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Abstract

We construct measures of firms’ beliefs about climate regulation, plans for future
abatement, and current emissions mitigation from responses to the Carbon
Disclosure Project. These measures vary in a pronounced, distinctive fashion
around the Paris announcement. A dynamic model of a representative firm
exposed to a future carbon levy, trading-off mitigation against capital growth, fac-
ing convex abatement adjustment costs does not fit the data; but a two-firm model
with cross-firm information asymmetry and reputational externalities does. Out-of-
sample, the model predicts reversals following the US exit from the Paris agree-
ment. We conclude that abatement is strongly affected by firms’ beliefs about
climate regulation, and cross-firm interactions amplify the impact of regulation.
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Abstract

We measure firms’ beliefs about climate regulation, plans for future abatement, and current
emissions mitigation from responses to the Carbon Disclosure Project. These measures vary
strikingly around the Paris announcement. A dynamic model of a representative firm facing a
future carbon levy, trading off abatement and capital growth, and facing convex adjustment costs
cannot fit the data. A two-firm model with cross-firm reputational externalities, heterogeneous
beliefs over climate regulation, and leader-follower interactions does. Out-of-sample, the model
predicts firms’ reactions when the US exits the Paris agreement. Firms’ beliefs about climate

regulation strongly affects abatement, and cross-firm interactions amplify regulatory impacts.
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1 Introduction

Climate change poses a looming threat to economic and financial stability, lending urgency to calls
for action on global warming Faced with such warnings, in December 2015, 196 nations signed an
agreement at the United Nations Framework Convention on Climate Change (UNFCCC) in Paris,
to limit greenhouse gas emissions to a level consistent with global temperatures rising less than
2°C. The agreement also determined a five-year window within which countries could meet and
renew the so-called Nationally Determined Contributions (NDCs). However, between 2015 and
2020, most signatory countries fell far short of required targets and the world’s second largest
emitting country withdrew from the agreement

How important is such coordinated climate regulation in determining firms’ carbon mitigation,
and through what channels does such regulation affect firms? To answer these questions, we
harness comprehensive micro data and interpret these data through the lens of structural models.
The data capture firms’ voluntary disclosures about their beliefs about regulation, their plans for
future abatement, and their current carbon mitigation actions. In the years leading up to and
following the Paris announcement, these measures exhibit significant and striking variation. To
understand the economic drivers of these empirical observations, we build a set of dynamic models
of firms’ emissions abatement, and explore which combination of model ingredients can best match
the patterns observed in the data.

Our analysis reveals that firms’ reported beliefs about climate regulation strongly influence
their planned and actual abatement activities. To match the patterns and magnitudes in firms’
responses up to and just following the Paris announcement, we find that two key model ingredients
are needed, namely i) the presence of cross-firm reputational externalities, and ii) heterogeneous
beliefs across firms about the stringency of the regulatory policy. These ingredients amplify firms’
reactions to climate regulatory announcements, leading us to conclude that climate regulation can

have substantial effects on firms’ abatement actions. Our approach allows us to recover estimates

!For example, see |Carney| (2015).

2As an example, see the WSJ article hitps://www.wsj.com/articles/u-n-finds-nations-climate-plans-fall-short-of-
paris-accord-1163525944.

3In June 2017, U.S. President Donald Trump announced his intention to withdraw from the agreement, with
the final decision made in November 2020. On February 2021, under the Biden administration, the United States
officially rejoined the Paris agreement.



of key parameters such as firms’ implied priors about the cost of climate regulation, and the extent
to which firms respond to one anothers’ actions. We validate the model and these conclusions in an
out-of-sample exercise, in which we predict abatement actions from firms’ revised beliefs following
President Trump’s announcement to pull back from the Paris agreement.

Our data track North American public firms that voluntarily disclose environmental information
through the Carbon Disclosure Project (CDP) between 2011 and 2017H The CDP data comprise
three important dimensions, namely, firms’ self-reported beliefs about the horizon and impact of
future climate regulation; firms’ plans for future carbon emissions abatement; and finally, data
on firms’ emissions abatement actions to date, which reflect the actual changes in their carbon
footprints.

In our empirical work, we compare, at each reporting date, the dynamics of firms’ reported
beliefs about the intensity of future climate regulation with their carbon abatement actions. We
document that there are important cross-sectional differences between two groups of firms in the
data. One set comprises firms that publicly report their plans for future emissions reduction in
addition to reporting their beliefs about the intensity of future climate regulation and their current
actions on abatement. The other set comprises firms that report beliefs and current abatement
actions, but do not report their plans for future abatement. The two sets of firms differ in several
other ways. The plan-reporting firms are larger and more profitable, more emissions intensive, and
also have a greater propensity than non-plan-reporting firms to i) engage with policymakers, and
ii) provide direct funding to climate regulatory activities.

Between 2011 and 2015, prior to the Paris agreement announcement, both plan-reporting and
non-plan-reporting firms, on average, moderately downgrade their expectations over the impact of
future regulation, while progressively increasing their actual carbon footprints. In 2015, the year of
the Paris agreement announcement, plan-reporting firms upwardly revise their beliefs about future
climate regulation. In contrast, firms without plans revise their beliefs downward, in a manner
that tracks the reduction in global crude oil prices in 2015. In 2016, the year of the enactment
of the Paris agreement, firms without plans reverse the trend in their beliefs, upwardly revising

their expected impact of climate regulation. Following the Paris agreement, all firms sharply

4We verify the accuracy of these data using third-party sources such as Bloomberg, Thomson Reuters, and MSCI,
who produce external audits and ratings of firms’ ESG activities.



increase carbon abatement over the year from 2016 to 2017, but strikingly, despite the fact that the
belief revisions of plan-reporting firms are considerably smaller than those of non-plan reporting
firms, plan-reporting firms react far more to the Paris agreement than non-plan-reporting firms.
Put differently, plan-reporting firms have more extreme reactions to the climate regulation event,
despite being seemingly less surprised by the agreement

We view these three observations, namely that i) revisions in beliefs are far less pronounced than
revisions in actions; ii) there is pronounced heterogeneity in beliefs around the Paris announcement;
and iii) reported beliefs for different groups of firms don’t map in the same way to their observed
actions after the announcement, as important new targets for any model.

As a first step towards rationalizing these observations, we build a simple dynamic model of
a representative firm’s emissions reduction activities. In the model, the polluting firm produces
output (and carbon emissions proportional to output) in each period using capital. The firm is
exposed to a future climate regulation event, which takes the form of a terminal carbon levy of
uncertain intensity. At any time period prior to the regulation event, depending on its belief over
the levy, the firm can abate or increase emissions by reducing or increasing its level of polluting
capital, but faces standard convex adjustment costs for such changes. The firm’s optimal policy
balances the tradeoff between output growth and emissions reduction. Since the carbon levy is only
realized at the terminal date, the firm discounts the uncertain cost of regulation to the present, and
sets an optimal profile (“plan”) of abatement which begins in the current period—i.e., its current
abatement action—and then in every period leading up to the date of the levy.

An important object of interest is firms’ prior belief about the size of the regulator-imposed
carbon levy. To recover this quantity, we calibrate the simple model to the cross-sectional average
of plan-reporting firms. We feed the model with data on firms’ self-reported beliefs about future
climate regulation, and adjust the prior on the carbon levy to maximize the fit of model-implied
abatement plans and actions with those seen in the data. We estimate an implied prior of roughly
90%/mt COge, which falls in the range estimated in the extensive literature on the social cost of

carbon (see, e.g., Tol (2011))), but is far higher than the prevailing market price of carbonﬁ While

5Indeed, the beliefs revisions of these reporting firms seem to anticipate the regulatory announcement, intensifying
the puzzle about their more extreme reaction to the event.

5The price of carbon allowances traded in the European cap and trade market between 2011 and 2016 averaged
around 10$/mtCOze; and between 2010 and 2017, the US government’s official estimate of the social cost of carbon, as



these estimates could be reasonable, we show that the resulting dynamics of abatement actions
implied by the simple model are excessively smooth, and fail to capture the substantial increases
in abatement seen in the data around the Paris announcement.

To improve the performance of the model, we introduce a second firm into the economy, to
capture the observed heterogeneity between plan- and non-plan-reporting firms. We allow the two
firms in the extended model to have different beliefs about the terminal levy, and to emphasize their
strategic interactions, we model one firm as a “leader,” which anticipates the beliefs of the other
firm, while the “follower” firm simply optimizes with respect to its own beliefs. This assumption
is motivated by evidence that the distinction between plan- and non-plan-reporting firms can be
mapped to their propensities to act as leaders or followers in the carbon abatement market. More
specifically, plan-reporting firms have a higher fraction of industry sales, and are larger and more
emission intensive than non-plan reporting firms, and more importantly, evidence from CDP shows
that plan-reporting firms engage more with climate regulators, are more likely to provide direct
funding to climate regulatory activities.

The final ingredient that we add to this extended model is a reputational externality which
connects each firm’s profits to the abatement actions of the other firm. More specifically, the
reputational parameter controls how a firm’s profits from polluting change when the other firm
abates emissions at the same time. This model feature amplifies the impact of firms’ beliefs about
climate regulation on their physical actions on abatement.

Armed with these assumptions, we solve the enriched model for the equilibrium of a dynamic
Stackelberg leadership game where the leader firm has a first-mover advantage over the follower
firm. The leader maximizes profits, internalizing the follower’s reaction to its actions. In keeping
with standard Stackelberg intution, this leads to the leader reacting more to changes in information
about the terminal levy despite it being less surprised by this information than the follower. The
model delivers several other useful predictions. First, we find that the reputational externality
generates an amplified reaction by firms to changes in the levy, with the leader (i.e., plan-reporting,

in the data) firm reacting more than the follower (non-plan-reporting) firm to variations in its own

provided by the inter-agency working group (IWG), averaged around 528/mtCOze. In 2017, the Trump administration
disbanded the IWG, and since that time have used estimates of the social cost of carbon that range between 1$ and
7$/mtCOxe.



beliefs about the levy because of its leadership position in the Stackelberg equilibrium. Second, we
find that the leader’s reaction to variation in the beliefs of the follower firm can be larger than the
follower’s own reaction to such variation if the reputation externality is large enough.

We next take this more complex model to the data, allowing for the size of the parameter
governing the reputational externality to be structurally estimated. In the data, we link this
parameter to a measure of current attention paid to all firms’ sustainability performance using
news sources, and find that it is strongly positive, i.e., firms’ profits from polluting are significantly
reduced when their competitors contemporaneously abate emissions. This result provides evidence
of relative performance evaluation of firms along the dimension of their Environmental, Social, and
Governance (ESG) activities.

The more richly parametrized model, as we might expect, yields predictions that are closer to
the observed data—although it is worth pointing out that this is not just mechanical, since the
model now needs to fit the average and variance of disclosures of both plan-reporting and non-
plan reporting firms. Overall, we find that the model is well-able to fit the observed dynamics
of firms’ abatement plans and actions before and after the announcement of the Paris agreement,
helping to explain why firms’ reactions to the Paris announcement are both high—the new model
ingredients result in substantial amplification of the impact of climate regulation relative to the
basic model—and different across the two groups of firms.

Our estimates of the reputation externality reveal that on average, in each time period, repu-
tation benefits account for roughly 20% of the terminal costs introduced by the levy. We use these
estimates to evaluate the optimal path of carbon emissions generated by the calibrated models for a
time horizon of ten years and two policy scenarios corresponding, respectively, to distributed levies
(i.e., applied at each time period) of 25%/mtCOze and 125$/thOgem We postulate that reputa-
tional externalities are highest around the regulatory event and then decline over time, a condition
that we show to generate a declining time-path of abatement, i.e., firms will optimally abate a large
share of their polluting capital immediately. Comparing these cases, we show that a 1253 /mtCOqe

levy will be needed to meet reduction targets established at the Paris agreement Importantly, in

" According to recent academic studies (see [Carleton and Greenstone (2021)), a social cost of carbon updated to
respond to the frontier of climate science would average around 125$/mtCOze.

8That is, the extra emissions reduction introduced by reputation in the case of a 258/mtCOze is not enough to
meet the Paris target. This because the amplification effect increases in the size of the carbon levy.



the more stringent case, the augmented model with reputation predicts a substantial amplification
of the firm’s baseline reaction to the policy in the short run.

In a final exercise, to validate these estimated parameters as well as our conclusions from the
model, we acquire data to extend our sample through 2019, to evaluate the impacts of Trump’s
announcement in June 2017 to pull back from the Paris agreement. We show that firms’ reported be-
liefs about the intensity of future climate regulation following Trump’s announcement drop sharply,
with larger reported belief updates seen for plan-reporting firms. Firms also report revisions to
their expected horizons of emissions abatement, which are pushed further into the future. We feed
these reported beliefs from the extended sample into the model with parameters fixed at their es-
timated values in the pre-2017 period, and demonstrate that our model predicts the patterns seen
in emissions abatement in the out-of-sample period.

The remainder of this paper is structured as follows. The remainder of this section contains
a brief discussion of closely-related literature. Section 2 introduces the CDP dataset, validates
the disclosure data using external sources, and describes the construction and measurement of
the empirical evidence. In Section 3, we describe and solve the simple dynamic abatement model
with an atomistic firm, and calibrate it to the data. Section 4 introduces, solves, and calibrates
the more complex two-firm model, and discusses the differences between this model and the simple
model. Section 5 describes our out-of-sample exercise, and Section 6 concludes. An online appendix
contains more detailed descriptions of the underlying data and our constructed measures, detailed
model derivations, a more comprehensive review of related literature, and several other auxiliary

exercises.
1.1 Related Literature

Our paper shows that firms’ beliefs about future climate regulation influence their emissions reduc-
tion activities. A recent study by Biais and Landier| (2022) takes our evidence as a starting point,
and warns that in an equilibrium where regulators have limited commitment power, beliefs about
weak future climate regulation can be self-fulfilling. We also document a strong link between firms’
reported plans to reduce carbon emissions and their subsequent emissions reductions, which con-
nects our work to Bolton and Kacperczyk| (2021). This finding parallels macro-evidence in | Tenreyro

and De Silval (2021) that relates countries’ climate pledges to future emissions reductions.



A second important contribution of our paper is our use of a simple abatement model to infer
firms’ implied prior about the future social cost of carbon. The estimates that we acquire are higher
than those revealed by market prices of pollution permits traded in the European cap and trade
market, or those inferred by Meng (2017) (who considers the failure of the U.S. Waxman-Markey
bill). These findings suggest that raising the cost of climate regulation may not come as a shock
to firms. In a similar spirit to Barnett et al. (2020), our implied estimates help to quantify the
negative impact of regulation uncertaintyﬁ although in contrast with their work, we find that the
effects of uncertainty are more muted in comparison with those arising from shifts in firms’ priors.

Third, we confirm that market interest in firms’ sustainability practices (which we proxy using
the dynamics of ESG ratings’ related news embedded in our model through the reputational ex-
ternality channel), is necessary to rationalize puzzling patterns in the data on firms’ responses to
climate regulation. Theoretically, the assumption that investors have preferences for sustainability
has been the starting point of related work such as [Pastor et al. (2021) and [Hong et al. (2021),
which study the equilibrium implications of such preferences on firm value and global welfare, and
Barbalau and Zeni (2022)), which studies the impact of such preferences on firms’ financing choices.
Empirically, the literature has attempted to document the existence (and quantify the impact) of
ESG preferences, for example, Hartzmark and Sussman (2019) study announcements of mutual
funds’ ESG ratings to infer preferences from investors’ capital reallocation, while Zerbib| (2019)
and [Flammer| (2021) attempt to infer pro-environmental preferences from green bond issuance. We
show that the reputation externalities amount to roughly 15% of the (perceived) cost of the future

levy, providing an additional quantitative assessment that is useful for this growing literature.

2 Data

2.1 Carbon Disclosure Project (CDP) Data

We employ detailed data on firms’ voluntary disclosures from the Carbon Disclosure Project (CDP)
(https://www.cdp.net/en), an international, not-for-profit organization providing a system for com-

panies to measure, disclose, manage, and report environmental information. CDP sends out detailed

9In our model, firms are risk neutral yet they act as if they are risk-averse, decreasing emissions abatement when
future regulatory uncertainty is higher, because they face convex adjustment costs in physical capital (this is similar,
for example, to |Rampini et al.| (2014)).



questionnaires to a large set of firms each year, and we obtain the annual responses to these ques-
tionnaires from 2011 to 2017. These data provide information rarely available in SEC-mandated
10-K annual reports, and information that is only occasionally provided by voluntary firm CSR
reports.

We focus on three sets of firm disclosures in these questionnaires, namely, (i) firms’ self-reported
measures of their current carbon emissions (henceforth referred to as their actions), (ii) firms’ fore-
casts of the future impact of environmental regulation on their operations (henceforth referred to
as their beliefs), and (iii) firms’ self-reported targets for future emissions reductions (henceforth
referred to as their plans). We describe how we convert the raw data from CDP into the spe-
cific measures that we use in our empirical analysis later in this section, but first describe the
construction of our sample below.

While it does provide detailed information on firms’ environmental activity, we should mention
here that the CDP dataset does have several limitations. First, firms self-report to CDP, meaning
that the data comprise a selected subsample of the CRSP COMPUSTAT universe (see, for example,
Luo et al. (2012)). More specifically, firms in the dataset are substantially larger than the average
firm in the universe. While this does introduce concerns about external validity, it is worth noting
that these firms comprise a substantial fraction (25%) of the total emissions reported in the US.
Second, since the information reported in CDP is voluntary and not subject to third party auditing,
it is potentially subject to “greenwashing” {'°| We are therefore careful to assess the validity of the
disclosures in CDP on firms’ carbon footprint, their beliefs about the expected impact of regulation,
and their reported plans for future abatement using a range of internal and external data. This
includes three different datasets (Bloomberg, Thomson Reuters, and MSCI) of third-party verified

indicators of firms’ sustainability collected from publicly available sources.
2.2 Sample Construction

We match the CDP data to the CRSP COMPUSTAT North America merged database, which is

a panel of 5,691 public firms reporting data over the 2010-2016 accounting period To ensure

10Greenwashing is the use of marketing to portray an organization’s products, activities or policies as environmen-
tally friendly when they are not.

'We keep only firms in the CRSP/COMPUSTAT North America (Fundamental Annual) dataset with non-missing
Tickers and Total Assets within the 2010-2016 accounting period. We lag the information from CRSP/COMPUSTAT
by one year to account for the time window between the filling and final release of the CDP questionnaires.



that we can measure firms’ changing actions and revisions of their beliefs about regulatory risks,
we require that firms in CDP report both current carbon emissions and their forecasts of the future
impacts of regulation for at least two consecutive years in the dataset. Firms also have the option of
self-reporting their targets for future emissions reductions (i.e., their plans), resulting in firms that
reported as well as those that did not report plans in the previous year, a distinction that we return
to during our analysis of the data. When we match the CDP data to the CRSP COMPUSTAT
sample after applying these filters, the sample comprises a total of 446 unique North American

public firms, with between 229 and 375 firms reporting in any given year between 2011 and 2017.

Figure 1
Sector Composition and Market Capitalization

Summary statistics of the CRSP/COMPUSTAT North America universe and the CDP subsample, as of 2017. The
top histogram summarizes the proportion of CDP firms in the CRSP/COMPUSTAT North America universe at
the GICS two digit level, the bottom histogram summarizes the proportion of total market value (MKVALT from
CRSP/COMPUSTAT as of 2016) represented by these firms. Black (red) bars refer to the total of CDP firms (subset

of CDP firms that disclose plans for at least one previous reporting period) in our sample.
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The top panel of Figure [1| shows, in the last reporting year 2017 in our data, the fraction of
firms in the CRSP COMPUSTAT North America universe that are in our final merged sample
of firms. Each bar represents a broad GICS industry. The fractions of firms reporting and not
reporting future emissions reductions plans are represented in red and black respectively. Relative
to the CRSP COMPUSTAT universe, there are more firms in the merged sample in Consumer
Staples, Materials, Utilities, and Real Estate, and fewer Financial and Health Care firms, though

these differences are not substantial. Firms that report plans for future emissions reduction are
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overrepresented in Utilities and Real Estate, though a roughly similar number of firms report and
do not report plans in each industry.

The bottom panel of the figure shows that despite the number of firms in the left panel com-
prising less than 15% of the total number of firms, the firms in the merged sample account for 20%
to 60% of the total market capitalization across all industries, meaning that firms that report to
CDP are substantially larger than the average firm in the universe. It is also worth noting here
that in 2017, the sample firms emit a total of 1,910 million metric tonnes COse, which represents
over 25% of the total emissions produced in the United States in 2017/

Table [1] shows pooled means of a selected set of characteristics from CRSP COMPUSTAT,
Bloomberg, Thomson Reuters, and MSCI. The average firm in the merged sample (i.e., reporting
to CDP) is above the 95" percentile firm in the size distribution of the CRSP COMPUSTAT
universe. The firms in the merged sample also have substantially higher average income than the
average firm in the CRSP COMPUSTAT universe, as well as a higher Return on Operating Assets
(ROA), but a similar liabilities-to-assets ratio, and a slightly lower probability of bankruptcyﬁ

Firms which report plans for future emissions reduction plans are on average larger, have higher
income, substantially lower cost of capital and lower probability of bankruptcy than firms which
do not report such plans. Moreover, plan-reporting firms have greater emissions intensity (as
measured by their higher emissions-to-capital ratio) than non-plan-reporting firms. The size, per-
formance, and emissions intensity of firms can affect their incentives to disclose emissions reduction
plans, as increases in these attributes can make firms more visible, resulting in greater scrutiny and
pressure to disclose[']

To verify CDP disclosures, we also acquire, for a subset of firms, their Environmental, Social, and

Governance (ESG) rating scores from three separate sources, namely, Bloomberg ESG Data Service,

12See https://www.epa.gov/ghgemissions.

13As implied by the Altman (1968) Z-score, an indicator of the probability of a company entering bankruptcy
within the next two years, based on financial ratios obtained from 10-k reports.

YWeighted Average Cost of Capital (WACC) is a built-in function provided by Bloomberg
Equity. For details on the computation of the WACC, we refer to the report in htips
//staf fblogs.le.ac.uk/socscilibrarians/ files/2013/05/wacchelp.pdf .

15Size and performance can also be related to incentives to disclose through common determinants of these vari-
ables. For example, firms in CDP have substantially higher fractions of institutional ownership than firms in the
universe (82% vs 64%), and we find that firms with plans have slightly higher fractions of institutional ownership than
firms without (82 vs 81%). Institutional ownership has been associated both with higher firm value (e.g., McConnell
and Servaes, 1990), as well as with pressures for firms to consider environmental issues (e.g., [Hoepner et al.| (2018)
and [Dyck et al. (2018)). The CDP selection bias is also documented in [Luo et al. (2012).
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Table 1
Financial and Sustainability Indicators: Summary Statistics

Summary statistics (mean and 95" percentile) of the CRSP/COMPUSTAT North America universe compared with
the CDP subsample over the 2010-2016 accounting period. The column Plan (No Plan) refers to the subset of CDP
firms that disclose plans (do not disclose plans) in the previous reporting period. Market Value (MKVALT), Total
Assets (AT), Total Liabilities (LT) and Income Before Extraordinary Items (IB) are provided by
CRSP/COMPUSTAT. Return on Operating Assets (ROA) is computed as Income/(Total Assets - Total
Liabilities), expressed in percentage terms. Weighted Average Cost of Capital (WACC) and Altman Z-Score are
built-in functions provided by Bloomberg Equities. Environmental, Social and Governance (ESG) disclosure scores
are provided by Bloomberg ESG Data Service (1), Asset 4 ESG (2), and MSCI (3) respectively. Emissions are

collected from CDP disclosures (as detailed in the data construction appendix C). Emissions intensity is computed

mtCOge ml
$ bn

the variable has been winsorized between the 1% and the 99" percentiles of the pooled distribution. * indicates

1*,**

as Emissions/Total Assets, expressed in . All variables are collected at the annual leve indicates that

that statistics are computed over a subset of the entire sample.

CDP Plan  No Plan CRSP/COMPUSTAT

Variable Mean Mean Mean Mean 95 perc.
Market Value* ($ bn) 19.0 21.2 17.3 2.5 11.9
Total Assets™ ($ bn) 43.5 51.6 37.6 8.9 36.6
Total Liabilities* ($ bn) 304 36.4 26.2 6.3 25.2
Income B. E. Items* ($ bn) 1.3 1.5 1.1 0.2 1.2
Liabilities to Assets Ratio* 0.7 0.7 0.7 0.8 1.3
ROA* 14.0 14.8 13.4 3.4 77.4
WACC** 8.4 8.0 8.7 8.4 11.2
Altman Z-Score*™ 3.8 3.9 3.8 3.7 13.6
ESG Score (1)* 38.2 40.3 36.8 18.3 49.6
ESG Score (2)" 66.4 68.9 64.7 51.3 82.3
ESG Score (3)" 4.9 5.0 4.9 4.4 6.1
Emissions* (mtCO2ze ml) 6.0 7.3 5.2 - -
Emissions Intensity™ 1.8 2.3 1.5 - -
Unique Firms 446 262 191 5,691
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Thomson Reuters Asset 4 ESG, and MSCI ESG, who independently assess firms’ performance on
carbon emissions and environmental-related activities Bloomberg, Thomson Reuters, and MSCI
report ESG scores for 30%, 17%, and 32% of the pooled CRSP-COMPUSTAT sample respectively.
Coverage of CDP-reporting firms in our sample, however, is substantially higher (69% in Bloomberg,
57% in Thomson Reuters, and 90% in MSCI respectively). Interestingly, across the three providers,
the externally generated ESG rating scores are not substantially higher for firms in CDP than for
the average firm in the universe—this raises the possibility that a certain degree of “greenwashing”
might motivate firms to report. We are careful, therefore, to consider this factor, and to attempt
to validate the CDP data along the dimensions in which we are interested, as we describe more

fully below.
2.3 Firms’ Actions, Beliefs, and Plans

In this section, we discuss how we use the CDP data to construct three measures that summarize
important dimensions in the context of climate risk mitigation, namely, firms’ climate mitigation
actions to date, reflected in their actual changes in carbon footprints; their beliefs about the
risk of climate-related regulation; and finally, their plans for future carbon footprint mitigation
activities. We begin by describing the measures that we construct, and discuss how we validate
these metrics using a range of internal and external data, including third-party verified indicators
of firms’ sustainability collected using publicly available sources. Then, we show that firms’ plans
help to predict their subsequent actions, and we uncover interesting variation along both belief and

action dimensions, which we subsequently attempt to rationalize using a theoretical model.
2.3.1 Actions

We measure a firm’s “abatement action” in each year as the annual change in its reported carbon

emissions. Specifically, we define firm i’s abatement rate between time t and t + 1 as:

(1)

Emissions; 11 — Emissionsy
Titt+1 = — .
' Emissions; ’

5 Despite multiple controversies on ESG rating methodologies (see, for example, (Christensen et al. (2019)), we
find that these three different ESG metrics are positively correlated in our sample (74% correlation between Thomson
Reuters and Bloomberg, 24% correlation between MSCT and Bloomberg, 34% correlation between MSCI and Thomson
Reuters). These providers also make a range of environmental specific indicators available—such as the Emissions
Reduction score and the total carbon footprint—which we later use in our analysis.
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where the variable Emissions;; measures firm i’s direct emissions from production (scope 1) as
well as indirect emissions from consumption of purchased energy (scope 2)E as reported in CDP
in each reporting year t. We exclude from the study other self-reported indirect emissions from
the production of purchased materials, product use etc. (scope 3) as the disclosure quality is
low (see, for example, Bolton and Kacperczyk (2019)). In Figure 1 in the appendix A we plot
carbon emissions disclosures in CDP against third-party estimates provided by Thomson Reuters—

to summarize, we obtain consistent figures across the two datasets for the majority of firms in the
sample/'¥|

2.3.2 Beliefs

In CDP, firms are queried about their exposures to three broad types of risks. The first is risk
arising from likely changes in the physical climate, the second is risk arising from future environ-
mental/greenhouse gas emissions regulation, and the third is risk arising from changes in consumer
tastes and social /macroeconomic conditions. We focus on the second type of risk given our interest
in the responses of firms to climate regulation events. In CDP, almost 90% of the reporting firms
state that they associate climate regulation events with an increase in their operational costs, which
in turn may lead to a reduced capacity to conduct “business as usual” operations.

In each reporting year ¢, firms provide the following pieces of information about the expected

impact of a future climate regulation event:

1. An horizon H at which the environmental regulation event is expected to occur.

2. The likelihood of the event g occurring, ranging between exceptionally unlikely, very unlikely,

unlikely, about as likely as not, more likely than not, likely, very likely, virtually certain.

3. The expected magnitude of the impact of the event M, which ranges between low, low-
medium, medium, medium-high, and high, to which we assign values 1, 2, 3, 4, and 5 respec-

tively.

"Disclosures of carbon emissions in CDP follow the Greenhouse Gas Protocol Corporate Standard classification.

¥ For example, in 2017, we are able to match a total of 154 firms out of the 368 firms to the Asset 4 ESG dataset.
These firms are spread across sectors. For roughly 85% of these matched firms, we find perfect matches between the
two datasets, or discrepancies below 10% of the Asset 4 ESG value. For the remaining observations, CDP disclosures
are lower than the Asset 4 ESG estimates, especially in pollution intensive sectors such as Energy and Utility.
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To convert these reported data to a measure of beliefs, we define the expected discounted impact
of the regulation event reported by firm ¢ in year ¢ as:

Ay = 61'(5“_t)MitQit' (2)
In equation , Bi¢ is the firm’s discount rate, which is the weighted average cost of capital of
the ﬁrm In Figure 3 in appendix A, we show the frequency of responses of A;; at each horizon
Hj;, and the average expected impact (i.e., the t—pooled cross-sectional average of M;;) reported
over the 2011 to 2017 period. The plot shows that the reported event horizon H;; ranges between
zero years and over ten years from the date of reporting, and varies considerably across firms.
Moreover, the expected impact of the event A;; increases, on average, with the time horizon of
the event Tj;. In appendix A Table 2, we also regress A;; on firms’ current carbon footprint and
current market value, as well as a set of dummy variables to soak up industry, time, and firm
headquarter-specific variation. We find that firms’ self-reported beliefs about the future risks of
climate regulation increase significantly with their current carbon footprint, though they decrease
with firm size, controlling for the level of emissions.

In addition to these more structured quantitative assessments, firms also report unstructured
text about the specific form of climate regulation that they expect. This text information varies
with firms’ location and industry, as well as varying across time. We show a word cloud of these
unstructured text disclosures in Figure 2 in appendix A. Firms’ two most frequently stated types
of anticipated climate regulation are, as one might expect, i) a fossil-fuel energy tax, and ii) a
carbon tax/levy, generally associated with a cap and trade system. Firms also refer to mandatory
emissions reporting programmes as a third category of potential climate regulation. These text
disclosures partly motivate our modelling choice, described later, of regulation in the form of a

carbon levy.
2.3.3 Plans

We use firms’ self-reported emissions reduction targets to measure their plans for future emissions

abatement. As noted earlier, some firms report these targets, while others do not. Firms that do

9When not available, we take the full sample mean (2010-2016 accounting period) of the Weighted Average Cost
of Capital (WACC) from Bloomberg Equity.
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report provide the following information in each year t:

1. A maturity T by or before which the target is planned to be achieved.

2. The total percentage of carbon emissions in year ¢t that the firm plans to reduce between year

t and the target year T, which we denote as .

We assume a constant emissions reduction rate between each reporting year ¢ and the stated
target year T', which gives us a present discounted abatement rate (i.e., a plan for abatement) for

each firm :
T;

1 i
planiy = =y 3 Bii'du ®)
v T=t+1

where the first timing of abatement 7 = ¢ + 1 refers to one year after the year of reporting
In Figure 4 in the appendix A, we plot the various reported components of the abatement plan in
equation . The most frequently reported target horizon is between 1 and 5 years, though some
firms report far longer horizons, up to 25 years ahead. As before, the longer the stated horizon,
the greater the reported &, on average across firms and reporting years.

In appendix A Figure 5 we externally validate these estimates. We do so by once again relying
on the subset of reporting firms that are also tracked by Thomson Reuters in their Asset 4 ESG
dataset, as well as by MSCI in their MSCI ESG dataset. We plot the environmental score that
feeds into the ESG rating (a measure of firms’ environmental commitment) in Thomson Reuters
and MSCI against our measured plan; ¢, and find a strong positive relationship between our measure

and these two ratings.

2.4 Patterns in Firms’ Actions, Beliefs, and Plans

Figure [2| plots the beliefs and actions of firms across our sample period, as well as 95 percentile

confidence intervals across reporting years in the dataset. The left-hand panel of the figure plots

20Tt is worth noting that CDP questionnaires are released in October of each reporting year, while firms’ responses
are submitted in June or July of the same year, with exceptions of later submissions. Planned emissions reduction,
as reported from firms in the second-half of the year, refer to the year ahead onwards.
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Figure 2
Beliefs, Plans, and Actions

The left plot shows the belief metric as in (2) against reporting years in the CDP questionnaires. The red (black)
line refers to firms that disclose (do not disclose) plans in the previous reporting year (initial beliefs are set equal to
the average belief observed in the next available year, e.g. in 2012). The right plot shows abatement rates and plans
as in (1) and (3) respectively against reporting years in the CDP questionnaires. The red (black) line refers to
actions (i.e., abatement rates) for firms that disclose (do not disclose respectively) plans in the previous reporting
year. Actions are normalized between the 5! and 95" percentiles of the pooled distribution. The red thin line at

the top of the right-hand panel shows previous year plans for emissions abatement.
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conditional averages of beliefs in each reporting period, i.e.:

1 NP 1 N;—N?
A= — N Ay, AP = — A 4
t Ng) ; it t Nt — th ; .t ( )

where N} is the number of plan-reporting firms, and N; is the total number of firms in reporting

year t@ The right-hand panel plots firms’ actions (with notation as above):

NP N;—N?
p _ 1 ) npo 71 ) 5
L1 = N? Titt+1,  LTypyp1 = N,— NP Tt t+1- (5)
=1 i=1

In each plot, the firms that report plans are displayed in red, and those that do not report plans
are displayed in black. In the right-hand plot, we also show a thin red line, which plots the average

planned abatement rate, i.e., plan; = N% Efvztl plan;; for those firms that report plans

2In Figure 8 in the appendix A, we repeat this exercise using a weighted average of firms’ beliefs, plans, and
actions, where the weights vary with the emission intensity of the firms in CDP, as described in Table 1.

22 At this stage, we ignore the distinction between the size of the emissions reduction that firms plan, and the horizon
over which they choose to implement this emissions reduction. We conflate the two into the planned abatement rate
in what follows.
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As described earlier, we construct our measure of beliefs using firms’ qualitative responses about
the expected impact of future climate regulation. Observed beliefs exhibit a similar and moderately
decreasing trend up to 2015 for all firms (from medium (numerical value 3) to low-medium (2)
expected impact across reporting years)@ However in 2015, the year ahead of the Paris agreement,
revisions in beliefs differ statistically across firms with and without plans for future abatement. In
this year, plan-reporting firms revise their beliefs upwards, whereas firms without plans downward-
update their beliefs about future climate regulation. This difference reverses following the Paris
agreement, when firms without plans revise their beliefs up about the expected impact of climate
regulation, whereas firms with plans moderately revise their beliefs down. Figure 6 in appendix A
compares belief revisions with global crude oil prices (West Texas Intermediate (WTI) Cushing).
The belief revisions of non-plan-reporting firms largely track the dynamics of crude-oil prices across
the entire observation period. In contrast, plan-reporting firms’ belief revisions diverge from crude
oil prices from the year prior to the Paris agreement. This evidence seems to suggest that firms
with plans anticipate the international agreement, in contrast with non-plan reporting firms.

The right-hand panel of Figure [2|shows how the current actions of firms on emissions reduction
vary over time, once again splitting firms into two groups based on whether they do or do not
report plans for future emissions reduction The plots show patterns similar to the dynamics
of beliefs—both groups of firms increased their emissions between 2012 and 2016, leading up to
the Paris climate change agreement. Perhaps surprisingly given their reported beliefs, firms with
plans reduced their abatement activities more than firms without plans over this period. Once
the Paris agreement is ratified, however, both groups sharply reduce their emissions, i.e., increase
abatement activities, in 2017. And again, firms with plans increase abatement activities more than
firms without reported plans for future emissions reduction.

The plans themselves are plotted as a thin red line in the right-hand panel of the figure. The
expected future abatement rate remained steady until 2015, but rose significantly in 2016, predicting

the realized spike in emissions reduction in 2017. Figure 10 in appendix A shows that predicted and

23In Figure 9 in the appendix A, we also show that such a decreasing trend is common to both components of
the beliefs measure (e.g., likelihood and magnitude of future regulation), meaning that firms are downward-adjusting
both the likelihood of the regulation as well as its expected impact across reporting years.

24Note that actions, which are percentage changes in total reported carbon emissions, are winsorized between the
5" and the 95" percentiles of the pooled distribution.
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realized emissions reductions persist in disaggregated firm disclosures at the sector level, though
there is variation across sectors. This bolsters the case that the spike observed in the data is
a reaction to a global shock of the Paris agreement announcement, rather than a sector-specific
regulatory shock.

A note on robustness is in order here. As with many ESG-related datasets, CDP is an unbal-
anced and expanding panel with few firms at the beginning of the sample and more as time goes on.
An issue with such datasets is that results could potentially be driven by composition effects—as
from one year to another, firms that are potentially very different from the average sample firm join
the panel. For completeness, Figure 7 in appendix A shows the average dynamics of beliefs, actions,
and plans for a balanced panel of CDP firms that reported consistently in each year beginning with
2011. The sample shrinks as a result of this filter, so the magnitudes are different. Nevertheless,
all of the major patterns identified in Figure [2] i.e., the decreasing trend in beliefs, the reaction to
the Paris Agreement Announcement, and the more pronounced reaction of firms with plans, are
preserved in the restricted sample. To better understand the underlying source of these intriguing

patterns, we build a dynamic model of firms’ carbon emissions reduction, as we describe below.

3 A Baseline Dynamic Model of Carbon Emissions Reduction

Our modelling strategy proceeds in two steps. We first begin with a dynamic model of a single
representative firm, considering its optimal abatement strategy. In a second step, to better model
the heterogeneity in responses that we observe across firms with and without plans, we extend the

model to a two-firm version adding strategic considerations.
3.1 Setup: Single-Firm Model

The economy exists for ¢ = 0,...,7T time periods, and we model a single firm operating in this
economy. At the beginning of each time period ¢, the firm operates with a stock of polluting capital
ki—1, producing a proportional amount of carbon emissions &1 = nk;—1 (measured at the end of
time period ¢ — 1). The firm can reduce or increase its emissions at a rate x;. If the firm decides

to abate, the capital stock has the following law of motion:

k‘t = k‘tfl(l — SL’t), (6)
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with corresponding carbon emissions (measured at the end of time period t) of:
& = nke = ki1 (1 — 2¢) = §1(1 — 2). (7)
At the end of time period t = 0,...7 — 1, the firm makes profits 7; from its operations:
L s
My = whe — SoTi k-1, (8)

where wk; is the firm’s output from a linear production function (w is a productivity constant),
and ¢ is a parameter for the quadratic adjustment cost of capital (we simply normalize the cost of

incremental investment to zero).

At the end of time period t = T', a regulation event occurs, and the firm pays a carbon levy A
for each unit of emissions it produces at that time As a result, the firm’s terminal profits can be

expressed as:

T = 1 — M. 9)

At the beginning of time period t = 0,...T, the true intensity of the terminal levy A is unknown.
The firm’s belief over the levy is distributed as A\; ~ N'(As, o). Conditional on this belief, the firm

maximizes its value over the abatement profile {x;},—; 7 as:

Vit =E[ max ZﬁT bry + BT | A (10)

mT}T t.. T
where [ is the discount rate of the firm. The firm value in satisfies the Bellman equation:

Vi = HglraX{ﬂ'T + BVirt1}, T=¢t,...T—1 (11)

with terminal condition given by:

Vir = max ﬂ%t (12)

25In the interests of parsimony, we choose to model the carbon pricing mechanism as a tax applied to each unit of
emissions produced by the firm. As mentioned in the data section, the carbon tax is one of the most frequent types
of regulation explicitly mentioned by reporting firms in the data.
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3.1.1 Solving the Model

In the theory appendix B.1, we show from the first order condition of the Bellman equation in ,

that the optimal abatement profile satisfies:

1 w
Lir = 6($r,7+1 - i(x:,7+1)2) - E? t<7<T, (13)

opp = W) (14)

3.1.2 Comparative Statics

The comparative statics of the terminal abatement rate xy ; in are intuitive. The abatement
rate increases with the firm’s belief about the levy (\¢) and with the parameter 1, which captures
the pollution intensity of the firm. On the other hand, the abatement rate decreases with the
productivity of polluting capital, w. Finally, regardless of whether the model predicts an abatement
or an increase in polluting capital (i.e., regardless of whether JZZT >0 or x;T < 0), the magnitude
of any abatement decreases as the adjustment cost parameter ¢ rises.

We now outline the key comparative statics of the solution zj . in . For a given realization
of the levy A, we show in the appendix B.1 that, for realistic values of the model parameters, the

optimal abatement profile satisfies
Tiy < Tigp < <Tipoq < Tir, (15)
that is, an upward-sloping term structure of abatement, as seen in Figure

This result is intuitive: the benefits to the firm from an additional unit of polluting capital
(the productivity constant w) accrue at the time at which the capital is in place (i.e., any time ¢
before and including the terminal date), while the social cost (the levy A) is always incurred at

the terminal date, and hence always discounted more heavily than the benefits. This gap between
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Figure 3
Optimal Abatement Profile

The plot shows the optimal abatement profile z; , as a function of the maturity 7 =¢,...T for two values of the
parameter ox = 15 (black line) and o+ = 0.0 (blue line) respectively. Other model parameters are: ¢ = 10, w = 0.2,
8=0.9 T=10,7n=0.1, A\; = 20.
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the present value of costs and benefits shrinks as we approach the terminal date, resulting in the
upward-sloping abatement term structure.
For a given maturity 7 =t¢,...7T — 1, we show in the appendix B.1 that the average abatement

rate satisfies
OE[s7 ]

16
502 <0 (16)

that is, the average abatement rate xy . (i.e., across all possible realizations of the terminal levy)
decreases for higher values of the levy’s uncertainty o7. This because emissions abatement costs
are convex [* hence the value function is concave in emissions abatement, and therefore also in the
terminal levy.

To summarize, this simple first model predicts an upward-sloping term structure of planned
abatement for any realization of the levy (i.e., abatement rates increase up to levy imposition), as

the costs of abatement are incurred in the present, but the levy is only incurred at the terminal

date, meaning that its impact is diminished by discounting at any intermediate date. Moreover,

26This result holds true if two conditions are satisfied. First, the firm must abate at least some capital in order
to control its emissions, and second, abatement of capital must involve convex adjustment costs—these conditions
together imply that emissions abatement has convex costs.
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the model predicts that everything else equal, abatement should be lower on average for higher
values of uncertainty about the terminal levy (Figure [3). This latest result relates to recent work
by Barnett et al. (2020) which quantifies the impact of uncertainty on the social cost of carbon

(SCC), showing that risk-adjusted SCCs are significantly lower than risk-neutral estimates.
3.1.3 Single Firm Model Calibration

We calibrate the single firm model on the representative firm that reports a plan (denoted as firm
p) in the selected CDP dataset. We summarize the measurement choices below, and report the
corresponding parameters’ values in Panel A, Table |2l Further details on the measurement of the
parameters can be found in appendix D.

The discount rate, Bp , is measured using the weighted average cost of capital from Bloomberg
Equity; the pollution intensity, 7P, is measured using the ratio of total emissions to total assets
from CDP and CRSP/Compustat respectively; the productivity constant, @P, is measured using
the net income to total assets ratio from CRSP/Compustat; the adjustment cost of capital qu , 18
borrowed from |Liu et al. (2009)1°‘| the regulation event, T', is either set equal to T = 2020, with
2020 is the most frequent target year reported by firm p since the Paris agreement announcement,
or rolls over reporting years T, =t+hfor t = 2011, ...2016, with h the average target horizon
reported by firm p in the selected dataset. For each reporting year ¢t = {2011,...2016}, firm p’s

belief about the levy, expressed in $/mtCOxqe, are specified as a linear function of reported beliefs

X = W(1+a(A) - A7) (17)

where f\f is the belief of the representative firm with plans, which we construct from the distribution
of reported beliefs assuming AP ~ A (A?, £F) with AP the average belief in and X} the standard
deviation of the beliefs reported by the group of firms with plans The constant A? is the average
belief reported by the firm with plans across the entire observation period in CDP, whereas a = 5

is a scale parameter which accounts for the fact that beliefs in are extracted from categorical

2"The values refer to the first estimate obtained in |[Liu et al.| (2009), who use the g-theory of investment to derive
(and test) moments on the cross-section of stock returns. Previous estimates of the adjustment cost of capital obtained
by directly matching the observed and model-implied moments of investment range from over 20 to as low as 3.

28This in turn means that the average belief at each time t is \? = 3 + a\?(A? — AP) whereas the standard
deviation is o? = alPX?.
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disclosures which range between 0 and 5, whereas the levy intensity is continuous.
Denoting the set of input parameters OF = {Bp WP P, P, Af , &}, we estimate the average belief
of firm p, AP, to minimize the squared distance between the empirical and model-implied abatement

actions and abatement plans:

2016
n};\in Z (mgtﬂ — 2} 441(07, 5\1’))2 + (plan; — plan; (©P, j\p))Q (18)
" =201

where the optimal plan is the sum of future discounted optimal abatement rates, i.e., plan} =
ST +1(B”)T*":’J:;T, while the optimal abatement rate zj,,, is simply the abatement plan at the
shortest maturity It is worth recalling that, from the specification of the firm’s emissions in
and the capital stock dynamics in (6), we have that Ty = —(&%7;&), which allows for a
direct comparison with the relative change in realized emissions, xf}t 11, as measured in . In the
same way, the model-implied abatement plan (plan;) also allows for a direct comparison with the
measured abatement plan plan; in (3)), reported by the representative firm with plans at year ¢ and
anticipating relative changes in emissions from year ¢t 4+ 1 onwards.

Calibration results for the two specifications of the regulation event are reported in the first and
second column of Table 2| Panel B. In our best calibration (second column), the plan-disclosing
firms’ actions are consistent with an average belief over the levy of AP = 90 $/mtCOge. Despite
the growing literature dedicated to the topic, there is still large uncertainty about the social cost of
carbon (SCC), and the economic implications of carbon policies (see, for example, Nordhaus| (2014])).
In a review by [Tol (2011), the average of SCC estimates across over 300 published articles is over
1508/mtCOze, while the mode of the distribution is below 50$/mtCOze. Our levy-implied estimate
of the SCC, i.e, assuming a Pigouvian levy that equates the average marginal cost of one additional
unit of carbon emissions, falls into the range provided by [Tol (2011), while is well above the price
of carbon permits traded in the EU ETS during the period of observation (roughly 5%/ thOze)@

To the extent that our exercise is credible, the policy implication is that a substantial rise in the

29We impose full consistency between reported plans and actions in CDP, simply excluding the possibility of cheap
talk equilibria in our setting (see, for example, [Hamalainen and Leppéanen| (2017). More specifically, we assume that
the firm can only truthfully report its abatement plan in CDP. One way to justify this choice is to assume that, as
in reality, the informational quality of the announcement is subject to a high degree of third-party scrutiny.

30Information on the current pricing of carbon in the EU emissions trading scheme (EU ETS) can be found at
hitps : //ec.europa.eu/clima/policies/etsen.
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global price of carbon might not come as a shock to firms given these implied priors.

In appendix A Figure 12, we report empirical and model-implied abatement plans, as well
as model-implied actions and observed abatement actions on emissions reduction. In both plots,
the model-implied moments are dashed lines, while the solid lines show the patterns in the data.
The figure shows that the model captures the dynamics of plans and actions reasonably well up
to the Paris agreement announcement, although there is an issue of magnitude, which might be
expected given the simplicity of the model. However, the figure shows that model performs poorly
around and after the Paris agreement announcement. To attempt to better capture the relationship
between beliefs and actions in the dataset, as well as to capture differences in reactions across the
firms with and without plans, we therefore move to a model with two firms, which we describe in

the next section.

4 A Leader-Follower Model of Carbon Emissions Reduction

We introduce a second firm into the model, and denote one firm by [ (for leader) and the other by
f for (follower). We assume that firm [ and firm f have heterogeneous primitives {w!, ¢!, 7', 8!}
and {wf, ¢, n/, 7}, as well as heterogeneous beliefs over the levy {\l, )\{ } respectively.
In each time period t = 0, ... 7T, we augment the baseline profit function with a payoff externality
that makes firm [ and firm f’s profits depend symmetrically on the other firm’s actions
(o) = i — S0 — el (€ - ),

2 (19)

wh(ed) = wl K — Sotel Ly — o allel €Ly,
when 4} and 'ytf are positive, this can be interpreted as a reputation externality, in that a firm’s
profits are reduced in any period ¢ in which the other firm abates emissions, and vice-versa. The
term can also be thought of the degree of attention paid by society to firms’ abatement activity,
manifested in relative performance evaluations along this dimension. In the years leading to the
Paris agreement event, the dynamics of media attention to climate change issues has been increasing,

along with attention paid to firms’ ESG scores. Some evidence to support this assumption can be

seen in Figure [4, which documents the number of articles in Dow Jones newswire on selected
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keywords, but also directly from firms’ unstructured disclosures about climate change risks

Figure 4
Historical Environmental Media Coverage

The figure shows the time-series of the number of Dow Jones articles containing the words “Climate Change” (black

dotted line) and “ESG” (red dotted line) in headlines or lead paragraphs as recorded from the Factiva database

between 2000 and 2020.
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In what follows, we derive [ and f’s optimal abatement profiles in a Stackelberg leadership
equilibrium with heterogeneous beliefs. In each time period ¢, firm [ (the firm reporting its plans)
moves first, rationally anticipating actions and beliefs of firm f (the firm not reporting its plans),
while the latter takes the abatement choices of the competitor as given, without updating its prior
beliefs about climate regulation. We summarize a set of arguments in support of this setup below.

First, the assumption of heterogeneous beliefs helps rationalize observed differences in belief
dynamics across the two types of firms discussed in Section 2. More specifically firms without
plans report beliefs that broadly track global crude oil prices, whereas plan-reporting firms’ beliefs
diverge around the Paris agreement announcement, suggesting that these firms have a more refined

information set. Second, we show in Table [1] that firms with plans in our dataset are larger and

more profitable, on average, than firms with no plans. Second, Table 4 in appendix A shows

that plan-reporting firms have a greater propensity to a) engage with policymakers and b) provide

31For example: “Failure to meet investors’ expectations [..] could result in a risk to corporate reputation, with
incremental financial impact given the expanding role of Environmental, Social and Governance (ESG) issues in

evaluations.”
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direct funding to regulatory activities. This greater proximity to climate regulation (which is also
consistent with firms’ own disclosures of climate regulation risk) supports the assumption that firms
that report plans act as leaders in the “carbon abatement market” (see |Ovtchinnikov et al. (2019),
Zhang et al. (2019) and [Heitz et al. (2019) respectively).

For completeness, we study an alternative Cournot equilibrium where firms with heterogeneous
beliefs move simultaneously. Appendix B shows that this alternative setting is unable to capture
firm [ and firm f’s reactions to changes in beliefs around and after the Paris agreement announce-
ment. We also later demonstrate that moving away from a setting with heterogeneous beliefs to
a Stackelberg leadership equilibrium where firm f (the follower) learns about the levy from the
leader’s abatement choices does a worse job in matching cross-firms’ reactions around and after the

Paris agreement announcement.
4.1 Equilibrium Abatement Profiles.

Holding fixed the model parameters {¢', o, 8L, Bt Wt wf nf} and the maturity of the regulation
event ¢, for any time ¢ < T for which firm [ and firm f beliefs are {\l, )\{ } and maturity 7 =t¢...T

such that the payoff externalities 2n'yln/ yf < ¢'¢f, the optimal abatement profiles a::i and x:Tf

satisfy

e Firm f (follower):

f
*, *,0 *, #,1 1 * 2 d
vl = wlayy + 7 (il —wl ) - 5(3:’5’2“1) ) of 2
f
with w! = n;’}77 and
f)\f f
7f f *’l T’ t v
Ty = wpTyp + of o 2y
e Firm [ (leader):
i /BI wl 1 1 f 1. f *f l l
6T o 01 f ($t,7'+1( T W Wryq — wTwT+1) + xT""l(wT - wT_H) o
1 —2wrwsy (22)
1 f w0 \2 Wl ! Wf
= (1 =20k ! ) (E)?) v
5 T+1Pr+1/\ 41 ) o1 — 2w§w£) T(;sf(l — 2wl7wf)

32The upper bound on the magnitude of the strategic parameters is a requirement that we impose to get well-
defined abatement plans and actions. This can be though of as a bound on the size of the reputation externality.
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The derivations of these expressions are in appendix B.2.
4.2 Comparing the Single-Firm and Two-Firm Models

We now compare the equilibrium abatement rates in the previous subsection with the baseline

solution established in and . We first state the following proposition:

e Proposition 1. Provided 0 < wlTwé < 1/2, the sensitivity of the leader l’s abatement rate

x:éﬂ to changes in beliefs N, is greater than the sensitivity of the follower x:% to changes in
beliefs )\{. Moreover, both are greater than the respective sensitivities in the baseline (i.e.

single-firm) model with no cross-firm payoff externalities.

— Corollary 1. If wéﬂ > (1+ wf)*l, then the sensitivity of the leader I’s abatement rate

x:% to changes in beliefs of the follower /\{ s also greater than that of the follower.

The proof of this proposition can be found in appendix B.2. There, we also identify a sufficient
condition under which the corollary can also be extended to all maturities 7 =¢,...T
To develop intuition, we begin by discussing the second statement in proposition 1, which is easy to
verify—starting from the explicit expressions in and , one can easily derive that the belief
parameter . ()\,{ respectively) has a higher marginal effect on x:lT (x:% respectively) than on the
baseline solution in ((14). The intuition is that the cross-firm externalities make firms endogenously
increase their reaction to changes in the policy, because the way the model is set up in equations
, firms have incentives to act alike provided that the weights w% and wlT are positive. More
specifically, when the weights are positive, firms find more costly to act such that x:%x:é < 0.

This tendency towards similarity amplifies their actions relative to the “atomistic” optimum which

is unencumbered by such externalities.

33Due to the presence of convex adjustment costs, the result does not necessarily hold for shorter maturities ¢t < 7.
However, as we show in the appendix B.2, the corollary holds at shorter maturities when the model parameters
. . Fox 1,% . el s . .
generate negative abatement, i.e. x;’’,;, %y, in equilibrium. Importantly, such condition is almost always verified
in the data.
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The proposition then states that this amplification mechanism is greater for the leader firm than
for the follower firm. Inspecting equations , we can see that they bear a resemblance to the
expressions that one might get from a traditional Stackelberg duopoly, with a modified “demand
function of abatement” @ Essentially, since firm profits respond to (own and other firm) abatement
negatively in a similar way that price responds to demand in the traditional Stackelberg model, the
leader firm has an incentive to grab “abatement market share” in a similar way to the traditional
Stackelberg model, since it has a first-mover advantage.

Finally, the corollary says that if the reputation weight of the leader is sufficiently high, then
it reacts more than the follower to variations in the beliefs of the follower, i.e. 81‘:}/8)\{ >
amz% / 8)\{ . To derive intuition, imagine a negative shock to the follower’s belief 0/\{ < 0 such
that the leader’s belief 8)@ = 0 remains unchanged. Ceterus paribus, the model predicts that
leader firm should react more than the follower by decreasing its abatement (i.e., increasing its
emissions) at a rate that is larger than that of the follower, despite the fact that its information
over the levy remains unchanged. This condition, which is essential to predict how firms’ beliefs
and actions are related around and after the Paris agreement announcement, cannot be generated
by a simultaneous equilibrium setting unless more restrictive conditions on the weight parameters
are imposed (see appendix B.Q)E Similarly, the condition would not hold in an equilibrium where
the follower firm would incorporate information about the levy from the leader’s actions (since in
this case, 8/\{]8:6:; =0\ =0).

Finally, we introduce in the proposition an additional feature of the two-firm model which
relates the abatement term structure to changes in the time-path of the reputation externality:
Proposition 2. For any maturity 7 =t,..., T —1 with t < T, assume that the leader l’s and the
follower f’s next period weights follow wlTH = pwlT and wfﬂ = pwic respectively. Then, provided
p is sufficiently small, the leader 1’s abatement profile satisfies xffj > xéﬁﬂ > 0. Furthermore,

if the follower’s weight wi is sufficiently large, then the follower’s abatement profile also satisfies

34To see this, note that we can rewrite the firms’ terminal profits as:

ﬂiT(xZi) ~ (n)\i — %(zZT — Zw}xgz))wép —w'zh (24)
with ¢ = [, f and —i = f, [ respectively.
35In particular, the condition is never verified if the follower and the leader’s reputation weights are equal, whereas
it can still be verified in the leader-follower model.
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Figure 5
Optimal Abatement Profile

The figure shows the optimal abatement profile for the leader firm (red line) in (22), the follower firm (black line) in
and the baseline single-firm (blue line) in . Model parameters are w/ = w' =w = 0.2, o' =5/ =1 =103,
ﬂl:Bf:/BZOQ, ¢l :¢f:¢:10, A{:A{:At:2070-l:0-f:U:O7T:87’Y£!7—:7£T2156T_t17-_t>3.
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While we leave the details to appendix B.2, Proposition 2 states that if there exists an interim
maturity 7 such that the reputation weights at 7 are sufficiently large and decrease quickly after 7'
then the equilibrium plans can support a non-monotonic term-structure of abatement, i.e., abate-
ment can peak at the interim maturity 7 rather than increase until the terminal date 7', as in the
baseline model (Figure ﬂ This is because a decreasing time-path of the reputational externality
introduces an additional cost associated with carbon emissions that accrues more aggressively at

the (current) time at which the capital is in place.
4.2.1 Two-Firm Model Calibration

We conclude this section by calibrating the two-firm model to the data. We use the same set of
parameters ©F and repeat the same exercise on the representative firm without plans (firm np) to

obtain ©" (reported in the calibration appendix D). In each reporting year ¢ = 2011, ...2016, we

36For example, a sudden increase in attention to sustainability practices which gradually reverts back to the mean.
3TImportantly, as we show in the appendix B.2, the abatement profile of the follower can only be inverted if the
one of the leader is inverted (and if the reputation weight of the follower is large enough).
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then specify the sign and magnitude of the payoff externality assuming a functional form

W =P(ESGy), " =" (ESGy) (25)

where the term E.SG; measures the market attention to firms’ sustainability practices as captured by
the normalized number of Dow Jones articles containing the words ESG (Figurel4]). We estimate the
average beliefs \?, \™ as well as the strategic scale parameters v, ¥"P to match average abatement
plans and actions of the leader as well as actions of the follower ﬁrm

The estimated parameters are reported in the third and fourth column of Table [2|, Panel B.
The matched moments are reported in Panel C. Looking at the best calibration exercise (fourth
column in Table 2| Panel B), the average belief consistent with the plan-reporting firm’s actions
and plans is A’ ~ 123$/mtCOqe, while that of the firm without plans is A’ ~ 130$/mtCOse.
The strategic scale parameters reveal the presence of a payoff externality that is stronger for the
firm with plans, in line with the fact that the firm with plans is more likely to be exposed to
reputation risk Taking as reference the model-implied average abatement rates for the firm with
and without plans in Panel C (i.e., 0.024 and 0.017 respectively), the model estimates that the
reputation externality introduces a benefit from abating one unit of emissions that averages around
1,383%/mtCOge %0.017 = 243 /mtCOqe for firm p and 1016$/mtCOqe *0.024 = 24$/mtCOqe for
firm np respectively (so equal across the two firms). One notes that these benefits account, on
average, for roughly 20% of the costs introduced by the terminal levy, but are incurred at each time
period t instead of only at the terminal date T'.
Figure 13 in the appendix A plots the results of the calibration: the left and right-hand panels
show that the more complicated two-firm model with cross-firm externalities and leader-follower
dynamics does result in a better ability to capture the observed dynamics of abatement in the data.
In Figures 14, 15, 16, and 17 in appendix A, we also show that alternative calibration exercises with
different specifications of the strategic setting do a worse job in fitting reported plans and action
in the dataset. In particular, we find that a leader-follower interaction with heterogeneous beliefs,

and a time-varying reputation externality indexed to the ESG news is essential to capture the

38The moment-matching exercise is reported in more details in the calibration appendix D.
39This is plausible, as these firms are larger, more emission intensive, and with a higher percentage of institutional
investors than firms with no plans.

31



Table 2
Calibration Results

Panel A reports the input parameters as calibrated on the firm with plans (firm p) and firm with no plans (firm np)
in the dataset. Panel B reports the calibration results (with t-values in the parenthesis) for the single-firm model
and two-firm models respectively. The column ”T constant” refers to a fixed regulation event T' = 2020. The
column ”T rolling” refers to a regulation event T} that rolls in each reporting year t so that the maturity T; — ¢

remains fixed. Details on the measurement of the parameters are reported in the appendix D.

Panel A: Input Parameters

e 0.93

B 0.92

nP 0.0037

Ul 0.0029

wP 0.036

wne 0.023

P 8

o 8

Panel B: Estimates Single-Firm Two-Firms (Stackelberg)

T constant T rolling T constant T rolling

AP T8.9*** 90.7*¥*¥*  132.0%%* 123.3%**
(20.0) (16.2) (2.88) (2.72)
AP 128.3%F%  131.0%**
(2.65) (3.39)
~P 1,378%** 1,383%#*
(9.94) (10.10)
~"P 966.7*** 1016***
(8.48) (8.39)
Panel C: Moments Single-Firm Two-Firms (Stackelberg)

T constant T rolling T constant T rolling

Average Action (firm p) -0.006 -0.006 -0.006 -0.006
Model Implied -0.005 0.013 -0.002 0.024
Variance Action (firm p) 0.010 0.010 0.010 0.010
Model Implied 0.000 0.000 0.001 0.002
Average Plan (firm p) 0.151 0.151 0.151 0.151
Model Implied 0.068 0.073 0.171 0.144
Variance Plan (firm p) 0.001 0.001 0.001 0.001
Model Implied 0.008 0.006 0.024 0.013
Average Action (firm np) -0.026 -0.026
Model Implied -0.004 0.017
Variance Action (firm np) 0.006 0.006
Model Implied 0.001 0.002
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relationship between firms’ beliefs and plans around and after the Paris agreement announcement.

In Figure@, we plot the counterfactual optimal emissions paths of the firm with plans, {gj,f:t,...T}v
generated in the single-firm model (red lines), and in the two-firm model (blue lines) respectively,
assuming ¢t = 2022 and T = 2030. From time t = 2022 onwards, we impose a true levy of
At = 1253/mtCOqe (thick lines) or A\; = 25$/mtCOqe (dashed lines), setting both leader’s and
follower’s beliefs to equal A;. Finally, we assume that the reputation externality decreases quickly
after t = 2022 when the regulatory event occurs.

As the figure shows, a levy of 258 /mtCOxze in 2022 generates roughly 20% cumulative decrease in
emissions by 2030 in the single-firm model, and a 35% cumulative decrease in emissions by 2030 in
the two-firm model. Both these reductions are insufficient to meet the 45% target established at the
Paris agreement. In contrast, raising the levy to 125$/mtCOsqe generates a 75% cumulative decrease
in emissions by 2030 in the single-firm model, and over 95% cumulative decrease in emissions by
2030 in the two-firm model. Consistent with Proposition 2, abatement in the strategic setting
is strongest at the earliest maturities: incorporating the decreasing time-path of the reputation
externality, the leader firm anticipates that future profits from reputation will quickly vanish, and

as a result abates the most at the earliest maturities[4]
4.3 Discussion of alternative mechanisms

Although the leader-follower model of reputational externalities is able to match the main patterns
identified in the data, we cannot rule out the possibility that alternative mechanisms could match
those patterns equally well. Two such plausible alternative mechanisms might include: i) manage-
rial incentive schemes set by shareholders (e.g. so-called extrinsic motivations as in Ariely et al.
(2009) such as monetary rewards/penalizations in case of overcompliance/undercompliance with
climate regulations; ii) technology shocks induced by the enactment of the policy (e.g., redirected
technical change as in |Acemoglu et al. (2016))), with potentially different effects depending on the
firms’ original investment opportunity sets.

We note here that for the mechanism in i) to generate a similar amplification effect as the one

4%Tn Figure 18 in the appendix, we attempt to identify the effect of uncertainty by repeating the exercise in Figure
[6] but keeping uncertainty at the levels estimated from CDP disclosures in ¢ = 2016. In both single-firm and two-firm
models, the effect of uncertainty seems to be smaller relative to that of the mean and the reputation externality, i.e.,
introducing uncertainty does not change the ordering of abatement reported in Figure [f] A caveat here is that the
firm does not internalize the possibility of learning, for example, from future announcements.

33



Figure 6
Optimal Emissions Path - Firm with Plans

The plots show the optimal carbon emissions path of the firm with plans {&;F}.—; 7 as generated by the
single-firm model (red lines) and the two-firm model (blue lines) respectively. Dashed and thick refer to the
emissions generated by the models when the levy parameter \? = A\"? = 25$/mtCOsze and

NP = \"P = 125%/mtCOqe respectively. The strategic parameters are reported in Table [2] Panel B, fourth column.

The remainder of model parameters in input are reported in Table [2] Panel A.
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predicted in our model, it must be that the firm’s shareholders expect undercompliance with the
regulatory policy in absence of the monetary incentive, and that such beliefs are consistent with the
cross-firm patterns observed in the data. Put differently, such a mechanism requires an additional
free parameter which captures time-variation in shareholders’ beliefs.

On the other hand, a more complex technological structure of the model as in ii) could likely
serve as a substitute for the reputation externality in matching the time-series dynamics in the
model. While the Paris Agreement shock might eventually induce acceleration in firms’ optimal
timing of adoption of clean technologies, the market for such technologies experienced a broad
slowdown in the years preceding the Paris Agreement announcement (see, for example, the study
in Ledn et al. (2018))@ Moreover, such preemption effects would still incur well-documented time
lag between the implementation of research and development investments, the issuance of new

patents, and the effective adoption of new technologies All of that said, it is clear that the

41See also the green growth statistics from the OECD database. A summary of the slowdown in US green innovation
can be found in the OECD report Green Growth Indicators, 2017.

42Gee, for example, the review in [Hoppe (2002)

431t is also worth mentioning that when we look directly at firms’ own disclosures about investment opportunities
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results we document could map to an alternative explanation that delivers similar predictions to
our preferred mechanism. To develop greater confidence in our model, therefore, we consider how

well it performs out of sample.

5 Out of Sample Predictions

To assess the quality of the model’s out-of-sample predictions, we estimate the model using data
up to 2017, and then use it to predict U.S. public firms’ responses for the years 2018 and 2019
This period is particularly interesting, as it allows us to evaluate the impact on firms’ responses of
a regulatory shock that goes in the opposite direction to those used to fit the model, namely, U.S.
President Donald Trump’s announcement to pull back from the Paris Agreement, which occurred

in June 2017.

Figure 7
Extended Beliefs

The left plot shows the belief metric as in (2) against reporting years in the extended CDP questionnaires. The red
line (black line) refers to firms that disclose (do not disclose) plans in the previous reporting year. The right plot
shows the distribution of time horizons for planned emissions reduction as reported by firms with plans in the
dataset. The red bars refer to time horizons as reported in 2016, the year following the Paris agreement
announcement, while grey bars refer to time horizons as reported in 2017, the year following President Trump’s

pullback announcement.
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related to different types of climate change risks, we find no substantial revisions in beliefs about these opportunities
in the years preceding the Paris Agreement.

41Over these two years, CDP implemented a set of changes to make the questionnaires more aligned with the
recommendations of the Task Force on Climate-Related Financial Disclosures (TCFD), which was established in
2016. In appendix C we report the major changes to the responses and format arising from these changes and how
they affected the measures that we compute. The appendix also describes a few adjustments to the data that were
needed to conduct the out-of-sample exercise.
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The left-hand panel of Figure |7| shows beliefs computed from the extended CDP dataset that
we use as input variables to our out-of-sample evaluation exercise. As can be seen in the figure,
in the year following Trump’s pull-back announcement, all firms significantly downgrade their
expectations of the impact of climate policy regulation. In contrast with the patterns previously
observed, however, firms reporting plans for future emissions abatement now appear to revise their
beliefs about the intensity of future climate regulation more extensively than those not reporting
plans in response to the announcement.

The right-hand panel of Figure |7|shows another interesting observation from the new disclosure
data. Following Trump’s pull-back announcement, in addition to their changing beliefs about the
intensity of regulation, firms increase their expected time horizon over which climate regulation is
expected to come into effect, by a median value of 2 years.

To conduct the out-of-sample exercise, we use the beliefs reported in the right panel of Figure
[7|to generate emissions abatement plans and actions from the two-firm model. We fix the strategic
parameters at the levels reported in the fourth column of Table [2| Panel A, estimated over the
period from 2011 to 2017, and we use all other parameter values reported in Table [2| Panel A,
except for the time horizon T', which we extend by 2 years to account for the evidence seen in Panel
B of Figure

Figure 8

Out-of-sample Prediction

The left plot compares the model-implied and observed abatement actions for the leader firm against reporting
years in CDP. The right plot compares the model-implied and observed actions for the follower firm against
reporting years in CDP. Thick (dashed) lines refer to observed (model-implied) moments. Estimated parameters are
reported in the fourth column of Table 2] Panel B. Other parameters in input are reported in Table[2] Panel A.
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The left- and right-hand plots in Figure [§| show, respectively, predicted and realized actions
for the leader (plan-reporting) and follower (non-plan reporting) firms for each reporting year in
the dataset. The vertical dashed line in the figures indicates the beginning of the out-of-sample
forecasting period. The model captures the realized drop in emissions reduction predicted by the
downward revision in beliefs following the pull-back announcement for both leader and follower
firms, and correctly predicts a larger response for the leader firm. The model also captures the
increase in emissions reduction observed in the final year of reported data, which once again is more
pronounced for leader than follower firms in the data. Overall, the out-of-sample exercise helps to
increase confidence in the augmented two-firm model’s ability to predict the dynamics of reported

emissions abatement.
5.1 Conclusions

In this paper, we pursue a structural approach to identify the determinants of firms’ decision-
making when they face climate regulation risk. We begin by bringing new empirical observations
to the table, using firms’ disclosures to the Carbon Disclosure Project (CDP), which we verify
using third-party sources (Bloomberg, Thomson Reuters, and MSCI) who produce ESG ratings of
firms. We document patterns in firms’ beliefs about the climate regulation risks that they face,
their plans for future abatement, and their actions to date on mitigating carbon emissions. We
find that in the five years prior to the Paris announcement, firms’ actions on carbon abatement as
well as their beliefs about climate regulation gradually reduce. However, firms’ actions and beliefs
both adjust sharply around the announcement of the Paris climate change agreement in 2016, with
the size of these responses depending on whether or not a given firm pre-announces its plans for
carbon emissions reduction.

To learn more about the underlying structure that can jointly rationalize these findings, we
build two dynamic models of emissions abatement. The first model features an atomistic firm
operating with polluting capital, which is exposed to a future uncertain carbon levy of known
maturity, updates its belief over the levy in each time period prior to the regulation, and incurs
convex capital adjustment costs when abating emissions. We calibrate the model to the data,
feeding it with the dynamics of reported beliefs, and comparing the predicted plans and actions

from the model with those in the data. While the model can fit the dynamics of abatement prior to
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the Paris agreement, the reactions to the Paris agreement predicted by this atomistic firm model
cannot match the sharp variations observed in the data.

Our more complex model introduces a second firm into the economy, with the goal of under-
standing whether the amplification we observe in the data can be rationalized by firms strategic
responses to one another. Specifically, we introduce a reputation externality in the firms’ payoffs,
which reduces the profits of a given firm when the other firm abates, and vice-versa. Moreover, we
allow the firms to have different beliefs, with the “leader” firm given knowledge of the “follower”
firm’s beliefs to rationalize the observed differences between plan- and non-plan-reporting firms.
We verify that the Stackelberg equilibrium of the model predicts abatement dynamics that closely
match the patterns that we observe in the data, and that the ingredients that we add are needed
to deliver the fit between the model predictions and the data. We validate the model, showing
that it is well-able to predict firms’ abatement actions out-of-sample in the period following the
announcement of the U.S. pullback from the Paris agreement.

There is much work to be done on the economics of climate change and carbon emissions. Our
paper contributes to this important agenda by demonstrating that i) climate regulation matters
greatly to firms, and ii) to better understand firms’ responses to regulation events, it is important
to take strategic interactions, differences in beliefs, and information asymmetries between firms into
account. We believe that further work to learn more about the specific microeconomic mechanisms

at work along these lines will pay rich dividends.
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A Tables and Figures

Table 1
Selected Disclosures

Reporting Year Risk  Footprint Risk & Footprint Plans To Plans To No Plans
(1) (2) (1H)+(2) (3) (4) (5)
2011 249 381 229
2012 302 412 229 106
2013 342 454 274 123 16 12
2014 350 460 293 142 22 6
2015 383 471 331 152 18 20
2016 410 498 342 163 25 12
2017 439 503 375 186 25 14
Total Firms 526 611 446 262 100 61

Number of firms in the CRSP/COMPUSTAT North America universe reporting selected disclosures in the CDP
questionnaires between 2011 and 2017. Column (1) is the subset of firms that disclose climate regulation risk;
column (2) is the number of firms that disclose total carbon footprint; column (1)+(2) is the selected dataset:
firms that disclose regulation risk, carbon footprint, and report in the dataset for at least two consecutive years.
Column (3) is the subset of firms in the selected sample that also disclose emissions reduction plans in the
previous reporting year (*for 2011 only, the column (3) is the group of firms that report plans in the same
reporting year). Column (4) is the subset of firms in the plan-reporting group (i.e. column (3)) that were in the
no plan-reporting group in the previous year. Column (5) is the subset of firms in the no plan-reporting group
(i.e. column (1)+(2) - (3)) that were in the plan-reporting group in the previous year.



Table 2
Beliefs - Linear Regressions

Regressor Beliefs
Emissions 0.16***  0.19%FF  0.20%**  0.20%**
[0.04] [0.04] [0.05] [0.05]
Market Value -0.16°%FF  -0.15%FF 0. 15%F*
[0.04] [0.04] [0.04]
Intercept 0.09 1.07* 0.61 1.67**
[0.51] [0.55] [0.71] [0.78]
Sector dummy? No No Yes Yes
Year dummy? No No Yes Yes
HQ Country dummy? No No No Yes
R? 0.04 0.07 0.09 0.12
Firms 446 408 408 408

Beliefs and emissions are collected from CDP as detailed in appendix C. Market value is provided by
CRSP/COMPUSTAT. Sector dummies are the Global Industry Classification (GIC) sectors, country dummies
refer to the country of the company Head Quarter (HQ), both variables are provided by CRSP/COMPUSTAT.
Standard errors in square brackets are clustered at the firm-level. * ** *** indicates statistical significance at
the 10%, 5% and 1% level respectively.



Table 3
Belifs and Actions — Summary Statistics

Panel A: Beliefs Plan No Plan Plan - No Plan
Reporting Year  Mean (Std Err.) Mean (Std. Err) Diff (Std. Err)

2011+ 241%%%  (0.15) 2.36%%*  (0.16) 0.04  (0.23)
2012 2.62%%%  (0.16) 2.46%%*  (0.17) 0.16  (0.23)
2013 2.48%%%  (0.15) 2.38%%%  (0.15) 0.10  (0.21)
2014 2.200%%  (0.14) 2.14%%% (0.14) 0.06  (0.20)
2015 2.24%%% (0.14) 1.92%%%  (0.12) 0.32%  (0.17)
2016 2.18%%%  (0.13) 2.00%%%  (0.12) 018  (0.17)

Panel B: Actions Plan No Plan Plan - No Plan
Reporting Year = Mean (Std Err.) Mean (Std. Err) Diff (Std. Err)

2012 0.00 (0.02) -0.07%*  (0.03) 0.07%*  (0.03)
2013 0.02 (0.02) -0.02 (0.02) 0.05%  (0.03)
2014 0.00 (0.02) -0.02 (0.02) 0.0 (0.02)
2015 0.05%  (0.02) 0.00 (0.02) -0.05%  (0.03)
2016 017 (0.02) 0.15%%%  (0.02) 0.02  (0.04)
2017 0.17%%*  (0.02) 0.11%%%  (0.02) 0.06%* (0.03)

Summary statistics of beliefs in Panel A and actions in Panel B as reported in Figure 2 in the main text. The
column Plan (No Plan) is the group of firms in column (3) (columns (1)+(2)-(3) respectively) summarized in
Table |1} The column Plan - No Plan is the average di erence in reported beliefs and actions between the

group of firms with and without plans in the dataset. Standard errors are reported in parenthesis. * ** ***

indicates statistical significance at 10%, 5% and 1% respectively.



Table 4
Plans vs No Plan Reporting Firms - Selected Statistics

Plan No Plan Plan - No Plan

Market Share 0.07 0.05 0.02%**
Engagement with Climate Policymakers 0.94 0.78 0.15%**
Direct Funding to Regulatory Activities 0.77 0.64 0.14**

Supplier Propensity to Report Plan 0.40 0.36 0.047%4*

The first row is the average fraction of the firm’s annual sales (Sales Turnover Net from CRSP/Compustat) in
the respective GIC Industry. The second and third rows are the fraction of firms that report to engage positively
with climate policymakers and provide fundings to regulatory activities respectively, collected from the latest
CDP questionnaire (2017). The fourth row is the propensity of the firm’s representative supplier to report plans,
measured as the sum of the propensity to report plans in each industry weighted by the share of the firm’s total
inputs from that industry. Input tables are provided by the Bureau of Economic Analysis and are available at
the NAICS industry level. We only report firm’s suppliers for which a straightforward conversion from NAICS

codes to GIC codes is available. *, %, % % * indicate statistical significance at the 1%, 5%, and 10% respectively.

Table 5
Calibration Results - Alternative Models

Externalities Model I Model II Model III Model IV

($/mtCOqe)
P 115.2%%% 128 5k 190 (k* 94.0%**
(2.61) (3.28) (2.61) (21.37)
AP 128. 1%k 125 %K% 194 kK 50,0k
(2.88) (2.73) (2.87 (3.08)
AP 1,385%#% 1 431%%k 1 395%* 100.0
(9.32) (11.28) (11.71) (0.51)
AP 1016%5%F  1014%**  919.0%** 100.0
(8.36) (8.62) (8.11) (0.14)
g 0.49*
(1.77)

The table reports the calibration results for alternative specifications of the two-firm model. Model I refers to
a leader-follower model where the firm without plans (firm np) learns about the levy from firm p’s action in
each reporting year ¢ (Figure . Model II refers to a leader-follower model where the reputation externalities
P and " are the same in each reporting year ¢ instead of tracking the dynamics of ESG news (Figure .
Model III refers to a leader-follower model where the reputation externalities have a monotonic term-structure
P o=e 90 D(PESG) and 2 =e 9 ( "ESG,) (Figure|16). Model IV refers to an otherwise
equivalent two-firm model as the one described in the main text where firm p and firm np act simultaneously
(Figure . Parameters in input are reported in Table 2, Panel A in the main text. We report only estimates

for the rolling maturity of the regulation event.



Figure 1
Emissions - External Disclosures
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The scatter plot shows firm-level values of COqe emissions from Asset 4ESG (y-axis) against self-reported COqe
emissions from CDP (x-axis), winsorized between the 1°¢ and the 99'" percentile of the pooled distribution.
Asset 4 ESG emissions refer to the variable ENERDP023 (see the Asset 4 ESG Dada Glossary for details). The
matched sample refers to the entire reporting period in the dataset.

Figure 2
Regulation Risk - Description by Firms
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The word cloud highlights the most frequent words that appear in the unstructured text field in the pooled
CDP dataset in which firms describe the specific regulation risks.



Figure 3
Beliefs - Constituents
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The right plot shows the average expected impact of the regulation event across di erent maturities of the
regulation event. The left plot indicates the frequency of disclosures across each time horizon as collected from
the selected CDP sample between 2011 and 2017.

Figure 4
Plans - Constituents
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The right plot shows the average emissions reduction target across di erent target maturities. The left plot
indicates the frequency of disclosures across each time horizon as collected from the selected CDP sample
between 2011 and 2017.



Figure 5
Plans - External Environmental Ratings
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The top and bottom plots show abatement plans (y-axis) averaged across equally sized bins of the
Environmental score (x-axis) provided by MSCI and Thomson Reuters Asset 4ESG respectively.
Environmental scores are constituents of the ESG scores (see the Asset 4 ESG and the MSCI Dada Glossary
for details).

Figure 6
Beliefs vs Crude Oil Spot Prices
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The plot compares average time-series dynamics of firms’ self-reported beliefs about regulation risk (red and
black thick lines) and quarterly spot prices of the West Texas Intermediate (WTT) Crude Oil - Cushing, Okla-
homa as collected from the FRED database (blue dashed line). Oil prices are lagged of three quarters to match

the fact that CDP questionnaires are submitted in June or July each year (with some later submissions).



Figure 7
Beliefs, Plans, Actions - Balanced Panel

Medium§ @4

|

Beliefs (Regulation Risk)

Low-Medium -

2011 2012 2013 2014 2015 2016 2011 2012 2013 2014 2015 2016 2017
Reporting Years Reporting Years

The left and right-hand plots report beliefs, actions, and plans respectively as constructed from a restricted
CDP sample which includes only firms reporting to CDP since 2011. Variables are otherwise constructed

following the same procedures as the ones reported in the main text.

Figure 8
Beliefs, Plans, Actions - Weighted Averages
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The left and right-hand plots report beliefs, actions, and plans respectively as constructed from weighted
averages of firms’ beliefs, plans, and actions across reporting years. Weights w; ; equal the emission intensity
of each firm 7 in reporting year ¢, divided by the total emission intensity of firm i’s group in reporting year t.

Variables are otherwise constructed following the same procedures as the ones reported in the main text.
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Figure 9
Beliefs - Magnitude/Likelihood Components
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The left-hand plot reports the average magnitude of the regulation risk across reporting years in CDP. The
right-hand plot reports the average likelihood of the regulation risk across reporting years in CDP. The red
(black) line refers to firms that disclose (do not disclose) plans in the previous reporting year.

Figure 10
Revisions in Plans and Actions across Industries
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The bar plot shows average changes in reported plans and actions across GIC sectors. The red bars refer to
changes in plans between the years surrounding the Paris agreement announcement. The blue bars refer to
changes in actions between the years surrounding the Paris agreement.
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Figure 11
Reported Beliefs - Standard Deviation
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The plot shows the standard deviation of beliefs reported by the group of firms with plans (in red dots) and the
standard deviation of beliefs reported the group of firms without plans (in black dots) for each reporting year
t =2011,...2016. Red and black lines show linear interpolations for the group of firms with and without plans

respectively.
Figure 12
Model-Implied and Observed Moments - Single Firm
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The left plot compares the model-implied and observed abatement plan of the firm with plans (firm p) against
reporting years in CDP. The right plot compares the model-implied and observed abatement rate of the firm
with plans (in red) and firm without plans (in black) against reporting years in CDP. Thick (dashed) lines refer
to observed (model-implied) moments. Model parameters in input are reported in Table 2, Panel A in the main
text. Estimated parameters in Table 2, Panel B, second column (i.e., case of rolling maturity for the regulation
event) in the main text.
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Figure 13
Model-Implied and Observed Moments - Leader-Follower Model
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The left plot compares the model-implied and observed abatement actions for the leader firm against reporting

years in CDP. The right plot compares the model-implied and observed actions for the follower firm against
reporting years in CDP. Thick (dashed) lines refer to observed (model-implied) moments. Model parameters
in input are reported in Table 2, Panel A in the main text. Estimated parameters in Table 2, Panel B, fourth

column (i.e., case of rolling maturity for the regulation event) in the main text.

Figure 14
Alternative I - Stackelberg with learning
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The left plot compares predicted and observed abatement plans and actions across reporting years in CDP.
Predicted moments are generated from a leader-follower model where the firm without plans (firm np) learns

about the levy from firm p’s actions in each reporting year ¢. Results are reported in the first column of Table 5}

Thick (dashed) lines refer to observed (model-implied) moments, red-circle (black-star) lines refer to the subset

of firms with (without) abatement plans respectively.
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Figure 15
Alternative TT - Stackelbhero with constant reputation
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The left plot compares predicted and observed abatement plans and actions across reporting years in CDP.
Predicted moments are generated from a leader-follower model where the reputation externalities P and "P
are kept constant across the entire reporting period instead of tracking the dynamics of ESG news. Results are
reported in the second column of Table 5| Thick (dashed) lines refer to observed (model-implied) moments,

red-circle (black-star) lines refer to the subset of firms with (without) abatement plans respectively.

Figure 16
Alternative III - Stackelberg with reputation term-structure
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The left plot compares predicted and observed abatement plans and actions across reporting years in CDP.
Predicted moments are generated from a leader-follower model where the reputation externalities have a mono-
tonic term-structure ! = e 9" ( PESG,) and ;L = e 9" "H( "PESG,), with g an additional parameter
to be estimated. Results are reported in the third column of Table |5 Thick (dashed) lines refer to observed
(model-implied) moments, red-circle (black-star) lines refer to the subset of firms with (without) abatement

plans respectively.
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Figure 17
Alternative IV - Simultaneous game
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The left plot compares predicted and observed abatement plans and actions across reporting years in CDP.
Predicted moments are generated from a simultaneous equilibrium model as the one described in section B.3.
Results are reported in the fourth column of Table [5| Thick (dashed) lines refer to observed (model-implied)

moments, red-circle (black-star) lines refer to the subset of firms with (without) abatement plans respectively.
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Figure 18
Counterfactuals - Effect of Uncertainty
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The plots show the optimal carbon emissions path of the firm with plans :f r=t,...T as generated by the single-
firm model (top plot, red lines) and the two-firm model (bottom plot, blue lines) respectively. Dashed and dotted
lines refer to the emissions path generated by the models when the average levy ¥ = ¥ = 25%/mtCOqe and
P = P = 125$/mtCOqe respectively. Thin and thick lines refer to the emissions path generated by the
models when the uncertainty parameters are inferred from the CDP data and when § = ;¥ = 0$/mtCOse
respectively. The strategic parameters are reported in Table 2, Panel B, fourth column in the main text. The

remainder of model parameters in input are reported in Table 2, Panel A in the main text.
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B Theory Appendix
B.1 Single - Firm Model
Solving the single-firm model. The Bellman equation for the single firm problem reads:

1
Vi, = max wk € §¢x2k 1+ B8Vi, 4 (1)

where the capital stock follows:
E =k lex). (2)

Deriving for the optimal abatement rate x, :

OV, 1 Ok

k k =0 3
Ewk 1€ or, 1€ﬂak el I (3)
using and rearranging

v, —eiplin @ (4)

bTeh ok ¢

[terating and deriving V; 41 with respect to k , we get:

8‘/7 1 1 a‘/t, 2

E;k’Jr =w(ler, )€ §¢(xt7 +1)2 +p o :1 (lex, 1) (5)

where we again used . [terating to get OV;, 12/0k 41 and substituting it into , we get:

Wy, 1
ok

1
=w(lewx, )€ §¢($t +1)2 +(€we ¢z, )€z 4y) (6)

which after rearrangement gives:

Vi, 11

1
ok = §¢($t, -|-1)2 € ¢$t, +1 (7)

finally, substituting into and solving for x, , we get:

w

1
r, =pf 7 41 € 5(% +1)2 S g (8)

which proves the result. The expression for the terminal abatement x, ;- derives directly from

the first order condition Om;' /Oxr =0.
T

X
Ty

17



Upward-sloping abatement plan z, _{t,.. T} We want to show that
Ty €T 4 (9)

for each maturity 7 =t¢...7T. Substituting into @ one gets

1
e e (10)

which is always satisfied in the admissible range #, ,, [€1,1] provided § > % and w, ¢ > 0.

Expected abatement rate E[r, | as a function of belief’s uncertainty o?. We want to

show that
OE [xt, ]

do?
Let us start with 7 =T"€ 1. Recalling the expression for the terminal abatement rate x, ,,, we

get from :

<0 form t,...Tel (11)

At € w 1 (M Ew) 2 w
Elz, ] = GE| MAcw) 1 (nheEw) je?
¢ 2 ¢ ¢
M\ €w) 172 w (12)
2,32
5 Te 5@(@ +Ai) | € E
from which one gets
OE[z, 1 17
e U el 13
do? 6,82 @? <0 (13)
Let us now assume that is true for a certain 7 = k + 1. Applying again we get:
aE[xt,k] _ aE[xt,k-&-l] c laE[(xt,k+1)2]
do? do? 2 do?
o aE[%,kﬂ] lavar<xt,k+1> c laE[xt,kHP (14)
do? 2 do? 2 Oo?
OE[7, 1 41] lavc””(xt,kﬂ)

=pB 1€ E[z,,,4)) D07 2 0o}

. . . )% ¥
a sufficient condition for to be satisfied is that E[z,,,,] < 1 noticing that % > 0.
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B.2 Two-Firm Model

Solving the leader-follower model. The Bellman equation for the leader-follower model
reads:

1
Vi =max Wk € So @R a0 al kD BV (15)

)
T

and:
1
V! =max o'k € §¢f(xf)2kf R Ol Ll I G EA (16)
Tz
Taking xt”l as given, the optimal :L‘t;f is first derived following the same steps as in the baseline
case with no externalities. Indeed, it is simple to show that the optimal abatement rate of the
follower satisfies:
xt:f = wfxtfl + fi, 11 (17)

/
with wf = Tff and f; 41 given by:

1 9 wf

9 7l 9
foo =0 ‘Tt,f+1 S warlxt, 11 € §($t,f+1) S E (18)

Now substituting the follower’s optimal abatement rate in into , and deriving with

l
respect to z,”, one gets after some rearrangement:

oV}
cw' e ¢'(1 € 2wl )l‘t,’l + ¢lw' ft, 1= ek (r;];lﬂ (19)
Following the same procedure as in and @, we then get:
oV, ! ! P S R A
2 J— ’ ’ ) 7f
“or Y (lewx )€ 5@5 (@ )"+ an Ty % (20)

1 l 1.l l I il
et (lew) ) ewedy G+ m (xt,f+1 + wf+1xt, +1)
where we used to rewrite 7l+1nl(2wf+1xt’+ll + fi, 42) = VlHT]f(xt”fH + wfﬂxt”lﬂ). After

rearrangement, this gives:

OV
okt

1 ! !
= §¢l(1 € 2wl+1wf+1)($t,’ +1)2 € ¢(le wl+1wf+1)xt,’ 41T ’Yé, +137£ +1 (21)
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Putting back into (19)) and solving for z;,”, we finally get:

l
N

w (1e wlwaJrl)gz:t’lJr1 ew x,7
r) = ————rfi a+ O ’ L
b (1€ 2w w’) b (1€ 2w w’)
(le2w wi), ;o w'
€ 1. f (xt, +1) €
(1€ 2ww’)2

(22)
o1 e 2wl w!)

which by substituting the expression for f; 4 in gives us the result.
Similarly, the follower’s terminal abatement rate given the leader’s reads

) f wf
‘Tt,,IJ: = wéxt,’lT + 77_)\{ S

oS T 23
substituting into the leader’s terminal profits and deriving with respect to z,7, we get:
2, = 1 n'M e W wh N e w!
’ 1e 2wbwl ¢ 1€ 2whw, ¢!
which gives the result.

(24)

f

Proof of proposition 1. One notes that when w

7 = 0 and wh = 0, the leader and the
follower’s optimal abatement rates degenerate into the baseline case without externalities. De-
riving - in with respect to AL we get:

axt,’é“ o 7' 1

=———>
OA; 1€ 2wlTw£

1 !
7]_ o 8xt7T

G ) VR T

valT:O

(25)

which proves the result for the leader provided the reputation weights satisfy 0 < w{ﬂwlT < 1/2.
Substituting the expression (24)) into and deriving xt’% with respect to M , we then get:
O] I wlwl I Ox

tf:l TTf+1 >T]_: t,}l‘ (26)
O\ ¢ 1€ 2wk, ¢l 9N lwhwh=0
which proves the result for the follower provided 0 < w%wlT < 1/2. Finally, one notes that

1

- le wéw% B w%w% 1
le QwZTw%i le QwZTw%i 1€ 2uwbwl

(27)
which proves the second result given and .

Proof of corollary 1. Deriving xtv’r} in with respect to )\{ we get:
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)l [
axt,T o n! Wy

= 28
N e 2wkl (28)
which recalling , implies that
ox, k. Oz,
LT LT wh>1¢ wlTwﬁ wh > (1 + w%) ! (29)

N T oM

which proves the result for 7 = T. Consider now an intermediate maturity 7 < 7. Assume

ol dz]
that a;”f“ > g;”f“. From ([22)) and (|17))
t t

8%{ _ faxff, Oft, 11

w
N oN o aN
1 e wfu! 8ft, +1

l f l l f l f
0 (le wt+1wt+l)$t+l € W1 Thqq (le 2wt+1wt+1)

e 7 7 wf/Bl 7 f f (aji+1>2
1e2wtw’ O\ 0N (1€ 2whw;) 2(1 € 2wiwy)
le wln' f w! 83:{ +1 falgel L€ 2u' !,y O 4,
—fﬁ(lextHE 7 ) 7 +w! B (€xy 4y 7 7
le2ww ’ le w jw' " 0N ’ le2ww O\
(30)
. . . . ozl wt ozt
where for the last equation we used twice the approximation —=* ~ T+l L7t From
9 { 1 w£—+1w7f—+1 {
(22), we also get
I
Oz, _ w' Oft, +1 + 4 g (le wi+1w{+1>xé+l < wllerlx?{le (1€ 2wi+1w,{+1) (2!, )2
N 1e2wiw’ oM AN (1€ 2wlw!) (1€ 2wlw)2 i
w! wf+1wl+1 )8x{ gl le 2wl+1u}f+1 oz,

Q

f
fﬁf(l SRS L, 41

l1e2ww le wf+1wl+1 N 1e 2wl w N
(31)
From (30) and (31), it derives that
dx 8:U£
> (32)

provided z} |, <0, x{ +1 <0and w' > (1+w') ! continues to hold.
Terminal abatement rates in the simultaneous model. At any time period t < T, holding

fixed the model parameters 37, w/, 0/, ¢/ B w0, ¢! , and payoff externality 'y{,tqrfp < ¢/,

it is simple to show that the terminal abatement rates xt}} and xt’f solving a simultaneous
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equilibrium model satisfy

' 1 Al e Wt wh nf)\f le w
Tor = Lof ! + Lo f (33)
1€ whwl ¢ 1 € wpwy )
d
an 1 f )\f e wl f BV l
g A € w wr A feEw
LT = i f + Lo ! (34)
1 € wpwyp ¢ 1 € wpwy ¢

with A/ 1 (XL f) denoting firm I’s (firm f’s) belief about firm f’s (firm I’s) belief about the levy
respectively at time ¢. From and , one notes that

8xt,’lT . 1 7' S 7'
oA 1ewbwl ¢~ ¢

f (3)
O, 1 n

= —_— > R
N 1ewhwlof T ¢

meaning that firms’ reactions to variations in their own beliefs are still greater than their
baseline reactions in absence of externalities. On the other hand, under the same specification
of beliefs as in the leader-follower model, i.e. /\{ [ = )\{ and \! f = )\f , one has that

7l 7f
(3:vt7T 6xt7T

wh > 1+ w! 36
a)\){ 8)\{ T T ( )

One notes that condition is far more stringent than condition , required for Corollary
1 to hold. In particular, does not hold in the case of a symmetric reputation externality,
ie. w:J; = wl., whereas would still be admissible provided w% = wh > 0.12.

Proof of proposition 2. We outline first the case of the leader. The expression in ([22)

can be put in compact notation as

! 1.1 1.1 2 - 1
zy, =bay, g €a(ry ) €c (37)
; ; o Bl 14 wi+1w£+1 wéf'wi-‘—l) :
where the coefficient of the linear term is b* = f3 R , the coefficient of the
quadratic term is a' = ﬁll% and the coefficient of the cTonstant termisc = —< 4
2 1 2wlw! 11 2wlwl)
l wf 5l$£+1(w£r w£_+1)

W T 2eled) € O zeied) We therefore have that

T, >, (W' e a; 4, €ad(x 1) ed>0 (38)
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which holds whenever xi 4 falls in the range

V(B e 1)2 € 4ald

T, . 0bel+ -

(39)

A sufficient condition for the upperbound to be strictly positive, which in turns implies an

inverted order of abatement 2} >z} ., >0, is that

Mel)>2 ald (40)

Assume that wf+1 = pw! and w',; = pw'. The first thing to note is that, if p > 1 (i.e.,
reputation weights have an increasing time-path), then b' < 8! < 1, @' > 0 and ¢! > 0, which
implies that condition (38) is never satisfied. Consider p < 1. Condition in turn requires
that the weights satisfy

\/Qﬁl(l e 2p2w! wf)(w_l + ! (w_f c ﬂlxi +1(1 €))) (41)

ww’ >1e g+

(2€ p1(1+p%) ¢! ¢!

In the extreme case in which p = 0, recalling that 8! ~ 1, the inequality above simplifies to

w! wf

ww! > \/<E + w! (—f € 9:{ 1)) (42)

which is easily satisfied for a realistic range of model parameters w/,w!, ¢/, &', B, 37 nf . n' .
The result then follows from continuity of the abatement rate as a function of p. In the case of

the follower, recalling equation (17]), one has that

:c{ > :z:{ 41 wf:t:i’ + fi, € :1:{ >0 (43)

with f; asin . Recalling @ and , it is simple to show that f; € x{ 41 < 0. Hence,
a necessary condition for the follower’s abatement rate x,{ to be larger than the abatement
rate at the next maturity, a:{ 41, 1s that the leader’s abatement rate xff 41 1s large and the
reputation externality of the follower (i.e., the weight w/ that the follower puts on the leader’s

actions) is also large.

C Construction of the Dataset

We employ detailed data on firms’ voluntary disclosures from the Carbon Disclosure Project
(CDP). CDP sends out environment-related questionnaires to firms each year, and we obtain

firms’ responses from 2011 to 2017. In total, over 3,000 publicly listed firms from different sec-
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tors and countries respond to the questionnaires. We focus on the CDP subsample of publicly
listed North American firms that are also in the panel available from the CRSP/COMPUSTAT
database between 2010 and 2016[] We find a total of roughly 700 CDP firms which match with
the selected CRSP/COMPUSTAT sample,ﬂ but not all matched firms report all variables nec-
essary for our analysis, and some provide inconsistent disclosures. As detailed below, we clean
raw disclosures of climate risks, carbon emissions, and emissions reduction targets in order to
get firm-level metrics of beliefs, actions, and plans that survive internal consistency checks, and

can be validated against external data.

Construction of actions. Actions are measured as percentage changes in carbon emissions
as reported by the firms in the dataset, Raw disclosures of CO, equivalent (COge) emissions
are from CDP data worksheets that pertain to emissions data. For each firm ¢ and reporting

year t, we compute emissions as
Emissions;; = Scopel;; + Scope2; (44)

Where Scopel denotes direct emissions (e.g. for 2017 we look at the sheet “CC8. Emissions
Data” ) and Scope2 denotes indirect emissions (e.g. for 2017 we look at the sheet “CC83a.
Emissions Data”). In each reporting year, firms can provide multiple estimates of direct or in-
direct emissions, i.e., there are different vintages of the data. To avoid overlapping disclosures
in the time-series, we select only disclosures of carbon emissions related to the latest accounting
year: this can either be one year prior to, or the same year as, the reporting year, depending

on the date of submission of the firm’s data.

Construction of beliefs. Raw disclosures of regulation risk are from CDP sheets related
to climate change risks driven by regulation (e.g. for 2017 we look at the sheet “CC5.1a” on
risks driven by changes in regulation). Firms’ descriptions of theregulation risk they face vary
across firms and reporting years in the dataset. The word cloud in Figure [2| highlights some
of the most frequent words that appear in the unstructured text field in the pooled dataset in
which firms describe the specific regulation risks. As the figure shows, firms refer to several
different types of climate regulation. Firms most frequently stated type of anticipated climate
regulation is, as one might expect, fuel energy taxes and carbon taxes, to which follows a cap
and trade system. Firms also refer to emissions reporting programmes as a third category of

potential climate regulation. These text disclosures partly motivate our modelling choice, de-

'We keep only firms in the CRSP/COMPUSTAT North America (Fundamental Annual) dataset with non-
missing Tickers within the 2010-2016 accounting period. We lag the information from CRSP/COMPUSTAT
by one year to account for a time window between the filling and the final release of the CDP questionnaires.

2Matches are computed at the Ticker level.
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scribed in the paper, of regulation in the form of a carbon levy.

Unlike carbon emissions, risk disclosures always refer to the latest accounting year available.
However, firms usually describe multiple types of regulation events as they differentiate, for
example, at the plant or business unit levels. For each firm ¢ and reporting year ¢, we therefore
compute the aggregate belief metric as

kit

A= B™ "Myg, (45)

k=0

where k = 0,...k; varies over the number of events disclosed by firm ¢ in reporting year ¢,

while M), and g, are the magnitude and likelihood respectively of each event k.

Construction of plans. Raw disclosures of emissions reduction targets are from CDP sheets
related to targets and initiatives (e.g. for 2017 we look at the sheet “CC3.1a” on absolute
emissions reduction targets). As for climate risks, firms can provide multiple targets if they
include emissions targets set in previous reporting years that might (or might not) be still active
in the current reporting year. For each firm ¢ and reporting year ¢, we therefore compute the

aggregate metric of abatement plans as:
kit 1

s t 4:6
Tiet B ey, (46)

=t+1

plan;; =
k

where k = 0, ... k; ranges over the total number of targets reported by the firm that are still

active in the reporting year t (i.e. t < Tj), while T:’“ 18 the average yearly rate of emissions
reduction relative to target k, with ¢, < t the baseline year of the target. To get rid of in-
consistent disclosures, we trim the distribution of the reduction rate e so that it lies between

The final dataset (consisting of 446 unique firms that report carbon emissions and regula-

tion risk for at least two consecutive years) is reported in the third column of Table .

Construction of the Out-of-Sample dataset. To conduct our out-of-sample validation
exercise, we extend the CDP dataset in Table [1| to include U.S. public firms’ responses from
2018 and 2019. Over these two years, CDP implemented a set of changes to make the question-
naires more aligned with the recommendations of the Task Force on Climate-Related Financial
Disclosures (TCFD), established in 2016. Below, we describe the major changes to the dataset

arising as a result of these changes, as well as adjustments that we implemented to our con-
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struction of the data as a result of these changes to make the out-of-sample data consistent

with our treatment of the in-sample data.

First, regulation risk in the later period is part of a broader classification of climate-related
risks, collectively labelled ”climate transition risks”. These risks include: marked shifts in
consumer tastes, reputation risks from negative stakeholder feedback, technology risk due to
forced substitution of products and services, and policy risk from new or existing regulations.
To preserve continuity with the previous setting, we select firms’ disclosures related only to this
policy risk component. Second, time horizons of climate-related risks are not tied to numeric
ranges as in the earlier data. That is, firms in the later period of the data choose from options:
current, short-term, medium-term, and long-term horizons. To preserve continuity with the
previous setting, we therefore translate these responses into the time ranges provided by CDP
before 2018. More specifically, current horizon is translated into 0 to 1 years from the time of
reporting, short-term horizon to 1 to 3 years from reporting, medium-term horizon to 3 to 6
years from reporting, and long-term horizon to beyond 6 years from reporting. Finally, while
responses have remained unaltered as far as emissions reduction targets and total carbon emis-
sions are concerned, a number of firms reporting CDP questionnaires in 2018 and 2019 have
taken the option to hide their emissions data. As a consequence, of the 375 firms reporting
emissions and risks in 2017 (see Table , only 330 (331) respectively report emissions in 2018
(2019 respectively), of which 177 (187) of these also report targets. We focus on the data for

this reduced number of firms in our out-of-sample exercise.

D Calibration

We calibrate the model on the average firm with plans (firm p) and the average firm without

plans (firm np) reporting in the selected dataset between ¢ = 2011 and t = 2016.

Discount rate . We measure the one-period discount rate as the inverse of the weighted

average cost of capital of firm p and firm np respectively

P SR S U N S
~ 2016 € 2011 NP 14+ WACC;,
t=2011 =0 ’ (47)
2016 N; NP
oot 7 L 1
2016€ 2011, N, €N 1+ WACC;,

where WACC, ; is firm ¢’s cost of capital in reporting year ¢ from Bloomberg Equity.
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Pollution intensity 7. We measure the pollution intensity as firm p and firm np’s ratio

of total reported emissions to total assets as

2016 NP

o 1 1 " Emissions;,
= 2016 € 2011 NP Total Assets;,
t=2011 =0 ’ (48)
N: NP
o 1 2016 1 " Emissions;,
2016 € 2011 _, N; € N} o Total Assets; ;

with Emissions;; firm i’s reported emissions (Scopel + Scope 2) as collected from CDP in re-
porting year ¢, and T'otal Assets; ; firm ¢’s total assets in reporting year ¢ from CRSP/Compustat;
Productivity constant w. We measure the productivity constant w as the net income from
sales divided by total assetd’]

p

oy 1 2006 M NetIncome;,
T 9016 < ON11 ATP
2016 € 2011 o011 N{ o Total Assets; ; (49)
p
— 1 2016 1 e NetIncome;,
S 2016€ 2011, N,e Nf __ TotalAssets,

with NetIncome;, firm ’s net income before extraordinary items in reporting year ¢ from
CRSP/Compustat.

Date of the regulation event 7. We either use a fixed terminal date T = 2020, or a
rolling terminal date T, = t + h with h the average target horizon reported by firm p in the
dataset

1 2016 Ny kit

1
2016 € 2011 NP ; ki

t=2011 =

h = (Ty € ty) (50)

where k;; are the number of targets reported by firm ¢ in group p in reporting year t.

Beliefs about regulation )\;. For each reporting year ¢ = 2011,...2016, we assume that

the beliefs about the levy are a linear transformation of reported beliefs

A = N(1+ (A € AP))

: . (51)
AP = NP1+ (AP € A™P))

where o = 5 is an amplification parameter to account for the fact that observed beliefs range

between 0 and 5 whereas the levy is continuous. The distribution of reported beliefs is approx-

3Recall that in the model specification we normalize operating costs to zero.

27



imated by A? &~ N (A7, XF) and Ay? ~ N (AP, 2}7), with mean

1 NP 1 N; NP
AP = — A, NP = ——— Ay, 52
CONT bt T N, e NP ) ot (52)
and standard deviation
M M
Y= (AL e (AD)?), R =\ v A2, € (A7P)?). 53
¢ Nfizl( € (N)?), X N, € N7 i:l(z,te(t)) (53)

The standard deviation inputed in the model is approximated by its linear interpolation to
reduce measurement error (see Figure .

Moments Matching We estimate the model parameters so that to minimize squared dis-
tances with a set of observed moments. For the two-firm models, denoting b = AP, \™P AP ~"P
the vector of parameters to estimate, and 6= Bi”, B”p, WP W™ NP NP, qu7 ggnp, h the vector of

parameters in input, the estimation exercise can be summarized asﬁ
b=arg mbin g(b;©) Wy(b; ©) (54)

where W is the identity matrix, g(b; ©) = = N (n(b;0) € §), with y,(b;0) and ¢, the 18-
dimensional model-implied and observed vector of moments respectively (e.g., 6 years of plans,
actions of the leader, and actions of the follower respectively), and N the number of unique firms
in the dataset. The standard errors reported in Table 2 are computed using the bootstrapping
method. That is, we repeatedly take s = 1,...S samples (of the same size as the original
sample), with replacement, from our original sample. For each sample s, we then estimate by O
as to solve (54). The standard errors of b are then computed as se(b) = \/ﬁ 5 (b€ b)2
with b the mean of the estimates across the sample S. Table 2 reports the estimate b as well as
the t-statistic b/se(b).

E Literature Review

Our work contributes to the fast-growing literature in climate economics and finance. An im-
portant strand of this literature focuses on the effects of externalities on the firms’ response
to climate regulation. For example, Fowlie| (2009), Martin et al. (2014)), and more recently
Bartram et al.| (2019)) show theoretically and empirically how imperfect competition, informa-

tion asymmetry, and financial constraints interact with a unilateral carbon pricing policy to

4In the case of the two-firm model, the estimated b refers to the mean of the estimates across 100 draws of
the initial guess by from a uniform distribution with domain on a realistic range of the model parameters. In
the case of the single-firm model, no initial guesses are needed.
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alter firms’ response to policy changes. Externalities studied in these papers generally result
in policy outcomes that are worse than those in the baseline frictionless, competitive scenario.
In contrast with these studies, the reputational externality that we study makes regulatory
policy more effective by enhancing firms’ reaction to regulatory news[’| In this sense, our work
relates to a recent study in Biais and Landier| (2022)), which shows that the presence of envi-
ronmental investors is necessary to enact future environmental regulation in a context where
technology changes take time to build. Our finding that firms decrease emissions abatement
when the uncertainty about future regulation is higher relates to work in [Pindyck (2007) and
Pindyck| (2013). In a similar spirit as in Barnett et al. (2020), we quantify the negative impact
of climate-related uncertainty through our implied estimates of the social cost of carbon.

There is extensive empirical work on the relationship between firm characteristics and en-
gagement in sustainability practices which aligns with our findings in this paper. Among others,
Artiach et al.[(2010), Martin et al.|(2012), and |Luo et al.| (2012)) document a positive association
between climate engagement and firm productivity, while |Ovtchinnikov et al. (2019), [Zhang
et al|(2019), and Heitz et al. (2019) point out that political connections and proximity to poli-
cymakers also help to explain corporate engagement in environmental activities. Drawing from
information collected from the CDP dataset, Matsumura et al.| (2014)) show that higher ESG
disclosure scores are associated with higher firm value. Interestingly, our finding that firms’
climate engagement matter for emissions reduction has also a parallel in the macro-evidence pre-
sented by Tenreyro and De Silval (2021)), who find that climate pledges predict future emissions
reduction at the national level.

Looking at CDP disclosures, we find that firms are highly responsive to signals of future
regulation; in line with our findings, previous literature including Engau and Hoffmann| (2009)
and [Bui and De Villiers| (2017) shows that firms update their climate management strategies
in response to changes in environmental policy risk. In related work, Zingales and Shapira
(2017) and |Barrage et al. (2020)) outline that large public firms act strategically and internalize
the costs of pollution even in the absence of specific regulations. Relatedly, Shive and Forster
(2019) investigates the impact of corporate governance externalities on firms’ environmental
behavior, finding that publicly listed firms tend to pollute more. The paper attributes this
finding to listed firms facing increased pressure from short-term investors.

The reputational externality in our model relies implicitly on the assumption that there is a
market interest for carbon emissions reduction and related ESG ratings. A similar theoretical
assumption is the starting point of papers such as Pastor et al. (2021) and Hong et al.| (2021)

which study the equilibrium implications of investors’ environmental preferences on firm value

5Moreover, some firms can benefit in our setting, meaning that in addition to a risk requiring firm hedging,
regulatory events are also a potential opportunity for some firms. Prior literature has also investigated the
profitability of climate regulation in the context of market-based environmental policies (see, for example,
Bushnell et al.| (2013])).
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and global welfare, and [Barbalau and Zeni| (2022), which studies the impact of such preferences
on firms’ financing choices.

Empirically, a large strand of the literature has attempted to document and quantify market
preferences for environmental assets. Hartzmark and Sussman (2019) studies announcements of
mutual funds’ sustainability ratings, and argues that investors reacted by reallocating capital
to funds in a manner that reveals their preferences for sustainability. |[Engle et al. (2019)
show that hedging strategies against negative climate-change news that rely on the use of ESG
ratings data outperform alternative approaches, while |[Bolton and Kacperczyk| (2019) show that
firms with higher total COse emissions earn higher returns. Recent work such as Dyck et al.
(2018)), Hoepner et al.| (2018)), and Krueger et al.| (2020)) shows that institutional investors are
highly concerned with firms’ exposure to climate risks, and engage actively with them in the
management of ESG practices, while [Hong and Kacperczyk| (2009) show that “sinning” firms
are shunned by such investors. [Flammer| (2021]) shows that investors respond positively to the
issuance announcements of corporate green bonds, while Kacperczyk and Peydrd (2021)) and

Attig et al.| (2021)) show that ESG disclosures and carbon emissions affect bank lending choices.
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