total market
capitalization since 2015, followed by Europe and Asia. We also observe a significant bias
toward small companies, reflecting the true nature of financial markets (see Table 1 for more
details).
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Figure 1: Share of total market capitalisation by region and year

Region min  10% 50% mean 90% max
Asia ex Japan 0.50  58.00 736.00 4.33 x 10° 7.37 x 103 1.74 x 10°
Europe 0.50  48.00 990.00 1.03 x 10* 1.83 x 10* 7.86 x 10°
Japan 3.70  55.00 376.00 3.94 x 103 6.04 x 10> 9.80 x 10°
North America 0.50 158.00 2.24 x 10> 1.57 x 10* 2.98 x 10* 2.74 x 106
Rest of the World 0.60  65.00 1.06 x 10® 5.97 x 103> 1.08 x 10* 2.92 x 10°

Table 1: Companies market capitalisation (Million USD)

Finally, an increasing number of companies have begun reporting their direct GHG emis-
sions over time, rising from 13% of the overall sample in 2014 to 55% in the most recent year,
with a notable jump in 2022. Interestingly, the share of reported direct emissions as a propor-
tion of the total universe footprint has followed a more modest upward trend, albeit from
a much higher starting point. In 2014, the 13% of reporting companies accounted for 55%
of total direct GHG emissions. By 2023, although 55% of companies reported, they repre-
sented only 83% of the total footprint. This indicates that more recent reporters tend to have
relatively smaller carbon footprints than earlier ones. Nevertheless, focusing on reported
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Scope 1 and 2 emissions still captures over 80% of the total universe footprint, making such
analysis broadly representative.

Figure 2 summarizes this finding over time, and Table 11 provides descriptive compari-
son statistics for the two groups.
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Figure 2: Distribution of cumulative reported emissions over the period

In addition, we identify a broad list of candidate drivers of firm decarbonization based
on the literature. For clarity, we grouped them into the following categories.

Corporate Sustainability Indicators. First, we identify the ESG profile of companies as
indicative of their awareness of climate-related issues and their ability to carry out change.
Hence, we collect E, S, and G scores separately from ISS. Furthermore, because climate
change and the biodiversity crisis are deeply intertwined, we take advantage of Iceberg-
Datalab to include corporate biodiversity footprint (CBF) as a proxy of firm impact on biodi-
versity.

Finally, we include firms” GHG reduction targets collected by MSCI. This includes whether
targets are validated by the Science Based Target Initiative (SBTi), among others. Firms’ cli-
mate commitments appear to matter in the literature, as Bolton and Kacperczyk (2023) and
Ramadorai and Zeni (2024) show evidence that firms that commit to reducing their carbon
emissions tend to do so subsequently.

Corporate Fundamental & Market Indicators. Second, we consider the financial ability
of companies to engage in decarbonization. To this end, we collect market and fundamental
variables from Bloomberg, including geography and industry segmentation (GICS), market
capitalization, price to book, debt to equity, free-cash-flows, long-term investments, R&D
spending and others.

Corporate Ownership & Debt Structure. Third, according to several studies, the own-



ership structure influences both climate disclosure and climate performance. Following in-
sights from Bolton and Kacperczyk (2021); Cohen et al. (2023) we include the percentage of
shares held by institutional investors and the percentage of insider shares’ outflow as pro-
vided by Bloomberg. Kahn et al. (2023); Rink et al. (2024) also suggest that active sharehold-
ers who engage with companies can influence their environmental and social performance.
Therefore, we compute our own estimate of active sustainable shareholders. We estimate
the latter by aggregating annual holdings from a comprehensive list of 780 active sustain-
able equity funds computed by Exane Research (2023). Details about the funds” sample can
be found in the online Appendix.

Regional Indicators. Finally, we also believe that macroeconomic and regional charac-
teristics play a significant role in firms” ability and willingness to tackle climate change and
reduce their GHG emissions. We include the carbon intensity of energy mix from the IEA,
and an environmental policy score from the OECD. It is worth noting the US are not cov-
ered by the OECD data and are therefore considered as laggard in advocating ambitious
environmental policies during the 2014 — 2024 period.

A summary of all variables names, sources and interpretations can be found in Table 10
in the Appendix. Because corporate carbon emissions are updated on a yearly frequency, we
keep this reporting frequency in the construction of our dataset. For variables with higher
frequency such as market variables, we compute averages of past quarterly observations
when relevant. Descriptive statistics of the universe are provided in Sub-section 2.4.

In the following study, we use GHG emissions as the dependent variable and lag all
independent variables by one year in order to conduct a predictive analysis.

2.2 Outliers detection, panel construction and data imputation

In the following section, we provide further details on the intermediary steps taken to con-
struct a consistent and clean dataset from the various sources previously mentioned.

Outliers treatment. We begin by excluding observations with non-positive GHG emis-
sions. Next, we identify and remove outliers based on year-over-year changes in either ab-
solute emissions or emissions intensity (normalized by sales). An observation is flagged as
an outlier if it exhibits a reduction greater than 50% or an increase exceeding 200% compared
to the previous year’s reported value. Finally, to mitigate the influence of extreme values, all
independent variables are winsorized at the 0.1 and 99.9™ percentiles within each sector.

Panel construction. To be included in our panel dataset, firms must have at least four
consecutive years of valid GHG data reported. If there are breaks in the data due to outlier
treatment, we keep the most recent uninterrupted run only.

We then divide all firms into two subsets: i) Reported sample, which includes firms that
have reported their own GHG emissions for at least one year for both Scope 1 and Scope
2; and ii) Modeled or Estimated sample, which includes firms for which all GHG data are
estimated by the data provider.

Data imputation. We perform data imputation for independent variables with a spe-
cific approach for each group. For sustainability indicators, we apply linear interpolation,
while for the financial and market variables, following Chen and McCoy (2024), we resort
to cross-sectional mean imputation at the sector and size level. In practice, for all ratios and
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percentage variables, we group the observations by GICS sector and fill the missing values
with the cross-sectional mean of the sector each year. For absolute variables, we use the same
approach, but we also take into account the market capitalization of the company compared
to the sector average while grouping.

2.3 Omitted variables due to colinearity

Figure 10 in the Appendix presents the correlation matrix of all independent variables as
defined above. We observe several groups of highly correlated variables and therefore drop
some of them to avoid multicollinearity issues in the estimation of linear models.

First, we find that market capitalization, revenue, enterprise value, and lagged GHG
emissions are highly correlated. To address this, we retain only lagged emissions, which
we consider the most relevant predictor of firms’ future em1551ons and a way to mltlgate
multicollinearity.

gfeeﬁffanﬁﬁeﬁ Second all reglonal mdlcators from the OECD dlsplay strong mutual cor-
relations. For linear models, we retain only the cross-sectional policy score, which serves
as a summary indicator. We also include the GDP growth rate of the country where each
firm’s headquarters is located, as a macroeconomic control. Finally, energy mix variables
from the IEA are also highly correlated. For linear models, we retain only coal, oil, and re-
newable shares; guided by the prior belief that these sources are more indicative of a firm'’s
potential to reduce emissions. In contrast, for non-linear models such as random forests, we
keep the full set of energy mix variables and allow the model to determine the most relevant
predictors.

2.4 Descriptive statistics

Following the grouping described in Sub-section 2.2, we split the analysis in two groups,
companies belonging to the i) reported sample and those belonging to the ii) modeled or esti-
mated sample. We further consider four types of predictors for each Scope:

1. Raw emissions measured in tons CO2 equivalent (tCO2e) - which we refer to as GHG;
2. Emission intensities (INT), reflecting tCO2e per million of revenue

3. Relative changes in absolute emissions (AGHG);

4. Relative changes in emissions intensities (AINT).

Formally, if GHG; ; is the emission value of firm i and time ¢, then AGHG, ; = GHG, ;/GHG;_; ;—
1, and similarly for intensities.

We focus our baseline analysis on reported Scope 1+2 emissions (Direct Emissions) be-
cause they are less prone to disagreement and divergence, and because current indirect emis-
sions (Scope 3) highly rely on the modeling process done by the data vendor. As an illustra-
tion, 96% of Scope 3 GHG emission in our sample are modeled. We run robustness tests on
estimated emissions for scope 1+2 and both reported and estimated scope 3 emissions.



Figure 3 below and Table 11 in the Appendix provide an overview of the distribution of
these variables for Scope 1+2.
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Figure 3: Distribution of dependent variables - Scope 1+2.

We see that reported Scope 1+2 GHG emissions tend to be larger than modeled emissions
while the dynamic (yearly percentage change) has a similar distribution. This is in line with
the findings of Berg et al. (2024). Several arguments are plausible to explain the differences
between reported and modeled emissions. On the one hand, mandatory disclosure does not
apply to all companies and may induce a size and sectorial bias as large companies and in-
dustries with significant climate-related financial materiality are targeted first by regulators.
In addition, voluntary disclosure requires financial means and skills that small companies
may not have or afford. On the other hand, modeled emissions may underestimate actual
emissions due to model bias such as sectorial approximation and inclusion of financial vari-
ables.”

Turning to the exogenous variables used as potential predictors in our analysis, we present
their main descriptive statistics in Table 12. We confirm the suggested bias toward larger
companies, trading at higher valuations and generating higher profit margins on average
for our reported sample compared to companies in the modeled sample. Reporting com-
panies also tend to have better ESG and environmental scores, and more ambitious SBTI
reduction targets than non-disclosing companies. However, we do not observe any signifi-
cant differences in terms of institutional ownership nor sustainable active ownership.

"Due to a lack of precise model definition, we can’t test this assumption.
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3 The drivers of decarbonization

This section aims to identify the key determinants of decarbonization across the full sample.
We begin in Sub-section 3.1 by estimating linear models, including both standard panel re-
gressions and penalized versions. As noted in Sub-section 2.1, all explanatory variables are
lagged by one year to preserve a predictive structure.

Next, in Sub-section 3.2, we employ random forest models to capture potential nonlinear
relationships between firm characteristics and changes in emissions or emission intensity.

Finally, in Sub-section 3.3, we classify firms based on their realized emission trajectories
and examine which characteristics differ most between those that reduce their footprint and
those that continue to emit more.

3.1 Linear models - OLS and Lasso

Our analysis starts with linear models. We recall that we work with the four dependent
variables outlined in Sub-section 2.4. Henceforth, we write y;1; for the time-t value of one
of these variable for firm i. The model thus reads:

K
k
Yesri = i +ag+ Y l‘i,i)b(k) + €41, 1)
k=1

where the xglj) are the K predictors retained for the analysis, and listed in Table 12 in the
Appendix. Note that these predictors include the lagged values of the dependent variables
(Yet1,)-

Table 2 shows the corresponding estimates with individual fixed effect. To ease inter-
pretation, we only report ¢-statistics, as they provide the key message we are interested in:
the sign of the relationship, and its strength. We tested two estimators for standard errors,
namely Newey and West (1987) and Beck and Katz (1995), but as the latter yielded more
conservative values (smaller ¢-statistics in absolute value), we only provide this version. Sig-
nificance decisions are emphasized with a green background in the results Table.

Linear regression analysis reveals several common findings for both reported and esti-
mated data.

A first takeaway is that past GHG emissions are consistently a strong predictor of future
emissions, highlighting the inherent inertia in emission trajectories. Indeed, lagged values of
absolute emissions (GHG) and intensities (INT) are associated with the largest statistics, by
far. High levels of GHG emissions and intensities are associated with high levels of the same
variables in the following year. In addition, we also observe that higher GHG emissions and
intensities level, allow for stronger reduction potential in the following years. Indeed, high
GHG emissions and intensities are associated with a negative t-statistic when explaining
their future variations. This result is in line with the main findings from Pastor et al. (2024)
analysis of the drivers of GHG emissions forecasts.

A second takeaway is that more than just a handful of variables are relevant for explain-
ing the levels and changes in absolute GHG emissions and intensities. In fact, nearly every
category described in Sub-section 2.1 contains at least one significant predictor. However, we
uncover notable discrepancies between reported and estimated data, which raises concerns
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GHG (log) INT (log) AGHG AINT
Reported Modeled Reported Modeled Reported Modeled Reported Modeled

Direct GHG Emission 51.895 71.883 —26.161 —35.699

Direct GHG Intensity 47.419 58.816 —25.265 —33.826
ISS Environment Score —0.238 0487 —-0.619 —-0.414 —1.473 5.968 —2.034 4.699
ISS Governance Score 0.020 1.558 1.732 4.833 1.315 0.402 0.643 0.632
ISS Social Score 0.806 0.588 0.678 —2.637 —1.593 —0.085 —2.055 —1.559
Dummy SBTi Approved -3.275 —-0.672 —-1.814 —-0.650 @ —6.303 —4.7561 —6.635 —2.819
Years to Closest Target 0.022 —-0.120 —-0.422 —1.368 1.190 —0.029 1.718 —0.817
Biodiversity Score 0.856 0.841 —0.095 = —3.590 —0.316 0.896 —3.099 @ —5.513
Debt to Equity 0.016 —0.661 —1.279 0.203 1.049 —-0.559 —1.076 —0.036
Free Cash Flow -0.321 —-0.446 -0.732 —-0.842 —-0.971 —0.260 1.363  —1.026
Interest Coverage —4.916 —2.173 —2.608 —2.369 @ —4.499 0.373 —2.868 —0.759
Longterm Debt 0.686 0.358 0.121 0.006  —0.320 3.793 0.647 3.485
Longterm Investment 0.081 —0.299 0.258 —0.882 —1.560 1.861 —1.107 0.840
Price to Book —0.346 0.283 —0.690 —0.598 0.854 0.091 —1.182 —1.579
Price to Earning 0.346 0.009 0.351 0.306 —1.115 0.265  —1.769 0.302
Profit Margin 1.118 —1.501 —0.380 3.878 0.881 2404 —0.174 —1.757
R&D Expenditure 2.119 2.313 0.437 —-0.564 —0.543 —0.517 0.846 0.068
12M Stock Return —0.056 0.972 | —6.275 —1.006 7.065 0.027 | —5.106 —0.788
Institutional Share 7.722 0.176 4.699 —2.674 1.060 0.156 1.137  —0.546
Internal Share Outflow 1.312 —0.981 2.856 0.155 1.425 2.248 1.367 1.597
Share Repurchase —1.499 —-0.052 —-0.750 —0.135 —0.234 —0.832 2.340  —0.887
Green Fund Holding 0.261  —1.080 0.706 —1.571 —1.134 —-1.093 —-0.999 —1.087
Coal Energy fraction —10.171 —8.993 —9.091 -—-11.302 —3.264 0.875 | —5.334 —2.572
Oil Energy fraction —6.437 —6.327 —8.027 —9.889 —-2.264 —1.318 —4.888 —4.409
Renewable Energy fraction —7.402 —1.948 = —8.556 —5.714 —4.039 0.511 | —7.558 —5.107
Policy Stringency —1.870 0.312 0.211 4.122 —4.830 —-0.195 —3.402 4.867

Table 2: Panel model - individual fixed effects. We report the ¢-statistics for the panel models defined
in Equation (1) - all independent variables are lagged. The regressions employ two-way fixed effects (TWFE)
to account for unobserved heterogeneity. The overarching column names pertain to the dependent variables.
The sub-column panels pertain to the type of emissions considered as dependent variable. Standard errors are
computed following Beck and Katz (1995). Colors code when statistics are larger than 2.58 ( , 1%
confidence level) or 3.3 (darker green, 0.1% confidence level) in absolute value.

about the robustness of current estimation models from data providers and underscores the
need for further refinement.

Sustainability Indicators We observe significant and positive coefficients associated with
environmental and governance scores for a few dependent modeled variables in the modeled
sample, but significance vanishes for reported variables. The sign of the coefficient is some-
what counterintuitive, as it suggests that firms with higher ESG scores tend to have higher
GHG emissions or weaker reduction trajectories in the modeled data. This finding contra-
dicts previous literature on the role of firm governance in shaping corporate carbon policy
(Elsayih et al., 2021; Haque, 2017; Oyewo, 2023), and raises questions about the precision of
modeled estimates and the adequacy of ESG metrics as predictors in this context.

In addition, ambitious reduction targets reported to the SBTi have a significant effect on
lowering future emissions, both in absolute terms and relative intensities. This suggests that
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companies with science-based and ambitious targets are indeed reducing their emissions
over time, faster than their peers without such targets, and by a greater absolute amount,
even after controlling for firm fixed effects. Interestingly, this effect is not reflected in mod-
eled estimations for absolute emissions but emerges only in the dynamic (delta), highlight-
ing a possible limitation of current modeling approaches. In the last year in our dataset, only
16% of the firms have approved SBTi targets. This relatively low adoption rate underscores
the potential for broader climate impact if such initiatives were scaled further. Moreover, the
time horizon of the nearest target does not appear to have a significant effect. This raises
important questions about whether the proximity of target deadlines actually influences de-
carbonization efforts, or whether other factors such as implementation capacity, regulatory
context, or investor pressure play a more decisive role. We explore these potential drivers in
more detail in the remainder of the analysis.

Finally, firms’ biodiversity footprint also emerges as a significant driver, underscoring the
interconnectedness between climate change and biodiversity impacts. Corporate biodiver-
sity footprint, measured as a negative value leads to higher GHG emissions when it increases
in absolute terms.

Fundamental and Market Indicators Free cash flow appears to have no significant effect,
despite expectations that it might facilitate investment in transformative projects. Similarly,
R&D spending does not emerge as a significant predictor. In contrast, financial leverage
and resilience do appear to play a meaningful role. Interest coverage is positively associated
with both absolute emission reductions and intensity-based abatement, suggesting that firms
with stronger financial buffers are better positioned for the green transition. These firms are
likely more capable of investing in capital-intensive low-carbon technologies and benefit
from easier and cheaper access to green financing. Moreover, coefficients associated with
recent financial performance—proxied by 12-month stock returns—reinforce this finding for
emission intensities (i.e., GHG emissions scaled by revenues). Interestingly, however, they
are positively associated with increases in absolute emissions. This asymmetry suggests that
while better-performing firms may become more carbon-efficient, this does not necessarily
translate into a reduction in their total emissions. Such divergence is particularly relevant
in the context of the carbon premium discussion, as it underscores the distinct mechanisms
driving improvements in emission intensity versus reductions in absolute emissions. It also
highlights the importance of distinguishing between these two metrics when assessing real-
world climate impact. Financial indicators such as the price-to-book ratio and profit margins
are significant predictors in explaining estimated, but not reported—emissions. This is con-
sistent with findings from Pastor et al. (2024), which suggest that data providers like MSCI
may incorporate such financial ratios into their emissions estimation models.

Ownership and Debt Structure The influence of institutional ownership on GHG emis-
sion levels and reduction dynamics appears significant in the reported data but is absent in
the estimated data. In contrast, active green ownership does not show a statistically signifi-
cant effect on future emissions. The positive coefficient associated with institutional owner-
ship suggests that asset owners could play a pivotal role in shaping the transition to a low-
carbon economy. However, it also indicates that this potential remains largely untapped, as
institutional investors currently tend to overweight firms with high absolute GHG emissions
and emission intensities.

Regional Indicators The macroeconomic environment, particularly the energy mix, plays
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a key role in shaping emission reduction dynamics. The relative use of coal, oil, renewables
and gas emerges as common factors influencing both absolute and relative emissions. De-
spite the potential colinearity between these energy sources, the strong statistical significance
of several variables suggests that the energy transition operates through multiple channels,
collectively contributing to long-term net zero objectives. This finding is consistent with the
observed effect of policy stringency. The OECD Environmental Policy Stringency Index sig-
nificantly drives reductions in absolute GHG emissions, but has limited impact on emission
intensity. This suggests that current macroeconomic instruments, such as carbon taxes or
emissions trading schemes, are more effective in curbing total emissions than in improving
tirms’ carbon efficiency through technological innovation or process optimization.

As a robustness check, we provide in Table 13 in the Appendix the results of the regres-
sion with industry fixed effect.

The main findings remain qualitatively consistent: GHG emissions show strong persis-
tence over time, with past levels of emissions and intensities highly predictive of future
values. Firms with higher initial emissions also tend to reduce emissions more significantly,
confirming earlier results. A wide range of sustainability, financial, ownership, and regional
variables help explain emissions patterns, although discrepancies between reported and es-
timated data persist. Ambitious SBTi targets are strongly associated with subsequent reduc-
tions in reported emissions. Financial resilience—captured by interest coverage and stock
performance—supports emission reductions, though gains in intensity do not always lead
to lower absolute emissions. Institutional ownership is linked to higher emissions in re-
ported data, pointing to unrealized potential for investor-driven decarbonization. Structural
factors such as energy mix and policy stringency remain robust drivers of emission trends.

However, we also observe notable differences. First, unlike in the company fixed effects
model, ESG scores emerge as significant predictors and are generally associated with lower
future emissions, as expected, across both reported and modeled data. An exception is the
Governance score in the modeled sample, which surprisingly shows a positive association
with emissions, raising questions about the interpretation and construction of estimated vari-
ables. Second, R&D spending is linked to higher initial emission levels but also to greater
reductions in emission intensity. This suggests that while firms investing in innovation may
not immediately reduce their absolute emissions, they improve efficiency, potentially opti-
mizing internal processes rather than delivering real-world decarbonization.

In order to determine which variables matter the most, we turn to LASSO (Tibshirani
(1996)) penalized regressions, a common feature selection tool in statistics. We rewrite Equa-
tion (1) as

Yir1,i = Xeab + €ppis

where the matrix X; ; includes the fixed effects. The LASSO solves

b* = argmin ||y — X0[[3 + Al|b][1,
b

where the shrinkage parameter, A\ determines the stringency of the penalization. The larger
it is, the more sparse the model becomes (more estimated coefficients are set to zero). By
default, the {glmnet} package in the R language spans a large number of values of A and
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generates a full matrix of estimates B;a j» where j is the index of ;. We are then interested in
the proportion of times that a variable survives the penalization:

J
pe=J7 2 Lm0y @)
]:

We run the models separately on reported and estimated emissions. The correspond-
ing values (in percents) are gathered in Table 3. We only list the top 15 variables for each
category: raw footprint include GHG and INT, while changes are AGHG and AINT.

To be consistent with the initial specification in Equation (1), we include fixed effects in
the model. However, they are rarely among the surviving variables and none even make it
to the top 15. For the sake of completeness, we also ran models without fixed effects, and the
results are qualitatively the same; the ranks are simply slightly altered (see Table 14 in the
Appendix).

Raw footprint Relative change
GHG (log) INT (log) AGHG AINT
rank rep. est. rep. est. ‘ rep. est. rep. est.
1 Direct GHG Emission 99 99
2 Direct GHG Intensity 99 99
3 12M Stock Reutrn 0 60 77 71
4 Policy Stringency 49 51 73 73
5 Dummy SBTi Approved 43 40 71 74
6 Renewable Energy pct 67 63 67 77
7 Coal Energy pct 71 67 66 67
8 ISS Environment Score 0 26 58 66
9 ISS Social Score 31 32 53 59
10 GDP Growth 43 34 56 49
11  Internal Share Outflow 35 51 53 52
12 Years to Closest Target 0 30 51 52
13 Price to Earning 10 12 49 51
14  Price to Book 8 32 55 45
15 Longterm Investment 14 27 49 45

Table 3: Lasso survival rate. We report the percentage of times that a given variable survives LASSO
selection (see Equation (2)). The rank of the variable is determined by the average of the the four columns.
Fixed effects are included in the model.

Although the results differ slightly from those obtained by standard panel regression,
they confirm the main findings of the previous analysis, as presented in Table 2. We also
continue to observe a systematic divergence between reported and modeled data across most
variables, once again emphasizing the need for further refinement when working with esti-
mated emissions.

First, past emissions emerge as the strongest predictor of future emissions, reaffirming
their central role in forecasting. Second, SBTi commitments demonstrate substantial pre-
dictive power for future changes in emissions rather than current levels. This aligns with
the strong negative t-statistics observed in the fixed-effects panel regressions. Yet again, the
modeled data shows weaker effects, suggesting that estimation models fail to adequately
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capture the impact of firm-level climate action. In addition, financial variables, such as 12-
month stock returns and valuation ratios like price-to-earnings and price-to-book—consistently
rank among the top predictors. Macroeconomic indicators, including policy and energy in-
frastructure variables, also display robust predictive power across all model specifications.
In particular, the shares of coal and renewable energy in the national energy mix are se-
lected by the LASSO procedure in 60-70% of cases for reported data, while policy stringency
remains a consistent and significant predictor for both absolute and intensity-based reduc-
tions.

Interestingly, the Environmental score also appears as a significant predictor in this spec-
ification, despite being insignificant in the individual fixed-effects panel regression. This
discrepancy underscores the current ambiguity in the academic literature regarding the pre-
dictive value of ESG scores, with recent studies such as Kalesnik et al. (2022); Pastor et al.
(2024) reporting diverging results.

3.2 Inference from non-linear models - Random forests

To further explain emissions and intensity changes over time, we leverage on random forests.
The rationale for this choice is two-fold. First, tree-based supervised learning performs very
well on tabular data (Grinsztajn et al. (2022), Januschowski et al. (2022), Shwartz-Ziv and
Armon (2022)). Second, these methods are readily interpretable via the feature importance
metrics that are computed once the models are trained (see, e.g., Molnar (2020)). In ad-
dition, statistical tests have also been developed to evaluate the significance of features in
these models (see, e.g., Mentch and Hooker (2016)), as well as confidence intervals based
on resampling and deleted-d jacknife estimators (Ishwaran and Lu (2019)). We follow this
approach in our analysis.

In Figure 4, we report the confidence regions for the feature importance, computed over
100 bootstraps. The most important predictor is shown at the top and all values are normal-
ized so that the top feature has an average importance of 1.

In this section, we focus on changes in GHG emissions and intensities, as absolute levels
are largely driven by their past values. Consequently, non-linear modeling is expected to
provide limited value added when explaining absolute emissions, but it may better capture
the dynamics of change.

Our results confirm the predictive power of many variables identified in the previous
analysis. For both GHG abatement and intensity reduction, past GHG emissions remain the
most important predictor. Other key variables include 12-month stock returns, components
of the IEA energy mix, and a variant of the SBTi-approved target, specifically the count of
climate commitments a company has made, as compiled by MSCI.

Interestingly, some variables that showed limited significance in linear panel models,
such as financial ratios (price-to-book, price-to-earnings) and firm fundamentals (revenues
and free cash flow), now exhibit much stronger predictive power in non-linear models.
This suggests that non-linear relationships exist between financial characteristics and carbon
abatement potential, which linear approaches may fail to capture. Additionally, we observe
increased importance for macroeconomic indicators like GDP growth, which had minimal
impact in the linear models.
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Figure 4: Confidence regions for feature importance. We plot the median (center), inter-
quartile range (boxes) and 95% interval (whiskers) for the variable importance, following
Ishwaran and Lu (2019). The number of bootstrap samples is 100. The forests were fitted
separately on the estimated (left panels) and reported (right) variations, as well as on raw
emissions (top panels) and intensities (bottom).

3.3 The characteristics of decarbonizing firms

In the previous sections, we focused our analysis on identifying the cross-sectional drivers
of firms’ carbon emissions and abatement. In the following subsection, we reverse the per-
spective and examine the characteristics of firms sorted by their GHG emissions trajectories.

First, we split the sample, on a year-by-year basis , in two groups: firms with low versus
high dependent variable.® Then, we aggregate all firms classified into each group to form
two pooled samples. Finally, for each characteristic, we test if the average value is signifi-
cantly different between the two groups, for instance, large GHG emissions reduction versus
low GHG emissions reduction.

Figure 5 displays our findings for levels of GHG emissions while Figure 11 provided in
Appendix extends the analysis to emissions intensities. We plot the absolute ¢-statistics of
the tests for which the null hypothesis is that there is no difference between the two groups.
The results are consistent with previous analysis.

8This approach is used in Seyfi (2024) to understand the characteristics of low versus high return US stocks.
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Figure 5: Characteristics of decarbonizing firms, Pooled sample mean. This figure displays
the absolute values of the ¢-statistics of the tests in differences in means between character-
istics, pooled by yearly performance , with high versus low AGHG.
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3.4 A Causal Analysis - The Impact of SBTi on Corporate Emissions
3.4.1 Identification Strategy

To establish a causal link between Science-Based Targets (SBTi) adoption and emissions, we
address the endogeneity of voluntary climate commitments using an instrumental variable
(IV) approach within a difference-in-differences (DiD) framework. Our strategy leverages
the staggered rollout of the unified CDP-ICLEI regional reporting system, which began in
2018. This reform created an authoritative disclosure channel, enhancing peer pressure on
firms. The staggered adoption across different jurisdictions provides quasi-random vari-
ation in the timing of this external pressure, which is plausibly uncorrelated with firms’
pre-existing emission trends.

The staggered nature of the policy rollout makes traditional DiD estimators biased. We
therefore implement the robust estimator from Callaway and Sant’Anna (2021), which is
specifically designed for such settings. This method avoids the "bad control" problem by
constructing valid counterfactuals for each treatment cohort, using only not-yet-treated or
never-treated firms. We define treatment cohorts (g) based on the year (2018, 2019, 2021, or
2023) the CDP-ICLEI system was implemented in a firm’s headquarter country. We imple-
ment a two-stage procedure to estimate the Local Average Treatment Effect (LATE) for each
cohort (g) and time period (t):

First Stage (Cohort-specific):

SBTiLg’t = Tgt" CDPLg’t + X£7g7th,t + €i,g,t (3)
Reduced Form (Cohort-specific):

AEmiSSiOHSi,%t = ﬁg,t . CDPi,g,t + X( @g,t + Ui, g,t (4)

1,9,¢

where CDP; , ; equals 1 for treated firms in cohort g at time ¢ > g, and 0 for control firms.
The cohort-specific Local Average Treatment Effectis LATE,; = f4.¢/7g.+-

3.4.2 Main Results

Our primary IV-DiD results, presented in Table 4, demonstrate a significant causal impact of
SBTi adoption on corporate emissions intensity. The first stage (Panel A) confirms the instru-
ment’s relevance: exposure to the CDP program increases the probability of SBTi adoption
by 3.7 percentage points. The reduced-form estimate (Panel B) shows this program leads
to a 0.047 percentage point annual reduction in GHG intensity. Combining these, the Local
Average Treatment Effect (LATE, Panel C) reveals our main finding: for firms induced to
participate by the program (“compliers”), SBTi adoption causes a 1.264% annual reduction
in emissions intensity than its peer. The lack of a significant effect on absolute emissions
suggests this decarbonization is driven primarily by enhanced carbon efficiency.

To ensure the credibility of our causal estimates, we perform two key validation tests
summarized in Table 5. First, we test the exogeneity of our instrument by examining a
placebo test with 18 pre-treatment firm characteristics. The results support our assumption,
with 17 of the 18 tests yielding insignificant coefficients. The sole exception was for insider
share outflow (Internal Share Outflow), a result likely attributable to high imputation for
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Panel & Variable Estimate Std. Error 95% Conf. Interval
Panel A: First Stage

CDP — SBTi Adoption () 0.037*** 0.004 [0.029, 0.045]
Panel B: Reduced Form

CDP — Direct GHG Emissions (%) 0.001 0.008 [-0.015, 0.016]

CDP — GHG Intensity (%) -0.047*** 0.008 [-0.063, -0.031]
Panel C: LATE (SBTi — Emissions)

SBTi — Direct GHG Emissions (%)  0.013 0.218 [-0.414, 0.441]

SBTi — GHG Intensity (%) -1.264**  0.254 [-1.761, -0.767]

Table 4: Main IV-DID Results using Aggregated Callaway-Sant’Anna Estimator. This table
reports aggregated treatment effects. The LATE is calculated as the ratio of the reduced-form
estimate to the first-stage estimate. Standard errors are clustered at the firm level. ***p < 0.01,
“*p < 0.05, *p < 0.1. Significance stars for panels A and B are based on the 95% confidence
interval not covering zero.

non-disclosure information. Second, we test the exclusion restriction using a triple-difference
model. The results show that the instrument’s effect does not systematically differ between
eventual SBTi adopters and non-adopters for either direct emissions (p = 0.586) or GHG in-
tensity (p = 0.062). This supports our assumption that the CDP program influences emissions
through the intended SBTi adoption channel. Finally, to visually inspect the parallel trends
assumption for our first stage, we plot an event study in Figure 6. The plot confirms the
absence of significant pre-treatment effects, further strengthening our identification strategy.

To explore potential heterogeneity across adoption cohorts, we use the Callaway & Sant’Anna
estimator aggregated at the cohort level (‘type = "group"). Table 15, in the appendix, presents
the results from this cohort-by-cohort analysis. The findings reveal significant heterogeneity
but also reinforce our main conclusion: the program’s effectiveness is primarily driven by
the initial, largest cohort of adopters. Crucially, for all later cohorts, the LATE estimates on
both direct GHG emissions and GHG intensity are not statistically significant. The only ex-
ception is a marginally significant effect on direct emissions for the small 2021 cohort. This
pattern suggests that the causal link between the disclosure program and tangible emission
reductions is concentrated in the initial wave of adoption, and the generalized effect is still
not revealed for the short, limited observation panel.

The Science-Based Targets Initiative, especially when implemented under quasi-regulatory
pressure, effectively reduces uncertainty and indicates authentic alignment with net-zero
goals. The notable decrease in emissions intensity among "complier" firms indicates that
these commitments result in concrete actions, exceeding limited aspirational pledges or po-
tential greenwashing. Such a framework offers investors a means to identify "validated
pledges," which serve as more solid indicators of future efficiency improvements compared
to solely voluntary targets, particularly in the context of firm or product-level net-zero com-
mitments aimed at enhancing carbon efficiency. This strategy promotes a sustainable decar-
bonization pathway at the firm level by integrating efficiency gains into core processes that
ultimately influence the carbon footprint of products and services.
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Panel A: Pre-treatment Outcomes Test

Variable Category Variables Tested Passed Tests Pass Rate
Lagged Emissions 2 2 100%
Financial Performance 6 6 100%
Capital Structure 4 4 100%
Market Valuation 2 2 100%
Ownership & Payouts 4 3 75%
Overall 18 17 94%
Panel B: Triple Difference Test

Outcome Variable Triple Interaction P-value Result
Direct GHG Emissions (%) 0.0017 0.586 Pass
GHG Intensity (%) 0.0058 0.062 Pass

Table 5: Validity Tests for IV-DID Identification. Panel A reports results from regressing 18
pre-treatment firm characteristics on the instrumental variable; a test “passes” if the coeffi-
cient is statistically insignificant (p > 0.05). Panel B reports triple-difference results examining
whether the instrument affects eventual SBTi adopters and non-adopters differentially.

Event Study: CDP Reporting —> SBTi Participation

0.10
|

Effect on SBTi Participation
0.05
|
——y

—i
[l
o
F—e—

0.00

I I I I I
-4 -2 0 2 4

Years Since CDP Reporting

Figure 6: Event study plot of the effect of the CDP regional reporting program on SBTi adop-
tion. The plot displays the dynamic coefficients with 95% confidence intervals. The absence
of statistically significant effects in the pre-treatment periods (t < 0) supports the parallel
trends assumption for the first stage of our IV design.
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4 Forecasting

4.1 Out-of-sample analysis

Being able to understand what influences emission dynamics in the cross-section of firms is
crucial for investors seeking portfolios decarbonization in accordance with Net-Zero pledges
(see, e.g., Bolton et al. (2022) and Le Guenedal et al. (2022)). However, corporate strategies
with respect to emissions evolve constantly, both at the micro and the macro level, hence
forecasting carbon footprints is hard and besting simple benchmarks is even more challeng-
ing.

In this section, we analyze the out-of-sample accuracy of our emission forecasts. Impor-
tantly, this section only focuses on reported emissions. Due to data restriction, the training
set consists of all observations, except from the last year (2023), while the test set encom-
passes all points from this last year. In terms of algorithms, we stick to random forests, as in
the previous section. Formally, the model is

Yt+1n = f(mt,n) + Ct+1,n; (5)

where f is the non-linear model and e, ,, the residuals. The predictors x; are the variables
used so far in the paper. Note that we use the notation y as is customary in the literature;
in our study, it will stand for (log) emissions, (log) intensities, and variations thereof. Im-
portantly, we focus solely on reported data. We work with logarithmic values to avoid the
squared errors to be heavily biased towards the large emitters only. We also highlight the lag
between the dependent variable (at time ¢ 4 1) and the predictors (in ¢). The metric we will
report is the RMSE (root mean squared error), likely the most common choice in regression
tasks:

N

RMSE = \J % Z (yT—l—l,n - f(xT,n)>27 (6)

n=1

where f is the trained model, T is the testing date and N the corresponding number of firms.

In order to assess the quality of our forecast, we define two benchmark values. The first
benchmark is the RMSE when the prediction is the (log) emission from the previous year,
i.e., assuming nothimng has changed from 2021 to 2022. The second benchmark is the error
we make when extrapolating the trend of emissions and intensities using a linear model. For
this benchmark, we restrict the testing set to the firms for which all points between 2016 and
2022 are available. Indeed, the extrapolation mostly makes sense if a minimum of points
are available. To motivate this choice, we show in Figure 7 a few examples of log emission
trends for large corporations. These trends show that extrapolating, which seems natural,
seems to be a fairly promising approach.

As is customary in machine learning practice, we run the analysis on several values of
the important parameters of the model, which we summarize in Table 6 below.

Our main results are gathered in Table 7. The first rows (Panel A) indicate the benchmark
errors when predicting the four dependent variables (in columns): GHG, GHG PCT (relative
variation in emissions), INT and INT PCT (relative variation in intensities). We report the
errors both on the full sample of 2022 and also on the subset of firms for which all points are
available (“sub” columns in the table).
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Figure 7: Extrapolation for large firms. We show the dynamics of reported log emissions
for the six largest firms in the sample (in terms of revenue) for which all seven years of
data are available. The first six years are shown in grey and then last point for 2023 is the
extrapolation. The realized value for 2023 is shown in red.

short name | description | tested values
ntree number of trees 150, 500, 1500
mtry % of columns used to train each tree 0.6,0.9
sampsize % of original sample used for each tree 0.6,0.9
nodesize | max. size of leaves as % of training sample | 0.0005, 0.001, 0.005
maxnodes max. number of leaves per tree 1000, 2000, 5000

Table 6: Hyper-parameters. We list the hyper-parameters we used in our first baseline at-
tempt, along with the tested values.

An interesting takeaway from these preliminary results is that extrapolation is not the
best option. This can be surprising, given the seemingly promising examples shown in Fig-
ure 7, but in fact, while the good performance of extrapolation holds for large firms, it is
much more erratic for smaller firms.Borui: I didn’t update this, THE ONLY past result In
Figure 12 in the Appendix, we provide a few examples for which firms experience sharp
shocks in their emission trajectory in 2022, leading extrapolation to fail badly. This may ex-
plain why the simpler prediction that assumes constant emissions can work better, as it is
less exposed to contrarian moves.
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dependent variable GHG GHG PCT INT INT PCT
sample  all sub all sub all sub all sub

PANEL A: benchmarks
constant 0.891 0.205 0.304 0.231 0916 0.246 0.332 0.271
extrapolation - 0.274 - - - 0.303 - -

PANEL B: random forests (statistics across HP combinations)
min 0.886 0.211 0.297 0.229 0.900 0.250 0.327 0.267
median 0.889 0.223 0.297 0.229 0905 0.257 0.328 0.268
max 0927 0308 0.298 0.231 0939 0311 0.328 0.269

PANEL C: learning from errors (statistics across HP combinations)

min 0.892 0.207 - - 0.905 0.243 - -
median 0.893 0.210 - - 0.906 0.247 - -
max 0.894 0.214 - - 0.906 0.249 - -

Table 7: Out-of-sample forecasting accuracy. We report the root mean squared errors (RMSE)
of the predictive models for the year 2023. In Panel A, we report two benchmarks: the constant
value (from 2022) and the extrapolated one, from 2016 to 2022. For the extrapolation, the estimations
are run on the set of firms for which all eight data points of reported emissions are available (we
refer to this set as “sub”). In Panel B, we report the statistics (minimum, median and maximum) of
the RMSE when spanning the hyperparameter space with 108 combinations. Panel C shows results
from learning from errors approach. Training is performed on 2016-2022 data with out-of-sample
predictions on 2023 data.

The next batch of rows (Panel B in Table 7) provides the minimum, median and maximum
of the RMSE across the 108 hyperparameter combinations of Table 6. Plainly, they show that
the sophisticated algorithms do not perform better than the heuristic benchmarks, except
perhaps for the relative change in intensities (INT PCT).

To try to improve on these disappointing results, we tested another approach. Given the
relative good performance of the constant benchmark, we sought to predict the drivers of
the raw variations. In doing so, we hope to reduce the error from the simplest benchmark.
In this case, the dependent variable in the models becomes

A log(GHG; ;) — log(GHG; ;1) for emissions %
wt log(INT; ;) — log(INT; ;1) for intensities.

Upon calibration of the model, the estimates for log emissions and log intensities are then
l0g(GHG;41) + Ay, 1og(INT;y 1) + Ay,

where Ai,t is the value predicted from the model (either for emissions or for intensities). In
particular, this is suited to raw numbers, but not to the GHG and INT percent changes. The
corresponding errors are gathered in Panel C of Table 7. They are all smaller than in Panel
B, suggesting that this approach is better for forecasting purposes, compared to the brute RF
models. Nevertheless, they mostly do not beat the benchmarks, except for one exception.
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4.2 Classification

The results in the previous section are disappointing both because the sophistication in mod-
els does not enhance performance, but also because performance itself is not easy to interpret
- this is a common drawback of the RMSE.

To bypass these limitations, we propose to forecast decarbonization as a binary (dummy)
variable. A firm is termed “decarbonizing” at year ¢ if its emissions in ¢ are lower than in year
t — 1. We will use the same designation for intensity reduction. The corresponding value for
the dependent variable is one and the only other possible value is zero if the firm is projected
to increase its emissions in 2022. We consider three benchmarks:

1. constant status: a firm is forecasted to decarbonize in 2022 if it had reduced its footprint
in 2021 (compared to 2020).

2. regression forecast: we use the linear trend from 2016 to 2021 to forecast a value in
2022. If it is lower than that in 2021, then we predict a decarbonization.

3. regression slope: given the above trend, we predict lower emissions if the slope is
negative.

The forecasting accuracy of these benchmarks is reported in Panel A in Table ??. The
accuracy is simply the proportion of correct predictions. When the samples are perfectly
balanced, a natural yardstick is 50%, which corresponds to a coin toss.

We do obtain metrics above 50%, especially in Panel C when predicting GHG emissions.
The models have a much harder time forecasting intensities, for reasons that remain unclear.
Perhaps one potential explanation comes from the plot next to Table ??. It shows that the
aggregate proportion of firms that decarbonize is much more stable for raw emissions com-
pared to intensities. In particular, the proportion of firms reducing their emissions is always
above 50%, which boosts out-of-sample performance.

4.3 Sector discrepancies

Finally, we dive into the dependence of our results to sectors. In Figure 8, we depict the
RMSE, but this time averaged for each sector separately. This reveals pronounced discrep-
ancies, with utilities being the industry that appears the easiest to forecast, while information
technology is the hardest.

Some sectors are harder to abate and also more material when it comes to GHG emissions.
This is the case of Industrials, Real Estate and Energy for instance. The former are among
the hardest sectors to forecast, while for the other two, our models fare better.

5 Conclusion

This paper seeks to leverage data mining to understand the characteristics of decarbonizing
firms. First, there are large discrepancies between reported and estimated emissions. The
former, calculated by data providers are much based, according to our results, on accounting
data, and they counter-intuitively give little weight to pledges such as those recorded by the
SBTI.
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median 0.588 0.639 0.551 0.573
max 0.592 0.645 0.562 0.585
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Table 8: Classification of decarbonization. In the left table, we report the accuracy of the predic-
tive models for the year 2023. In Panel A, we report three benchmarks: i) the decarbonization status
of 2022 is assumed to remain, ii) the linear prediction is used to determine if emissions or intensities
will decrease and iii) the slope of the linear regression is used (a negative slope meaning decarboniza-
tion). For the latter two, the estimations are run on the set of firms for which all eight data points
of reported emissions are available (we refer to this set as “sub”). In Panel B, we report the statistics
(minimum, median and maximum) of the accuracy when spanning the hyperparameter space with
108 hyperparameter combinations. In this case, the RF models are used to generate predictions for
2023 and decarbonization is inferred from the realized 2022 emissions and intensities. In Panel C,
it is the binary variable of decarbonization that is directly forecasted. In the right plot, we depict
the evolution of the proportion of decarbonizing firms, both with respect to GHG and INT, and also
discriminating between reported (black) and estimated (grey) figures.

A second important takeaway is that sophisticated nonlinear models based on panel data
do not outperform simple methods and that extrapolation is not the best benchmark due to
potential reversals is corporate emission policies.

With regards to the important variables for decarbonization, it is hard to tell a compelling
story. Sustainability-linked features, such as biodiversity footprint matter, but so do other
more mundane financial indicators, such as past returns and the book-to-market ratio. Ana-
lysts” sentiment and macroeconomic indicators are, too, often relevant in explaining carbon
trajectories.

Our analysis on classification further shows that aggregate trends have an impact on
model accuracy. Global proportions of decarbonizing firms strongly relates with the perfor-
mance of the models we used.

Finally, our study reveals the differences of errors across industries. Some industries (e.g.,
utilities) are easier to predict than others (information technology). With regards to sectors
with high carbon materiality, e.g., industrials, materials, energy and real estates, the situation
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Figure 8: Sector variations. This plot shows the RMSE of the predictive models from Table 7
(Panel B) aggregated at the sector level. The error bars mark the variations across the hyper-
parameters. The dashed red lines shows the RMSE over all sectors.

is not clear cut. They belong to the set of industries for which emissions are neither very hard
nor simple to forecast.
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6 Appendix

6.1 Variable definitions

Parameter Source Description

I. GHG Emissions

ISS_GHG_S1 ISS ESG  Scope 1 GHG emissions, expressed in tons equivalent CO2 (tCO2e)

ISS_GHG_S2 ISS ESG  Scope 2 GHG emissions, expressed in tons equivalent CO2 (tCO2e)

ISS_GHG_S3 ISS ESG  Scope 3 (upstream & downstream) GHG emissions, expressed in tons equivalent CO2 (tCO2e)
MSCI_GHG_S1 MSCI Scope 1 GHG emissions, expressed in tons equivalent CO2 (tCO2e)

MSCI_GHG_S2 MSCI Scope 2 GHG emissions, expressed in tons equivalent CO2 (tCO2e)

MSCI_GHG_S3 MSCI Scope 3 (upstream & downstream) GHG emissions, expressed in tons equivalent CO2 (tCO2e)

Table 9: Description of dependant variables

Parameter Source Description

I. Sustainability Indicators, previous period

ISS_Environment_Score ISS ESG ISS Environmental Score

ISS_Social_Score ISS ESG ISS Social Score

ISS_Governance_Score ISS ESG ISS Governance Score

Biodiversity GHG_Score Iceberg DataLab Corporate Biodiversity Footprint (CBF), expressed in km2.M S A
Dummy_SBTi_Approved MSCI Corporate voluntary emissions targets indicator
Years_to_Closest_Target =~ MSCI Years to the closest emissions target

II. Fundamental & Market Indicators

12M_Stock_Return Bloomberg Average annualised day-to-day return net of dividend
Revenue Bloomberg Sales revenue turnover, yearly fundamental
Price_to_Earning Bloomberg Price to earning ratio, calendar year average
Price_to_Book Bloomberg Price to book ratio, calendar year average
Debt_to_Equity Bloomberg Total debt to total equity ratio, yearly fundamental

Continued on next page



6C

(Continued)

Parameter Source Description

Longterm_Debt Bloomberg Long term debt on the balance sheet, yearly fundamental

Profit Margin Bloomberg Profit margin ratio, yearly fundamental

Interest_Coverage Bloomberg Interest coverage ratio, yearly fundamental

R&D_Expenditure Bloomberg Research and development expenditure, income statement yearly fundamental
Free_Cash_Flow Bloomberg Free cash flow, yearly fundamental

Longterm_Investment Bloomberg Long term investment, yearly fundamental

III. Ownership & Debt Structure
Internal_Share_Outflow  Bloomberg

P85ercentage of insider shares outflow at the end the reporting period

Percentage of float shares held by institutions, calendar year average

Percentage of shares held by "Active” sustainable ESG funds as identified by Exane (2023).
Total value of shares repurchased, yearly fundamental

Institutional_Share Bloomberg
Green_Fund_Holding Exane, Factset
Share_Repurchase Bloomberg
IV. Regional Indicators
Policy_Stringency OECD
Coal_Energy_pct IEA
Oil_Energy_pct IEA

Renewable_Energy_pct IEA

OECD Cross sectional Environmental policy Stringency, No US information, considered 0
Coal Energy Country Level Energy Consumption Ratio from IEA yearly

Oil Energy Country Level Energy Consumption Ratio from IEA yearly

Renewables Energy Country Level Energy Consumption Ratio from IEA yearly

Table 10: Description of explanatory variables



6.2 Descriptive statistics

type N min 25% median mean 75% max std. dew.
GHG  estimated 83833 -0.63 7.63 897 9.05 1036 19.14 2.16
GHG  reported 53708 -0.28 9.64 11.14 1131 12.84 19.82 2.50
INT estimated 83833 -5.07 2.89 387 400 489 1529 1.59
INT reported 53708 -7.26 3.28 451 458 579 12.03 2.02
AGHG estimated 83833 -0.50 -0.08 0.02 008 014 2.00 0.31
AGHG reported 53708 -0.50 -0.08 0.01 007 013 2.00 0.32
AINT  estimated 83833 -0.50 -0.10 -0.01  0.04 0.09 200 0.30
AINT  reported 53708 -0.50 -0.13 -0.02 0.03 0.10 2.00 0.32

Table 11: Descriptive statistics of dependent variables for Scope 1+2 We report the baseline
indicators for our four dependent variables. Emissions are initially in tons equivalent CO,, and we
then take the log. Variations in emissions and intensities (AGHG; ; and AINT, ;) are trimmed below
50% and above 200%. Emissions are reported after the log. Intensities are computed as raw emissions

divided by Revenue in USD.
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Figure 9: Distribution of cumulative reported emissions over the period
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Figure 10: Correlation matrix of all initial variables.
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Table 12: Descriptive Statistics of Key Indicators. We report summary descriptive statistics of independent variables. We also highlight

the if significant sample mean t-test results of the modeled group and the reported group. for 5% level, for 1% level.
Panel A: Reported
Parameter count mean std min 1% 50% 99% max

I. Sustainability Indicators

1SS Environment Score 53708 1. 74%%* 0.38 1.00 1.10 1.70 2.87 3.56

1SS Governance Score 53708 DT 0.48 1.00 1.15 2.25 3.33 3.82

ISS Social Score 53708 1.81*** 0.33 1.02 1.16 1.76 2.82 3.32
Dummy SBTi Approved53708 0.04% 0.21 0.00 0.00 0.00 1.00 1.00

Years to Closest Target 53708 1BF 3.80 0.00 0.00 0.00 18.00 48.00
Biodiversity Score 53708 —441.43 2.44 x 10° —5.32 x 10° —2.62 x 10* —755.92 —0.04 3.95 x 107
II. Fundamental & Market Indicators

Debt to Equity 53708 145.31 *** 1.47 x 103 0.00 0.00 55.39 1.24 x 10% 2.69 x 10°
Free Cash Flow 53708 170.38 *** 1.18 x 103 —1.90 x 10* —940.24 37.50 3.14 x 10° 1.27 x 10°
Interest Coverage 53708 1.19 x 103 1.54 x 10° —4.70 x 10° —99.00 11.18 3.87 x 103 3.55 x 107
Longterm Debt 53708 3.60 x 10%*** 1.47 x 10* —0.07 0.00 403.05 5.79 x 10% 3.62 x 10°
Longterm Investment 53708 4.83 x 103*** 3.94 x 10* 0.00 0.00 21.17 1.13 x 10° 1.24 x 10°
Price to Book 53708 5.48 64.19 0.04 0.26 1.68 39.04 5.84 x 10°
Price to Earning 53708 260.76 *** 2.37 x 10* 0.10 2.70 17.62 433.86 3.42 x 10°
Profit Margin 53708 9.209%** 61.42 —5.39 x 10® —59.51 6.80 101.24 1.99 x 10°
R&D Expenditure 53708 44,71 364.38 0.00 0.00 0.00 841.80 1.99 x 10*
12M Stock Return 53708 11.70** 47.58 —91.93 —61.36 4.73 182.19 1.84 x 10°
ITI. Ownership & Debt Structure

Institutional Share 53708 7.88 x 10° 1.72 x 108 0.00 0.00 51.58 141.57 3.97 x 10'°
Internal Share Outflow 53708 4.85%** 11.15 0.00 0.00 0.47 57.97 110.59

Share Repurchase 53708 39.14% 422.34 —859.45 0.00 0.00 831.50 3.14 x 10*
Green Fund Holding 53708 0.14%** 0.86 0.00 0.00 0.00 2.08 62.91

IV. Regional Indicators

Coal Energy pet 53708 0.08*** 0.08 0.00 5.01 x 10°%  0.06 0.39 0.42
Oil Energy pet 53708 0.44%+ 0.08 0.16 0.23 0.45 0.62 0.75
Renewable Energy pet 53708 0.08*+* 0.07 0.00 0.02 0.06 0.29 0.69
Policy Stringency 53708 2,26 2.21 0.00 0.00 2.13 7.30 7.42

Continued on next page
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(Continued)

Parameter count mean std min 1% 50% 99% max
Panel B: Modeled

I. Sustainability Indicators

1SS Environment Score 83833 1.60%+ 0.26 1.00 1.07 1.63 2.38 3.48

ISS Governance Score 83833 2.15%* 0.28 1.00 1.25 2.16 2.94 3.57

ISS Social Score 83833 1.71%* 0.23 1.00 1.10 1.69 2.33 3.22

Dummy SBTi Approved83833 1.30 x 1074 0.01 0.00 0.00 0.00 0.00 1.00

Years to Closest Target 83833 0.10% 1.30 0.00 0.00 0.00 1.00 39.00

Biodiversity Score 83833 —1.72 x 103 1.05 x 10* —1.44 x 10° —1.17 x 10* —850.70 —3.24 4.90 x 10°

II. Fundamental & Market Indicators

Debt to Equity 83833 117.55 *** 1.02 x 103 0.00 0.00 36.48 1.02 x 103 9.18 x 10*

Free Cash Flow 83833 16.75%** 266.34 —1.92 x 10* —354.19 3.88 438.99 3.58 x 10%

Interest Coverage 83833 788.32 3.67 x 10* —2.26 x 10° —518.60 7.60 9.64 x 10% 6.49 x 10°

Longterm Debt 83833 436.40 *** 1.67 x 10* 0.00 0.00 12.26 3.90 x 103 2.34 x 10°

Longterm Investment 83833 713.64 *** 2.99 x 10* 0.00 0.00 3.12 7.29 x 103 2.96 x 10°

Price to Book 83833 5.33 85.65 0.02 0.20 1.47 31.46 5.28 x 10®

Price to Earning 83833 2.16 x 103** 7.69 x 10* 0.02 1.91 19.65 1.13 x 10 1.02 x 107

Profit Margin 83833 —19.43 ** 2.00 x 10° —4.02 x 10° —196.72 4.52 87.65 1.16 x 10*

R&D Expenditure 83833 6.92%** 52.85 —2.67 0.00 0.00 98.10 5.92 x 10®

12M Stock Return 83833 21.50** 961.59 —98.33 —68.21 1.94 237.22 1.05 x 10°

III. Ownership & Debt Structure

Institutional Share 83833 5.67 x 10% 1.10 x 107 0.00 0.00 16.22 132.33 2.60 x 10°

Internal Share Outflow 83833 10.78%** 16.13 0.00 0.00 2.95 68.66 127.02

Share Repurchase 83833 2.05%* 47.31 —32.64 0.00 0.00 34.23 7.23 x 10°

Green Fund Holding 83833 0.03*** 0.53 0.00 0.00 0.00 0.62 63.14

IV. Regional Indicators

Coal Energy pet 83833 0.11%** 0.11 0.00 1.53 x 1073 0.07 0.41 0.42

Oil Energy pct 83833 0.42%** 0.10 0.16 0.23 0.43 0.65 0.75

Renewable Energy pct 83833 0.07%** 0.06 0.00 0.02 0.06 0.29 0.73

Policy Stringency 83833 1.93%+ 1.81 0.00 0.00 2.04 6.73 7.42




6.3 OLS, with time, region and industry group fixed-effects

GHG (log) INT (log) AGHG AINT
Reported Modeled Reported Modeled Reported Modeled Reported Modeled
Direct GHG_Emission | 463.722 710.684 —21.273 —21.211
Direct_GHG_Intensity 314.076  424.625 —16.812 —23.272
ISS_Environment_Score 1.571 —4.477 0.314 —2.723 —3.576 0.322 —2.872 2.978
ISS_Governance_Score —2.690 5.906 —1.525 5.220 —2.696 2623 —0.409 —0.205
ISS_Social_Score 1.653  —2.055 1.063 —1.224 —-1.519 —2.825 —2.205 —1.425

Dummy_SBTi_Approved 3.718 —0.888 2206 —1.012 | —9.156 —1.102 = —9.089 —2.225
Years_to_Closest_Target 1.928 1.469 1.113 0.332 1.907 2.485 0.812 —0.615

Biodiversity_Score 0.622 2.825 —0.025 —3.130 —1.062 1.775 —1.161 = —6.040
Debt_to_Equity 0.957 —0.962 0.749 1.286 0.342 —0.741 —1.848 1.276
Free_Cash_Flow 1.610 0.686 —1.042 0.752 —-0.867 —0.700 —0.399 —0.420
Interest_Coverage —2.093 0.887 1.905 —1.422 | —5.536 0.794 —-2.624 —-1.694
Longterm_Debt 5.844 —1.573 2.525 —1.749 —0.508 0.793 —-2.739 —-1.172
Longterm_Investment 2.074 1.753 0.777 0.399 —1.168 0.527 0.747 —0.376
Price_to_Book —1.477 0.045 —-2.155 —0.179 —0.296 0.116 | —4.824 —0.761
Price_to_Earning —1.641 —-0.465 —0.680 2349 —-0.596 —-0.844 —1.931 0.800
Profit_Margin —2.038 | —6.159 0.502 3.744  —0.628 0.240 —-0.861 —0.851
R&D_Expenditure 4.709 1.944 —2.318 —0.597 0.310 1.565 = —4.761 —3.084
12M_Stock_Return 1.613 1.395 = —7.369 —0.136 11.076 0.887 | —6.214 —1.451
Institutional_Share —-0.626  —0.185 8.865 0.175  —-2.321 —-0.721 1.953 —-0.431
Internal_Share_Outflow  —0.689 —0.572 —1.769 —2.856 3.227 4.922 —-0.020 —1.088
Share_Repurchase —1.579 0.475 —1.475 —1.952 —1.264 —1.124 0.558 —1.343
Green_Fund_Holding —-0.974 0.112 1.084 0.932 —2.402 1.542 —0.384 0.156
Coal_Energy_pct —5.681 —6.988 —9.357 —15.797 —1.128 4.900 —-4.978 —3.350
Oil_Energy_pct —5.845 —8.230 —T7.956 —12.752 —1.432 —0.843 —4.966 —5.072
Renewable_Energy_pct —2.043 —-0.502 = —5.119 —6.434 —1.392 2.145 —7.138 —6.768
Policy_Stringency 2.844 2.236 4.244 6.537 —3.994 0.870  —3.293 5.212

Table 13: Panel Regression Results - Time + Region + Industry Fixed Effects. We report the
t-statistics for models with time, region, and industry fixed effects - all independent variables are lagged. The
regressions control for time effects (year), region effects (country), and industry effects (GICS sector). Standard
errors are robust to heteroskedasticity. Colors indicate significance levels: for 1% level,

for 0.1% level.

6.4 LASSO surviving rates without fixed effects
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Raw footprint Relative change

GHG (log) INT (log) AGHG AINT
rank rep. est. rep. est ‘ rep. est. rep. est.
1 Direct_GHG_Emission 99 98
2 Policy_Stringency 36 42 96 97
3  Dummy_SBTi_Approved 9 22 94 98
4 Coal_Energy_pct 39 42 97 92
5 12M_Stock_Reutrn 9 35 96 91
6 Direct_ GHG_Intensity 99 92
7 Longterm_Debt 0 24 83 89
8 ISS_Governance_Score 10 28 67 96
9 GDP_Growth 0 18 52 98
10 Internal_Share_Outflow 4 0 88 59
11  Biodiversity_ GHG_Score 19 30 64 83
12 Longterm_Investment 7 25 79 65
13 Oil_Energy_pct 9 24 77 64
14 Years_to_Closest_Target 0 22 56 82
15 ISS_Environment_Score 13 25 94 39

Table 14: Lasso survival rate without TWFE. We report the percentage of times that a given variable
survives LASSO selection. The rank of the variable is determined by lag variables first, then by the average of
AGHG reported and AINT reported columns. No fixed effects are included.
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6.5 Characteristics of decarbonizing firms intensities

Coal Energy fraction
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ISS Environment Score
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Figure 11: Characteristics of (intensity) decarbonizing firms, Pooled. We plot the absolute
values of the t-statistics of the tests in differences in means between characteristics, pooled
by yearly performance , with high versus low AINT.
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First Stage LATE Estimates
Cohort 7 (CDP — SBTi) Direct GHG (%) Intensity (%)
2018 0.042*** -0.039 -1.309***
(0.004) (0.191) (0.222)
2019 -0.015** -1.524 -2.737
(0.006) (1.860) (2.057)
2021 0.460** -0.272* 0.047
(0.185) (0.140) (0.082)
2023 -0.048"** -3.357 0.196
(0.004) (3.654) (2.482)

Table 15: Heterogeneity Analysis by Adoption Cohort using C&S Estimator. This table
reports cohort-specific IV-DID estimates using the Callaway & Sant’Anna (2021) method
aggregated by group. Standard errors, clustered at the firm level, are in parentheses. The
LATE is calculated as the ratio of the group-specific reduced-form estimate to the group-

specific first-stage estimate. ***p < 0.01, **p < 0.05, *p < 0.1.

6.6 Large errors from extrapolation
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Figure 12: Large errors from extrapolation. We show the dynamics of log emissions for a
sample of firms which have experience sharp breaks in 2022. The first six years are shown in

grey and the last point is the extrapolation. The realized value for 2022 is shown in red.
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