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Abstract

A wide range of empirical techniques cannot accurately estimate a policy event’s
causal effects, because agents adjust decisions in advance based on beliefs about future
policy outcomes. We show how researchers can measure anticipation bias and refine
estimates, by integrating reduced-form and structural estimation. Our novel procedure
compares model-predicted outcomes to reduced-form estimates, and only requires a
single policy change to implement. We illustrate the importance of this approach
by applying it to the Paris Agreement, which is frequently used to understand how
agents respond to an increase in climate regulatory risk. We find that before Paris,
agents assigned a 77% likelihood to an agreement with some form of emissions penalties
being reached. Our estimates imply that anticipation led high-emissions firms to reduce
investment and increase cash holdings in the year before the agreement, relative to low-
emissions firms. Thus, reduced-form studies of the Paris Agreement may understate
its causal effects by up to 50%.
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1 Introduction

The credibility revolution in economics and finance has produced many well-identified em-
pirical estimates of agents’ responses to policy events. Yet agents’ choices prior to any event
depend on their beliefs about possible future policy changes. As such, an estimated response
can differ in magnitude and possibly also sign from a policy’s causal effect, except in the
rare case that the event is completely unexpected (Hennessy and Strebulaev, 2020). Most
empirical studies do not correct for such anticipation bias, because agents’ beliefs about
policy changes usually cannot be measured. Even when such information exists, it usually
comes from a different population than the agents who are treated by a specific policy event.

Consider a reduced-form study that examines the impact of electric vehicle (EV) tax
credits, by measuring how carmakers’ investments change around the announcement of new
credits. This approach underestimates the program’s causal effect when carmakers antici-
pated its adoption, and began to invest into EV production before the announcement. Even
the estimated sign of the tax effect could be wrong, if carmakers expected larger tax credits
than were actually adopted, and subsequently shelved investment after the announcement.

Anticipation effects can also impede the estimation of a structural model of tax credits
and EV investment. Uncertainty about the size of future tax credits could depress investment
before the program’s announcement. If the model omits firms’ expectations about tax cred-
its, its estimation may produce higher investment adjustment costs for the pre-announcement
period than the true parameter values, in order to match the investment levels observed in
the data. In either case, it is challenging for researchers to gauge carmakers’ expectations
from past policy events, in part because most EV tax credit programs have been adopted
very recently.

Hennessy and Strebulaev (2020) offer an important first step towards resolving this chal-
lenge. They derive analytical expressions for anticipation bias, and also establish conditions
under which an estimate has the same sign as the causal effect. Hennessy and Livdan (2021)
extend this analysis to a setting in which agents update their beliefs. Both papers use their
formulas to re-examine the impact of corporate taxes on investment. A crucial step is to

calibrate firms’ beliefs about possible future tax regimes, for which the studies use a long



historical time-series of U.S. tax rates. However, this approach cannot be applied to policy
events that are historically unprecedented, yet also anticipated in advance. This leaves a
significant unaddressed obstacle for much of the current research frontier, which focuses on
understanding the impact of such events.

Take the nascent literature examining how investors or firms respond to changes in
climate- or nature-related regulations (e.g. Bolton and Kacperczyk, 2021; Garel et al., 2024).
Policymakers have contemplated various forms of these regulations, and the possible out-
comes have often been reported by financial media. Thus, agents have sufficient information
to form beliefs about the range of outcomes before an official policy is announced. Yet these
beliefs cannot be calibrated from past policy events, due to the regulations’ novelty. This
challenge also affects the new literature exploring how artificial intelligence may reshape
finance (e.g. Eisfeldt et al., 2025; Babina et al., 2024; Eisfeldt and Schubert, 2024).

This paper provides new guidance on how to credibly estimate causal effects using un-
precedented but anticipated policy events, making two primary contributions. First, we
show how to account for anticipation bias in such settings, by integrating reduced-form and
structural estimation. Our approach uses data on financial outcomes around a policy event,
to estimate a distribution of probabilities that agents assigned to possible policy outcomes
before the event occurred. It then estimates causal effects accounting for these beliefs.

Second, we apply our new methodology to the Paris Agreement, and study its causal
effects on various corporate policies. Negotiated during the COP 21 meeting in 2015, the
agreement constitutes the most significant climate policy event to date. Dozens of papers
have exploited the event to estimate how changes in environmental regulatory risk affect
financial outcomes.! We show that firms widely expected some form of climate targets to
be agreed upon at COP 21, and as a result standard reduced-form models significantly
underestimate the Paris Agreement’s causal effects on various firm outcomes.

The general process to implement our integration procedure is as follows. A researcher

writes a dynamic model in which the initial policy state can change over time. This can be

IExisting work studies changes in the carbon risk premium in equity (e.g., Bolton and Kacperczyk, 2021,
2023) and debt markets (e.g., Degryse et al., 2023; Albuquerque et al., 2025; Seltzer et al., 2025), banks’
investments in high-emissions firms (e.g., Alessi et al., 2024), corporate green revenues (e.g., Klausmann
et al., 2024), leverage of firms with high climate risk exposures (e.g., Ginglinger and Moreau, 2023), and
total factor productivity (e.g., Pang et al., 2023).



a simple extension of an established model, in which some parameter values change with the
policy state. At each point in time agents assign probabilities to each possible transition to
another policy state (or no state change), modeled using a Markov chain.

Next, the researcher estimates the model using the Simulated Method of Moments
(SMM). She conducts numerous simulations, and in each one she solves the model across
all time periods. This yields a simulated panel dataset, containing optimal outcomes from
both time periods before and after the policy state change. The researcher then estimates a
reduced-form model using the simulated dataset, and separately using real data around an
observed policy event. We focus on a differences-in-differences (DiD) regression, but event
studies or other models can also be used.

The researcher repeats this simulation process for many combinations of transition prob-
abilities and other unknown model parameters, until the simulated DiD coefficients (and
other moments) match the empirical data as closely as possible. The final estimates of the
unknown parameters are those that produce the best match between the model and agents’
observed choices around a policy event. The researcher then quantifies the event’s causal
effects by re-solving the model in the counterfactual absence of anticipation, with transition
probabilities set to 0 and other parameter values set to the final estimates. This is analogous
to reduced-form analysis of a natural experiment in which the policy change is exogenous
and fully unexpected.

The key novelty is the use of well-identified DiD coefficients as moments to match in SMM.
These coefficients provide highly useful information for identifying the transition probabili-
ties and state-contingent parameters. This integration process produces parameter estimates
that match the most credible reduced-form evidence available. Understanding the degree of
anticipation can be interesting in its own right—for example, it can help policymakers to
gauge the magnitude of firms’ responses to new regulation. Moreover, counterfactual analysis
requires model parameter values that are estimated in the presence of anticipation.

We now describe the application of this approach to the Paris Agreement. We develop
a simple extension of the standard neoclassical model of corporate investment. We start
by modeling a representative firm and introduce two features. First, the firm’s profits de-

crease linearly in a cost parameter representing a carbon tax, which takes a different value



in each policy state and is proportional to the firm’s capital stock.? Second, the firm assigns
a probability to each possible transition from the initial policy state to another policy state
over the next time increment.®> The firm continuously chooses optimal investment, given its
distribution of beliefs about the future policy state as well as the parameter values in each
state. The initial policy state can represent the period before the Paris Agreement when
few emissions penalties were in place, but firms anticipated various outcomes of COP 21
and the carbon tax rate that the government would have to adopt given each outcome. A
policy state change can represent agreement at COP 21 on a climate goal, which is then
implemented via a specific carbon tax.

The baseline model does not capture the full breadth of the Paris Agreement’s effects, but
it produces closed-form expressions that build intuition about the model’s key mechanisms.
Optimal investment decreases in the level of the carbon tax, and both investment and firm
value are lower than in a model without this parameter—even in the initial state with no
carbon tax. The baseline model also shows that the firm faces a transition risk premium,
due to the possibility of a value decline when a policy state change leads to a carbon tax.
Further, the standard risk premium for cashflow volatility increases with the carbon tax rate.

Environmental policy changes can impact not only a firm’s profitability, but also its cost
of capital. A key debate in the literature is which of these channels matters more for the
sensitivity of firm value to a carbon tax. Thus, we extend the baseline model to include
both high- and low-emissions firms, and to incorporate state-contingent financing costs fol-
lowing Bolton et al. (2013) (henceforth “BCW?”). Only the high-emissions firm needs to pay
a carbon tax following certain policy state changes. As in BCW, fixed and variable costs
of financing depend on the policy state and vary for both firms, which in turn choose both
investment and cash holdings in anticipation of these changes. Each firm’s cost of capital

adjusts to the resulting competitive advantage for low-emissions firms.# This setup can rep-

2A wide range of countries have recently introduced some form of carbon emissions penalty to meet
their obligations under the Paris Agreement. Nevertheless, less than 25% of global emissions are currently
covered by a carbon tax or cap-and-trade scheme (Pedersen, 2024). Our assumption that the carbon tax
increases with the capital stock reflects that emissions typically rise with firm size.

3A transition can occur at most once, but the model can easily accommodate multiple state changes.
For example, firms can initially hold beliefs about the future adoption of a climate target, and after an
agreement’s announcement they can form new beliefs about the scale-up or reversal of the policy. Thus,
our framework can account for various policy dynamics discussed by Hennessy and Strebulaev (2020).

4The importance of financial constraints for understanding the effects of carbon pricing is documented,

4



resent a government that implements the Paris Agreement by levying a carbon tax on brown
firms, and a banking sector that responds by increasing loan markups for these firms.

Because external financing is costly in this full model, both firms may benefit from cutting
investment in the current period to increase precautionary savings. Thus, optimal investment
now depends on both real and financial frictions, and firm valuations depend on cash holdings
in addition to the capital stock. Overall, the model contributes to existing theories of
carbon emissions regulation (e.g., Bustamante and Zucchi, 2024; Albuquerque et al., 2025),
by accounting for the impact of anticipation on firm investment and financing decisions.

We proceed to estimate the full model using SMM. During simulation, the model’s initial
Pre state (with no carbon taxes) can switch to either a Mild or Strict state, in which high-
emissions firms face a moderate or high carbon tax rate, respectively. Tax rates are calibrated
using Social Cost of Carbon (SCC) estimates from Nordhaus (2019), with the Strict state
corresponding to a goal to limit temperature increases to 2°C. Since our model allows for
only one state change, carbon taxes cannot be subsequently increased or watered down.

During the integration step, we estimate DiD regressions following Bolton and Kacper-
czyk (2021) (henceforth BK) and using both model-simulated and empirical data. BK exam-
ines how stock returns change for high- versus low-emissions firms, in the year before versus
after the Paris Agreement. We also examine investment and cash holdings as additional
outcome variables. Our simulated DiD coefficients closely match those obtained using real
data, resulting in highly precise estimates of the two transition probabilities (from the Pre
to Mild and Pre to Strict policy states). Our process also produces a reasonable match
for 14 additional moments, allowing us to estimate other unknown parameters such as the
financing costs in each state.

Our results indicate that prior to the Paris Agreement, there was significant anticipa-
tion that a carbon tax would be adopted, and that it would most likely be moderate in
size. We estimate that firms assigned a 51% probability to the Mild state arising, and a
26% probability to the Strict state (implying only a 23% likelihood that no carbon tax

would be adopted). Thus, a relatively high level of anticipation is necessary to reconcile our

for example, in Déttling and Rola-Janicka (2025).



model with firms’ observed responses to the Paris Agreement.® Interestingly, despite this
anticipation, investment rates of high-emissions firms declined significantly after the Paris
Agreement relative to those of low-emissions firms. This indicates that the agreement is
consistent with the Strict state, since less ambitious climate targets would have been viewed
as better-than-anticipated news by high-emissions firms (and worse-than-anticipated news
for low-emissions firms), and their relative investment rates would have increased.

Our counterfactual exercise solves the model for a completely unexpected switch from
the Pre to Strict state, and compares the resulting DiD regression results to those obtained
from model estimation. The decrease in high-emissions firms’ investment would be 35%
larger following an unanticipated increase in carbon taxes, while the rise in cash holdings
would be 50% smaller (both relative to low-emissions firms). This indicates that anticipa-
tion of a regulatory change led brown firms to already reduce investment, and engage in
precautionary savings, prior to the Paris Agreement. Without accounting for such changes,
standard DiD models likely underestimate the agreement’s causal effects on these outcomes.

We contribute to a nascent literature showing how empirical research can benefit from the
integration of reduced-form and structural estimation (Whited, 2023). This process can help
researchers to understand the determinants of an estimated reduced-form elasticity (Briggs
et al., 2021) or to rule out a violation of the compound exclusion restriction when re-using
a natural experiment (Cronqvist et al., 2024). Our paper shows how integration can also
help researchers to account for anticipation bias in many settings. Some work attempts to
estimate transition probabilities by combining stock and option prices (e.g., Subramanian,
2004; Borochin and Golec, 2016). This approach requires data on multiple near-the-money
option contracts, and relies only on market prices from a few days around a policy event.
Because our approach does not face these limitations, it can potentially estimate more un-
known parameters and be applied to a wider range of empirical settings. More broadly, we
contribute to a growing literature on improving the credibility of reduced-form estimates in
finance (Baker et al., 2022; Heath et al., 2023).

Our carbon tax application contributes to the climate finance literature, in particular

5Consistent with such a high level of anticipation, U.S. Secretary of State John Kerry stated just six
weeks before the Paris meeting that diplomats expected “the most significant international agreement on
the issue ever reached” (Worland, 2015).



studies that examine how financial outcomes change around environmental regulations. Our
findings caution that some results may need to be reinterpreted when anticipation is not
properly accounted for, if the goal is to understand whether and how climate regulatory
risks affect firms and financial markets (and to quantify such effects). Existing work pro-
poses a “green paradox” that high-emissions firms may increase investment in anticipation
of climate regulations (e.g., Albuquerque et al., 2025), and we complement it by showing

how to incorporate anticipation into both theoretical modeling and empirical estimation.

2 Model

2.1 Overview of modeling approach

We present a framework that adds a carbon emissions penalty to a standard neoclassical
model of investment. Time is continuous and denoted by ¢ > 0, with each time increment
denoted by dt. At t = 0 no emissions penalties are in place. Future penalty levels are uncer-
tain and vary by regulatory policy state, and market participants possess expectations about
the likelihood of a transition to another regulatory policy state. The model’s purpose is to
study how carbon penalties affect firm investment in the presence of such anticipation effects.

We first develop a benchmark case with a single representative firm that faces no financ-
ing frictions. This setup yields analytical expressions for the firm’s first-best investment
policy and its elasticity to carbon taxes. We then present the full model that includes two
firms with different emissions levels, and also contains external financing costs that vary with
the firm’s type and the policy state. This full model provides economic structure for a DiD
comparison of high- and low-emission firms around significant climate policy changes, such

as the Paris Agreement.

2.2 Benchmark: Neoclassical model with uncertain carbon taxes
2.2.1 Benchmark model setup

Carbon emissions penalty. The emissions penalty is 75K, where 7¢ is a tax on carbon

emissions, K; the firm’s capital stock at time ¢, and s the climate regulatory policy state.



The penalty represents that carbon taxes can change over time and increase with the cap-
ital intensity of business activities. The regulatory policy state is captured by a climate
state variable s;, which follows a time-homogeneous Markov chain. There are N possible
regulatory states. The economy begins in State 1 with no carbon taxes (7f = 0). This can
represent an initial state before any major climate regulations are adopted, and is analogous
to the Pre period of a DiD model analyzing the Paris Agreement. In the other N — 1 states
carbon taxes are positive, with 0 = 77 < 75 < --- < 7§

Given an economy in regulatory policy state s at time ¢, firms and investors assign proba-
bilities of an instantaneous transition to each of the other states s~, denoted by (; .- € [0, 1).
Because (; ;- represents the likelihood of an instantaneous change, its inverse equals the dura-
tion of the current policy state s. Policy state changes are intended to be infrequent, but can
lead to potentially large changes in carbon taxes. As we show below, firms take the likelihood

of transitioning out of the current state into account when making investment decisions.®

Dynamics of capital and profits. At each time ¢ the firm invests into new capital, earns
profits, and pays out dividends. The dynamics of the firm’s capital stock are standard and

given by:
th - (It - 5Kt) dt, (1)

where ¢ denotes the rate of capital depreciation and I; total investment.
The firm’s incremental operating profit dY; also has a standard form, except that it

decreases with the level of carbon taxes:
d}/;g = dAth — [tdt — F(It, Kt)dt — T;tht7 (2)

where dA; is a stochastic shock to firm productivity that we define below, and I'(1;, K;)

6Hennessy and Strebulaev (2020) derive a linear system for the marginal values of adjusting a firm out-
come variable in each of the N possible policy states (e.g., the marginal value of increasing investment under
each possible tax regime). The system depends on an N x N “augmented transition matrix”, in which each
cell contains 1) the probability that a shock will occur, if the current policy state is 4; and ii) the conditional
probability that the policy state will change from i to j, given the shock. The causal effect depends on only the
change in benefits as policy changes from one state to another. However, the observed change in outcome vari-
able depends on both the agents’ precedent beliefs that the shock would occur, and their subsequent beliefs
about further policy shocks. This approach cannot be used when the transition intensity matrix cannot be
estimated outside the model (which is the case for unprecedented events, for which there is no historical data).



is a standard investment adjustment cost function. This function is homogeneous of de-
gree one in capital and investment (as in Hayashi, 1982), and thus can be expressed as
Iy

I'(1y, Ki) = g(it) K, where 4, = & is the investment to capital ratio. The function g(i;) is

increasing and convex in 7;, and it has a quadratic form:
: 0 2
g(it) = 5(% —v)7, (3)
where ¢ > 0 measures the degree of the adjustment cost and v is a centering parameter
for adjustment costs. The formulation in Eq. (3) is often used in the literature to repre-
sent a firm that incurs adjustment costs only when increasing its capital stock, rather than
replacing depreciated assets.

In the benchmark model, all operating profits net of investment costs and carbon taxes
are paid out as dividends, with dD, denoting the incremental payout to shareholders. The
firm also chooses to optimally liquidate at any time 7, in which case its assets recover value
L, = wK, with w € [0, 1]. This value is constant across regulatory policy states, because the
model’s focus is on studying how firm outcomes vary with carbon emission penalties (and

external financing costs in Section 2.3).”

Firm value. The firm’s value equals the expectation of all discounted proceeds to share-

holders until liquidation:

VUQ):E@{A elorudugp, 4 eld rudugy i | (4)

where the expectation is taken under the risk-neutral measure @, and eJo Tudu represents the
cumulative discount factor for firm payouts.
We assume that investors are risk averse and that there is a constant market price of risk

1. The risk-adjusted productivity shock under the risk-neutral measure Q is:
dA, = adt + odW,, (5)

where W, is a standard Brownian motion under the risk neutral measure Q and i1 is the

"This assumption is straightforward to relax, to allow for the possibility that assets which produce high
emissions have lower liquidation values in a regulatory policy state with emissions penalties.



risk-adjusted mean productivity shock. The following risk-adjustment applies:

fi = pi— pon, (6)

where p is the correlation between firm and aggregate cashflows, and n the market price of

risk.

2.2.2 Benchmark model problem

The firm chooses its investment policy to maximize firm value from Eq. (4), with net oper-
ating profits continuously paid out as dividends dD,. If at time ¢ = 7 the firm experiences a
sufficiently negatively productivity shock such that V(K ) falls below the liquidation value
L., then the firm optimally chooses to liquidate.

Using the principles of dynamic programming, the firm’s problem can be re-expressed as

the following system of Hamilton-Jacobi-Bellman (HJB) equations:

612

rV(K,s) = max {[LK —isK — 75 — 71K + Vi (K, s)(is — 6) K + 2 G- [V(K,s7) = V(K,s)] }
* o

where the time subscript ¢ is omitted for notational convenience.

The left-hand side (LHS) of Eq. (7) represents the firm’s required rate of return, which
under the risk-neutral measure Q is equal to the risk-free rate . The right-hand side (RHS)
shows that firm value is increasing in incremental profits, which depend on the cashflow
growth rate 1K, net investment (i — %ZQ)K, and the carbon tax 7¢K. The term Vi (K, s)(i—
0)K captures the effect on firm value of changes in the capital stock due to investment and
depreciation. The final term in Eq. (7) captures the effect of anticipation of a possible change

in the climate regulatory state. The effect depends on the likelihood of a transition to another

state and the sensitivity of firm value to such a transition, captured by V(K,s™) — V(K s).
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2.2.3 Benchmark model solution

The first-order condition on the above HJB yields:
qs = 1+ Ois, (8)

where ¢ = Vi (K, s) is the firm’s marginal benefit from creating an additional unit of capital
in state s. The RHS of Eq. (8) is the marginal cost of creating one unit of capital, which
equals the replacement cost (normalized to 1) plus the firm’s investment ratio ¢, scaled by its
adjustment cost parameter 6. This expression shows that in each state s, the firm optimally
sets i, so that the marginal benefit of capital equals its marginal cost.

The first-best investment policy is given by:

/L.fB: T+5+ ZCSVS_
SF#ST

2

. e N-1 B
_ r+6+ Z <S757 . 2{/~L - [Ts +r+d+ 9251 Cs,s—(l Qs—)]} (9)

S#S™

where ¢,~ denotes marginal ¢ in each other state s~. Average ¢ and marginal ¢ are equal
due to the homogeneity property of adjustment costs, so ¢,— also represents the scaled firm
value function V(K,s™)/K.

Eq. (9) implies that gross investment i'7 is positive only if i > T§+7’—|—5+25#_ Cs.s-(1—
¢s-). When there is no uncertainty regarding the climate regulatory state (¢5 - = 0V's), the
return on investment needs to exceed the neoclassical benchmark of (r + d) by the amount
of the carbon tax 7¢. The effect of uncertainty on investment depends on the likelihood of
each regulatory state and on the marginal ¢,- values in each state. When the transition-
intensity weighted average of the ¢,~ values is less than 1, then the term Zi\;_ll Css— (1 —qs-)
is positive, and the threshold for a positive investment policy increases further.

The elasticity of investment with respect to the carbon tax can be derived from Eq. (9) as:

FB
01 _ 1 (10)

87—5 2 ~ N-1
2 - 76+T+5+ — 8.8~ ]-_ i
9\/<r+5+§)s¢s— Cs,s—) U 925—1 (=gl
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This expression represents the causal effect of an tax policy on investment in the presence of
anticipation, and it is always negative since # > 0. This means that an increase in the emis-
sions tax level leads to a reduction in the first-best investment policy. Optimal investment
and marginal (and average) ¢ are therefore lower compared to the neoclassical benchmark
(where 7¢ = 0Vs and there is no uncertainty regarding the climate regulation state).

Interestingly, our results differ from Albuquerque et al. (2025), who find that high-
emissions firms may optimally increase investment prior to adoption of a carbon tax. One
reason is that the carbon tax in our model is proportional to total capital, so pre-tax invest-
ment reduces long-term profitability, while the emissions penalty in their model is a constant.
Another is that a policy state change can occur at any time in our model, compared to just
a single interim period in their setup.

The anticipation of a regulatory state change also impacts the firm’s risk premium

wr(s) —r, expressed as:

=

o xe= (€ = Do (a(57) — a(s)
pr(s) =1 = ) 1 0 : (11)

where pgr(s) denotes the firm’s required rate of return in state s, and x4 captures the risk-

3

S

adjustment for the transition intensity out of state s, such that gts,s_ = e"(, s denotes the
transition intensity under the risk-neutral measure.

Eq. (11) shows that the firm’s total risk premium consists of two components. The first
term on the RHS is a productivity risk premium, which is increasing in the correlation be-
tween firm and aggregate cashflows p, the volatility of firm cashflows o, and the market price
of productivity risk n. It is also inversely related to marginal ¢, implying that return premia
are lower for high-investment firms (consistent with Hou et al., 2015; Fama and French,
2015). Moreover because ¢ and carbon taxes are inversely related, a higher carbon tax level
also leads to a higher productivity risk premium.

The second term on the RHS of Eq. (11) is a premium for uncertainty about the future
climate regulatory state, often referred to as a “transition risk premium” in the climate fi-
nance literature. To understand the intuition for this premium, first consider a case in which

firm value is higher in state s than other states s7, i.e., climate regulation has a negative ef-

12



fect on firm value. Then x5 > 0 and the second term is positive overall (since e® —1 > 0 and
q(s7)—q(s) < 0). This implies that anticipation of potential climate regulation in the future
increases the transition risk premium in the current state.® The opposite is true when firm
value is lower in state s than other states, i.e., climate regulation boosts firm value. The term
is negative overall, implying that anticipation of a potential switch to better states decreases
the transition risk premium. Uncertainty about the climate regulation state therefore leads

to greater return volatility, consistent with Péstor and Veronesi (2013).

2.3 Full model with financing frictions
2.3.1 Full model setup

We now extend the benchmark model to two firms and allow for external financing. Firms
make investment and financing decisions jointly (similar to Bolton et al., 2011), and we in-
troduce uncertainty about financing costs in a similar spirit to Bolton et al. (2013) to explore
how climate regulations affect financing conditions. This full model better captures reality,
and thus its estimation can provide more precise parameter estimates. This is important for
quantifying the causal effect of a climate regulation, as well as market participants’ prior
expectations that the change would occur.

Firm types. There are two types of firms, green (G) and brown (B), that differ based
on the emissions intensity of their capital. The emissions penalty is now expressed as 7§ (K,
where 75  is the carbon tax for firm f € {G, B}. We normalize 7¢ ; to 0 in all policy states,
while 75 may be positive in some states. This differentiation between green and brown firms
loosely follows Pedersen (2024), whereby green capital does not produce any emissions.

Financing costs. Firms can raise costly external equity financing at any time ¢. Fol-
lowing Bolton et al. (2013), we assume a linear cost structure for equity issuance. In each
state s, there is a fixed financing cost of ¢, and a marginal cost of v;,. State-contingent
financing costs represent the possibility that in a regulatory state with high emissions penal-

ties, brown firms face more difficulty raising equity financing (e.g., due to higher information

8Tt also implies that the risk-neutral transition intensity és’sf is greater than the intensity under the
physical measure. This intuitively captures the idea that a risk-averse investor perceives states which are
good for firm value as being of shorter duration than a risk-neutral investor would.
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asymmetry about their future prospects) while green firms may be able to raise equity at
lower cost (e.g., due to higher demand from sustainability-focused investment funds). We
denote the cumulative external financing process by F, with dE; denoting financing raised
in each time increment.

Cash savings. In some time increments the firm’s desired investment spending may
exceed its current operating profits, especially given that those profits can be negative. The
firm can make up the gap by raising external financing. Yet since this is costly, the firm may
instead prefer to use internal cash savings. Thus, in the full model the firm has a precaution-

ary motive to maintain a cash inventory M;. Cash accumulation has the following dynamics:
dM; = dY; + (r — \)Mydt — dD, + dE;, (12)

where A is the carry cost of cash. The firm’s return on its cash balances (r — \) is lower than

the risk-free rate, which can reflect agency costs of hoarding cash.

2.3.2 Full model problem

Unlike in Section 2.2, the firm does not pay out all excess profits as dividends. Instead, in
each time increment the firm’s operating profits dY; and external financing raised dFE; equal
the sum of its investment spending, dividend payouts dD;, and cash savings dM;. The firm
chooses an investment I, payout D, and external financing E policy, along with liquidation
time 7, to maximize its value:

E? { /0 ' e "(dDy — dE, — ¢y s Kilap, >0 — V1,sdEy) + ¢ T (wK, + M,) (13)
where the first term represents the value of discounted net payouts to shareholders, and the
second term represents the value of the firm upon liquidation.

Eq. (13) shows that in each state of the world, firm value depends on the cash stock M;
and capital stock K;. Let V(M, K,s) denote the value of the firm in state s. The firm’s
optimal policies in each state imply an upper payout boundary M, such that whenever M, >
M the firms pays out excess cash as a dividend to shareholders. Similarly, there is a lower

boundary M such that the firm liquidates as soon as M; < M .2 In the interior region M €

“When cash holdings become perilously low, the firm can either liquidate or raise significant external
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(M, M,), firm value satisfies the following HJB equation under the risk-neutral measure:
2

0
PV (M, K, s) = max { [ﬂK — i K — % — 78 K+ (r— )\)M] Vi (M, K, 5)

ls

1
+ §K02VMM(M, K,s) +Vg(M,K,s)(i, — 6)K

+ 2 o [VIM,K,57) = V(M,K,s)] } (14)

Similar to the HJB (7) of the benchmark model, the RHS of Eq. (14) details how each
of the state variables (M, K) and the regulatory state s affect firm value. The first term
represents the effect of a change in cash holdings M, which depends on the expected cashflow
growth rate 1K, total investment and associated adjustment costs i, K + 6i2/2, the carbon
tax 7¢ K, and the net interest earned on cash balances (r — A)M. A higher carbon tax
diminishes the marginal effect of cash accumulation on firm value. The second term on the
RHS represents the valuation effect of the volatility in cash holdings, while the third term
captures the effect of changes in the capital stock due to investment and depreciation.

The final term in Eq. (14) captures anticipation effects in the full model. As in Sec-
tion 2.2.2, this term depends on the transition intensity QA'S—,S from the current state s to
another state s—, as well as the expected change in firm value due to the state change,
V(M,K,s™)—V(M, K, s). However unlike in the benchmark model, this sensitivity of firm
value to the state change now depends on the firm’s cash holdings as well as its physical
capital. This can represent that firm value decreases by more following the introduction of
carbon taxes for firms that have lower precautionary cash savings, and thus are more exposed

to changes in financing costs.

2.3.3 Full model solution

To solve the model, we make use of the homogeneity property of the value function, whereby

firm value in each state s is homogeneous of degree one in both cash and capital:

V(M,K,s)= KV(%,S) =K F(m,s), (15)

financing. The threshold M, arises when liquidation provides greater firm value than continuation after
raising costly financing.
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where m = M/K is the cash-to-capital ratio and F(m,s) is the scaled value function.
This homogeneity property yields an analytically tractable framework that allows us to
study the impact of changes in pollution costs on firms’ investment decisions, taking into
account the anticipation of changes in climate regulation states. Note also that Vi =
F(m,s) —mF'(m,s), Vay = F'(m,s), and Vi = %F”(m, s).

Given these properties, the HJB can be re-written as:

elg e / ]' 2 N
= = Tis (= A)m F(m,s)—l—Ea F"(m, s)

rF(m,s)=|p—is — 5

+ (is — 8) [F(m, s) — mF'(m, s)] + i (s [F(m,s7) — F(m,s)]

Re-arranging this expression yields the following second-order coupled ordinary differen-

tial equation:

(r—is—9)F(m,s) = {ﬂ— 9725 —Tie+(r—A—is —5)m1 F'(m, s)
) N-1
# 5]+ 3 G [Pl ) - Flm o) (16)

We derive the firm’s first-best choices by solving Eq. (16) numerically, using the upper
and lower boundary conditions on cash m for each state s. The first-order condition for
investment is given by:

Eq. (17) shows that investment, which is a function of scaled cash m and the regu-
latory state s, depends on both real and financial frictions. As in the benchmark model,
investment is decreasing in adjustment costs . However now investment also decreases as
financing constraints become more binding. To see this, note that the scaled value function
F(m, s) is increasing and concave in m, while its first derivative F’(m, s) is decreasing and
convex. Therefore, when a firm is liquidity constrained (m is low), its scaled value will
be low and the marginal value of cash will be high. This implies a low value of the ratio

F(m,s)/F'(m,s), and therefore of optimal investment i*(m, s).

16



3 Integration procedure: Overview and benefits

Our approach of integrating DiD and structural estimation adds three features to a standard
SMM procedure.!? First, state changes occur during the model’s simulation, to mimic the
policy shocks that DiD models typically use for identification. Second, the researcher spec-
ifies firms’ belief structure about the state changes, and simulates their choices given these
beliefs. Third, DiD coefficient estimates are used as moments to help identify the unknown
model parameters. This section details these three features and discusses their benefits. It

also explains the advantages of our procedure over a calibration approach.

3.1 Specifying transition intensities and simulating state changes

Our general approach begins with an economic model in which some parameter values vary
with the policy state, and discrete state changes can occur one or more times. A state
change’s arrival is modeled with a Markov chain, which is a matrix of transition probabilities
of a change from each state s to another state s~ during a single time increment. For example,

when the economy can be in one of three possible states (s1, $2, s3), the transition matrix is:

Csrst Gonso Gonss
CSZ’SI <32’32 C32753
ng,sl CSB,SQ CS3,83

where the element in row ¢ and column j contains the transition intensity from state ¢ to
state j. Each row i contains the transition intensities to each possible state (including the
probability (s, s, of no immediate state change), so its values add up to 1.

Transition intensities are generally not observable, but can be estimated using SMM. Let
1) denote the set of all unknown model parameters to estimate, and 1& the set of values for
these parameters during the current SMM iteration. In each simulation, a state change can

arise in each time increment based on a stochastic process, which depends on the transition

10 Appendix TA.5 provides a general overview of SMM, intended for readers who are unfamiliar with the
procedure. Economic models can also be estimated using the Generalized Method of Moments, but we do
not use this approach as our model does not produce closed-form expressions for some moments.
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intensity values in zﬂ When a state change occurs, it applies to all firms at the same time.
The timing of a state change differs in each simulation, and it is possible for no state changes
to occur in some simulations.

A researcher can impose structure on the Markov chain to determine the number of tran-
sition intensities to be estimated. First, she can choose the number of possible states, which
pins down the size of the matrix. Second, she can pre-set some matrix elements by making as-
sumptions about transitions between certain states. For example, setting (s, s, = 1 (and thus

Css.51 = Css.5, = 0) implies that the economy remains in state s3 permanently once it arises.

3.2 Using DiD coefficients as moments

In our approach, the moments used in the SMM process include coefficient estimates from
DiD regressions run on both simulated and empirical data. Thus, the simulated economy
should correspond to the DiD model’s setup by including multiple firm types.!! Also, a state
change’s impact on the parameters in v should differ across firm types. For example, in our
application to the Paris Agreement, we simulate an economy that contains brown and green
firms, and a change from the Pre state leads to a carbon tax levied only on brown firms.
During each simulation, a researcher computes optimal outcomes for each firm type, in
all time periods during which the economy is in its initial state and also after each state
change. This yields a panel dataset of simulated model outcomes. Next, the researcher
estimates DiD regressions using this simulated data, and the interaction term coefficient
estimate is included in the vector of simulated moments (in some applications, other DiD
coefficients could also be used as moments). Separately, the researcher estimates the same
DiD regression using actual data, and includes the interaction coefficient estimate in the
vector of empirical moments. Given the current values in @ZA), SMM determines the next guess
for each parameter by solving an objective function that minimizes the distance between the

simulated and empirical moments (see Eq. (TA.3) in Appendix TA.5).!?

HDiD regressions can also sometimes be integrated with structural estimation of a model with a single rep-
resentative firm. When a policy state change does not affect control firms along any dimension, then changes
in a representative firm’s outcomes around the policy event can be matched to reduced-form DiD coefficients.

12Qur integration procedure can be applied to other reduced-form methodologies. For example, a
researcher can write a model in which a key outcome is the firm’s valuation. Simulation produces a dataset
of firm values for each time period, which can be used to calculate simulated stock returns. The researcher
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The moments obtained from DiD regressions are highly informative for identifying un-
known state-contingent parameters (including the transition intensities), because changes to
real firm outcomes after an actual policy shock are significantly influenced by these param-
eters. DiD moments can also be highly useful for identifying some parameters that do not
vary with the policy state. In our application, the sensitivity of investment rates to a carbon
tax likely depends on firms’ ex-ante beliefs that the Paris Agreement would be adopted, as
well as the size of their time-invariant investment adjustment costs.

One important consideration for our procedure is that model simulation can produce state
changes which have not occurred in real life. Consider a researcher who uses a three-state
Markov chain (as in Section 3.1), and initially guesses non-zero values for (;, s, and (s, s, in V.
In the first set of simulations, the economy’s state will change from s; to s, in some individual
simulations, but to s3 in others. This yields simulated data on firm outcomes in all three
states, while the actual data only contains outcomes for one state before and one state after
a policy shock. In other words, some simulations produce counterfactual states that real-life
market participants have anticipated but not experienced. This situation does not arise
when estimating models without anticipation, but that is because those processes overlook
the fact that market participants’ beliefs affect the outcomes observed in actual data.

Our procedure maps the observed post-shock state to one of the states in the simulation,
while designating other states as counterfactuals. For example, a researcher can determine
that the actual policy shock corresponds to a change from state s; to s3, and that s, was an-
ticipated but did not occur. During each set of simulations, the panel dataset is constructed
using only individual simulations with a state change from s; to s3. The DiD coefficient
estimates and other simulated moments are constructed using only these data, while data
from simulations in which the counterfactual state sy arises (or no state change occurs) are
discarded.'® Importantly, the data from retained simulations include firm outcomes that
depend on anticipation that the state could switch to s;. Thus, simulated moments can still

be used to identify the transition intensity (s, s,-

can then estimate the cumulative return around a state change using an event study framework, and match
this to the corresponding estimate from an event study run on actual data.

13Gection 4.3.1 discusses an empirical test to check whether the realized and counterfactual states are
correctly classified.
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3.3 Comparison with calibration

Hennessy and Strebulaev (2020) and Hennessy and Livdan (2021) provide important contri-
butions for accounting for the effects of anticipation using calibration rather than estimation.
Calibration can be informative for understanding the qualitative implications of a model,
while estimation is helpful for learning about unknown model parameters and for generat-
ing quantitative implications.!* In addition, estimation can yield statistics regarding the
uncertainty of parameter estimates. Further, it can match the actual data along multiple di-
mensions (at least as many as the number of unknown model parameters), while calibration
typically matches only a few, often ad hoc, moments.

The limitations of applying calibration to our model are evident in the elasticity of in-
vestment with respect to the carbon tax rate in Eq. (10), which depends on the values of
all model parameters including the unknown transition intensities. Counterfactual exercises
therefore heavily rely on these parameter values. Another limitation is that treated firms
in most DiD analyses are usually different from the average sample firm, but estimates of
economic model parameters are often available only for the latter. As such, existing litera-
ture provides little guidance for how to pre-set the values even of standard parameters for
green and brown firms. Finally, when the closed-form solutions from Hennessy and Strebu-
laev (2020) and Hennessy and Livdan (2021) are applied to a complex setting that does not
yield analytical expressions (such as the impact of external financing costs around the Paris

Agreement), then the causal effects inferred from shock responses may be inaccurate.

4 Economic model estimation

This section applies our procedure of integrating DiD and structural estimation to the full
economic model developed in Section 2.3. We first describe the sample and data used to
calculate empirical moments. Second, we discuss the estimation process for unknown model

parameters, and our choices of pre-set values for other parameters. Third, we explain our

14 A researcher conducts a calibration by pre-setting the values of all fundamental parameters in an eco-
nomic model. The researcher then studies how the firm’s optimal choices change as model parameters are
adjusted. While this process shares some similarities with counterfactual analysis in structural estimation,
it usually does not produce quantitative estimates of causal effects.
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choice of moments to identify these unknown parameters, and present results from DiD
regressions that examine changes to various firm outcomes around the Paris Agreement.
Fourth, we report the results of the model’s estimation, including the transition intensity
estimates. Fifth, we conduct a counterfactual analysis to quantify the Paris Agreement’s

causal effects on firm outcomes, after accounting for anticipation effects.

4.1 Sample

We obtain data on quarterly fundamentals from Compustat, monthly stock returns from
CRSP, and annual carbon emissions from S&P Trucost. Our sample contains 457 U.S. firms
in the intersection of these databases, and covers the last three months (quarter Q4) of 2014
through Q4 of 2016. We use this sample to construct empirical moments, including the DiD
estimates in Section 4.3. We omit Q4 of 2015, since it is not clear whether firm outcomes
were determined before or after the Paris Agreement’s announcement in the middle of the
quarter. Table 1 presents summary statistics for the variables used for empirical moments.
We sort sample firms into a treatment and control group, corresponding to brown and
green firms in the model. We first measure each firm’s emissions intensity as Scope 1 emis-
sions scaled by total revenue, both measured in 2014 to account for the typical lag in report-
ing of emissions data identified by Zhang (2025). Scope 1 emissions are the tons of carbon
dioxide equivalent that a firm produces directly through its operations. Emissions scaled by
revenues are more informative for comparing firms of different sizes than absolute emissions
(Zhang, 2025). Next, we classify a firm as treated if its emissions intensity is above the 66"
percentile in 2014. Further, we follow BK to construct the control group by matching each
treated firm to one firm with an emissions intensity below the 66 percentile, using the near-
est neighbor methodology without replacement.!> We also use an alternative classification

which is identical except that it uses the 75" percentile of emissions.

15We construct propensity scores by matching on all variables in Table 1 except Cash and Returns, which
are firm outcome variables in our analysis but are not used in the matching process of BK.
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4.2 Model Parameters

4.2.1 Parameters to be estimated

The transition intensities, state-contingent financing costs, and investment adjustment costs
from our model are difficult to measure outside the model, and there is little evidence in
existing literature on their values (especially for the brown and green firms in our setting).
Hence, we cannot reliably pre-set these parameters’ values. Instead, we include 12 unknown

parameters in our set 1 to estimate:

Y = { Cpre,mitas Crre,stricts Oay 0B,Va, @G pre, Oamilds PG Stricts VBs OB,Pres OB Mild, PB,Strict }

The Markov chain that governs transitions between the policy states is expressed as a 3x3

matrix, whose rows/columns correspond to the Pre, Mild, and Strict states, respectively:

CPre,Pre CPre,Mild CPre,Strict

0 1 0
0 0 1

Under this Markov chain the policy state can only change once. Specifically, a change
from the Pre state to either the Mild or Strict state is permanent: Caritg aita = CStrict,Strict =
1. We further do not contemplate the possibility that emissions penalties are later tightened
(Camitd,strict = 0), weakened (Cstrict, mita = 0), or eliminated altogether (Cazita, pre = Cstrict,Pre =
0). Thus, only Cpreariia and Cpre striet need to be estimated, as they can be used to directly
calculate the expectation of no state change Cpre, pre = 1—Cpre,aitda—Cpre,strict- Our procedure
can be easily extended to allow for additional transitions between the states.'¢

We estimate the full model using SMM to obtain a value of each parameter in ). We sim-
ulate an economy of 457 firms (matching the number in our sample), whose optimal choices
are computed at a daily frequency for 14 years. We choose an initial burn-in period of five
years, during which the economy remains in the Pre state (regulatory state changes can oc-

cur starting in year 6). We simulate this economy S = 100 times in each set of simulations.

I6For example, it is reasonable to assume that an agreement to impose moderate emissions penalties may
later be abandoned. This would require adding only one parameter ariid, pre to .
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To match the frequency of the empirical data, we cumulate the daily outcomes from each
simulation to a quarterly time period when constructing the simulated moment vector. In
the SMM objective function Eq. (IA.3) that updates the values in ¥, the weighting matrix
W is the inverse of the covariance matrix of the empirical moments, estimating using the
influence function approach (Erickson and Whited, 2000). Table 4 lists all of the moments
used to identify parameters in ).

Following Section 3.2, we map the Paris Agreement to the Strict state during estimation,
and designate the Mild state as a counterfactual that did not occur. The reason is that the
signatories agreed to a goal of limiting temperature increases to 2°C, which requires emis-
sions penalties in line with the higher end of the range of SCC estimates in Nordhaus (2019).
Moreover, few analysts or market participants indicated that they were anticipating a signifi-
cantly more ambitious set of climate goals than COP 21 produced. We discard simulations in
which the Mild state arises or no state change occurs. However, simulated model outcomes
in the Pre state still depend in part on (pye ariig @and the financing costs ¢ ariig and ¢ arias

since firms optimize in that period while taking account that the M1ld state may arise.

4.2.2 Pre-set parameters

We pre-set other model parameters by choosing values that are consistent with BCW and
most of the empirical literature. Specifically, we set the risk-free rate to ry = 5%, the carry
cost of cash to A\ = 1.5%, the capital depreciation rate to § = 15%, and the centering
parameter of the investment adjustment cost function to v = 15%. The market price of
productivity risk is set to n = 0.4, based on the average Sharpe ratio for U.S. equities from
1961 to 2017. Following BCW, the correlation between firm and aggregate cashflow shocks
equals p = 0.4. We set the liquidation value to w = 1.

We calibrate the carbon tax rates to 75y = 0.19% and 75 siriec = 2%, based on SCC
estimates in Nordhaus (2019). Specifically, we first compute the average Scope 1 emissions
of the treated firms in our sample per dollar of assets. To obtain 7z jriq We multiply this
amount by $75.5, which is the midpoint of the SCC’s range of $43-$108 per ton for less am-
bitious climate targets. Similarly, 75 st €quals average emissions multiplied by $218.5, the

midpoint of the SCC’s range of $158-$279 per ton for limiting temperature increases to 2°C.
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We set the ks parameters to kpq. = 10g(3), Kpia = —log(3) and Kgirier = —log(3). These
values are based on BCW, and they represent that investors are averse to the risk of a state
change that introduces more regulation and higher equity issuance costs for brown firms. The
average cashflow growth rate is set to p = 0.26 and cashflow volatility is set to o = 0.28,
based on estimates from Gryglewicz et al. (2022). To obtain these values, we match firms
across our and their samples (with a successful match for 348 out of 457 firms), and then

compute the average cashflow growth rate and cashflow volatility for the matched firms.

4.3 Identification of unknown model parameters
4.3.1 Transition intensities

We integrate our structural estimation with a DiD model that closely follows BK:
Yiit = Bo + b1 x Treated x Post + 35 X Treated + 5 x Post +~vX; + 1 + €4, (18)

We estimate Eq. (18) using simulated and actual data for three quarterly outcome vari-
ables Y;;: Stock returns, investment, and cash holdings. Treated equals 1 for brown (high-
emissions) firms and 0 for green (low-emissions) firms. Treated2 is defined similarly, but
brown firms in the empirical data are classified based on the 75" percentile of emissions in
2014. When the model is estimated with simulated data, Post equals 1 for the four quarters
after a state change to Strict in the simulation, and 0 for the four quarters preceding the
state change (during the initial Pre period). When it is estimated using actual data, Post
equals 1 for Q1 through Q4 of 2016, and 0 for Q4 of 2014 through Q3 of 2015. All regressions
also include lagged values of the investment and cash variables as controls in their respective
regressions, given their high degree of persistence.!”

Table 2 shows regression results estimated using actual data. The interaction-term co-
efficients are highly statistically significant in all specifications. In columns (1) and (2), the
positive coefficient indicates that after the Paris Agreement, stock returns of brown firms

rose relative to the returns of green firms. This is consistent with the evidence in BK. In

columns (3) and (4), the negative coefficient implies that brown firms significantly cut invest-

17Controls for the investment regression include lags of investment up to three quarters before. The cash
regression includes the one quarter lag of the cash ratio as a control.
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ment relative to green firms after the agreement. Finally, the coefficient on cash in columns
(5) and (6) is positive, consistent with tighter financing conditions and an increased need for
precautionary savings for brown relative to green firms after Paris.

BK interpret the relative increase in brown firms’ stocks after the Paris Agreement as
evidence that investors became more aware about these firms’ exposures to the risk of future
climate-associated regulation. In contrast, the market price of risk in Eq. (5) of our model
is not state-contingent. Instead, brown firms’ required returns increase after a change to
the Strict state because their expected future profitability decreases while financing costs
rise. The increase in returns also reflects the positive effect of a resolution of uncertainty
regarding the climate regulation state, to which brown firms are more sensitive.

To verify our assumption that a state change from Pre to Mild is a counterfactual out-
come, we re-estimate Eq. (18) using simulated data with Post set to 1 when the Mild state
arises, and compare the estimates to simulated regressions with Post equal to 1 for a change
to the Strict state. We do this separately with (pre priia and Cpre siric €ach calibrated to 0.3,
and with both values set to 0 (i.e., an absence of anticipation). The results in Table IA.2
show that brown firms increase investment after a change to the M1ld state that is partially
anticipated, but cut investment after a change to the Strict state regardless of anticipation.
Thus, the investment cut documented in Table 2 is more consistent with firms viewing the
Paris Agreement as a strict rather than mild outcome.

Separately, we verify that the DiD interaction term coefficients are indeed informative
of the unknown transition intensity parameters by conducting a set of comparative statics
exercises. These exercises take the final parameter values obtained from the structural esti-
mation in Section 4.4, re-solve the model repeatedly by changing only Cpre arita O Cpre, Stricts
and re-estimate Eq. (18) using the resulting simulated dataset.

Figure 1 presents the estimates for the interaction coefficient (;, with separate plots
for each outcome variable and transition intensity. Overall, the simulated DiD coefficient
varies monotonically with most values of the transition intensity parameters. Importantly
for identification, increases in (pre arilg and Cpre sirice have opposite effects on the coefficient
estimates, which is consistent with the intuition of how anticipation affects firm outcomes.

Specifically, when (pye arig is high, brown firms anticipate that the Pre state is substantially
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more likely to change to Mild than to Strict, and that the future carbon tax is likely to be
small. A realization of the Strict state comes as more of a surprise when (pye arizg is high than
when it is low, and brown firms respond by reducing investment by a larger amount relative
to green firms. The opposite is true when (pye siriee 15 high: Brown firms expect a future
carbon tax to be high, and already begin to adjust investment levels during the Pre state.
Upon a realization of the Strict state, the additional reduction in investment is smaller when
Cpre,strict 1s high than when it is low. For similar reasons, brown firms increase cash holdings
by a larger amount when the realization of the Strict state comes as more of a surprise (i.e.,

when Cpre aria is higher or Cpre striee is lower), and their valuations also rise more.

4.3.2 Investment adjustment costs

The primary moments used to identify 5 and g are the average investment levels for green
and brown firms over the whole sample period. This follows from Eq. (17), which shows
that an increase in investment adjustment costs leads to a decrease in optimal investment.
The interaction term coefficient from Eq. (18), using investment as the outcome variable,
also provides additional identifying information. For example, when 65 is high, brown firms’
investment levels should decrease less than those of green firms after a carbon tax is intro-
duced. Because a DiD model only examines relative changes in firm outcomes, the regression
estimates cannot be used to separately identify 65 and 6g. Further identifying information

comes from moments constructed using market-to-book ratios.

4.3.3 Financing costs

We use eight moments that measure the frequency and amount of equity issuance to identify
the unknown financing cost parameters. The fixed financing costs (¢c pre, OG itd; PG Stricts
®B,Pre; OB Mild, and ¢p sirice) should affect the frequency of equity issuance. The model al-
lows these costs to vary across states and firm types, so we construct four separate moments
based on the issuance frequency of green and brown firms, before and after the adoption
of a carbon tax. The marginal financing costs (g and vp) should affect the amount of
equity that firms issue. These costs do not vary by state in our model. However, equity

issuance amounts depend on both marginal and fixed financing costs, and the latter are
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state-contingent in the model. Thus, we also construct four separate moments based on the
average amount of issuance by green and brown firms, before and after the Paris Agreement.

Additional identifying information for each of the financing cost parameters comes from
the interaction term coefficient in Eq. (18), using cash holdings as the outcome variable.
This is due to the tight link predicted by the model between external financing frictions and

precautionary cash savings.

4.4 Structural estimation results

Table 3 presents estimates of the unknown parameters in ¢). The estimated transition proba-
bility Cpre arig from the Pre to Mild state is 0.51, while the estimated transition probability
Cpre,strict to the Strict state is 0.26. This implies that the estimated likelihood (pye pre 0f nO
state change is 0.23. Taken together, firm outcomes observed in the actual data are consistent
with market participants anticipating that some type of emissions penalties would be agreed
upon at the COP 21 meeting, but also underestimating the extent of the penalties. In par-
ticular, observed outcomes indicate that prior to the COP 21 meeting, market participants
anticipated that mild emissions penalties were twice as likely to be adopted as strict.

Other estimates from Table 3 indicate that the investment adjustment cost of green firms
is slightly smaller than that of brown firms (6 of 33.615, compared to 65 of 40.138). This is
consistent with average investment levels in the actual data, which are similar between the
two types of firms. In contrast, brown firms’ equity issuance cost parameters are higher in
all states than those of green firms. Moreover, the fixed cost of equity issuance for brown
firms increases significantly with the degree of potential emissions penalties (¢p pre of 0.5,
compared to ¢p strict 0f 0.069), implying that financing terms have tightened for these firms
since the Paris Agreement. The opposite is true for green firms, although differences in the
fixed cost of financing are small across states (¢g pre 0of 0.049, compared to ¢¢ sirict Of 0.047).

Table 4 reports the 17 moments that SMM attempts to match during model estimation,
and shows both the simulated and empirical moment values. The DiD coefficient estimates
obtained using model-simulated data closely match the corresponding estimates obtained
using actual data, for all three outcome variables. This is consistent with the small standard

errors for the estimated transition intensity parameters in Table 3. The model also does a

27



reasonable job of matching the empirical equity issuance cost moments. Simulated average
investment levels are higher than the empirical moments. This could be because the model
does not account for investment irreversibility, which would imply a higher hurdle rate before
a firm undertakes any investment. Finally, the simulated moments related to the market-to-
book ratio are close to the empirical moments in order of magnitude, although the simulated

moments decrease after the Paris Agreement while the empirical moments increase.

4.5 Counterfactual analysis

To gauge the magnitude of how anticipation affected firm outcomes, we solve firms’ optimal
responses to a change in the regulatory policy state in the counterfactual absence of any
anticipation. Specifically, we run a set of model simulations with the transition intensities
Crre,mitd and Cpre sirice both set to 0 (so firms assign a probability of 1 to staying in the
Pre state), and with other unknown model parameters set to the estimated values from
Table 3. In this counterfactual, solutions for each possible policy state are effectively inde-
pendent of each other. The model begins in the Pre state in the initial time period, and
we then artificially impose a change to the Strict state in a future time period (necessary
since the counterfactual Markov chain matrix assigns a 0 probability to such a transition).
We then re-estimate Eq. (18) using the counterfactual panel dataset obtained from this set
of simulations. This exercise is analogous to the reduced-form analysis of a natural exper-
iment in which the exogenous policy change is completely unanticipated, and it provides a
quantitative estimate of the causal effect of the Paris Agreement on firm outcomes.

Table 5 compares the DiD coefficients obtained from estimating Eq. (18) on the coun-
terfactual dataset to the DiD coefficients reported in Table 3 (estimated on the dataset from
model simulations with non-zero transition intensities). The counterfactual DiD coefficient
on investment is -0.0022, compared to the simulated DiD coefficient of -0.0015. This indicates
that in the presence of anticipation, the average decline in the investment of brown relative to
green firms is about 35% smaller than the true causal effect. Because brown firms anticipate
some form of future emissions penalties, they invest less than they optimally would (relative
to green firms) in the absence of anticipation. Therefore, the realization of the Strict state

results in smaller investment changes than would arise in the absence of anticipation.
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The counterfactual DiD coefficient on cash of 0.0158 is 50% larger than the simulated
coefficient of 0.0079. This indicates that the causal effect of the Paris Agreement on cash
holdings is bigger than firms’ responses in the presence of anticipation. Because firms an-
ticipate a future policy state with higher external financing costs, they already engage in
precautionary cash savings in the Pre state. The effect of anticipation on cash is larger than
the effect on investment, perhaps because firms incur relatively lower costs to adjust cash
holdings than investment. Finally, the DiD coefficient on returns of 0.0814 is 3% larger than

the coefficient measured in the counterfactual without anticipation.

5 Conclusion

Many empirical methods struggle to accurately estimate the causal effects of policy events
when agents adjust their behavior in anticipation of future policy changes—a phenomenon
known as anticipation bias. We propose an approach that improves causal inference by ex-
plicitly incorporating agents’ beliefs into estimation, combining reduced-form and structural
techniques around the observed outcomes of a single policy shift. We demonstrate the value
and application of this method using the Paris Agreement, a widely studied event linked to
increased climate regulatory risk. Our analysis reveals that anticipation can distort not only
the magnitude but also the direction of estimated treatment effects on firm risk when using
standard models such as difference-in-differences. We provide clear, practical guidance for

addressing the gap between true causal effects and conventional estimates.
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Figure 1: Comparative statics. This figure reports coefficient estimates for Treated x Post,
obtained by estimating Eq. (18) using a dataset of simulated model outcomes. For each panel,
a set of 100 simulations is run on the full model from Section 2.3, with the transition intensity
CPre,Mild OF CPre,Strict set to the corresponding value on the x-axis. All other model parameters are
calibrated to reasonable values. In the figures on the left, Post in Eq. eqrefeq:DiD 'model equals 1
for time periods in which the model is in the Mild state is realized, and 0 for time periods in which
the model is in the Pre state. In the figures on the right, Post is similarly defined but equals 1 for
time periods in which the model is in the Strict state.
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Table 1: Summary statistics. This table provides summary statistics calculated on actual
data, for the key variables used in the empirical analysis. The sample is 457 U.S. firms in the
intersection of Compustat, CRSP, and S&P Trucost, and covers the period from Q1 of 2015 through
Q4 of 2016. Investment represents quarterly investment computed using quarterly differences in
capital expenditures (Compustat data item CAPXY) scaled by total assets (ATQ); Cash is the
ratio of cash and cash equivalents (CHEQ) to total assets (AT'Q); Returns represent raw stock
returns cumulated from monthly to quarterly; Equity issuance denotes the amount of equity issued
over each calendar quarter, computed as STTKQ scaled by total assets (AT'Q). The statistics
on Fquity issuance are conditional on issuance. Market-to-Book is computed as the ratio of the
stock market capitalization of the firm (price per share at the end of the quarter times number of
shares outstanding (PRCCQ x CSHOQ) plus the book values of long term and short term debt
(DLTTQ and DLCQ), to the sum of the book values of long-term and short-term debt and book
value of equity (CEQQ). Mom is the cumulative stock return over the previous year; Beta is the
average market beta over the calendar quarter; Volatility is average monthly stock return volatility
over the quarter; Sales growth is the year-on-year change in quarterly sales SALFEQ over market
capitalization; EPS growth is the year-on-year change in diluted EPS excluding extraordinary
items (EPSFXQ) over the price per share (PRCQQ); Size is the log of the total equity market
capitalization; PPE is the logarithm of property, plant and equipment (PPENT(Q). All variables,
with the exception on Fquity issuance, are winsorized at the top and bottom 2.5%. Equity issuance
is truncated at values above 50% to avoid the inclusion of merger and acquisition related stock
issues. Fquity issuance is truncated at the bottom 1% to avoid stock issues related to the exercise
of employee stock options.

Variable Mean SD 25th 50th 75th N

Investment 0.016 0.013 0.006 0.012 0.020 3,766
Cash 0.088 0.085 0.020 0.063 0.129 3,966
Returns 0.007 0.186 -0.08 0.007 0.102 3,998

Equity 1ssuance 0.020 0.029 0.004 0.006 0.017 3,467
Market-to-Book 1.898 1.115 1.140 1.563 2.282 3,860

Mom 0.018 0.088 -0.02 0.019 0.064 3,958
HHI 0.250 0.149 0.142 0.227 0.333 3,838
Beta 0.254 0.147 0.139 0.233 0.354 3,959
Volatility 0.093 0.058 0.056 0.074 0.108 3,962
Sales growth -0.02 0.081 -0.03 -0.00 0.008 3,960
EPS growth -0.00 0.049 -0.00 0.000 0.004 3,974
Size 9.131 1.613 8.114 9.045 10.21 3,973
PPE 8.447 1.425 7.443 8.408 9.379 3,943
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Table 2: DiD regressions in actual data. This table reports results from DiD regression Eq.
(18) estimated using actual data. The sample is 457 U.S. firms in the intersection of Compustat,
CRSP, and S&P Trucost, and covers the period from Q1 of 2015 through Q4 of 2016. The dependent
variable is Stock Returns in columns (1) and (2), Investment in columns (3) and (4), and Cash in
columns (5) and (6). Post equals 1 for the Q1 through Q4 of 2016, and 0 for Q1 through Q3 of 2015
(Q4 of 2015 is omitted). Treated equals 1 for firms whose ratio of Scope 1 emissions to revenues in
2014 ranks above the 66" percentile of the sample distribution, and 0 for a matched set of firms
whose emission intensities are below the 66" percentile. Treated?2 is similarly defined, except based
on the 75" percentile of emission intensities in 2014. Control variables include lagged values of Size,
Market — to — Book, Leverage, Cash, ROE, PPE, and Investment. All specifications include
firm fized effects. Standard errors are presented in parentheses. ***, ** * indicate significance
levels of 1%, 5%, and 10%, respectively.

Outcome Stock Returns Investment Cash
(1) (2) (3) (4) (5) (6)
Treated x Post 0.0813*** -0.0014** 0.0066**
(0.0124) (0.0005) (0.0020)
Treated? x Post 0.0785%** -0.0015%** 0.0057**
(0.0131) (0.0005) (0.0020)
Controls Yes Yes Yes Yes Yes Yes
Firm fixed effects Yes Yes Yes Yes Yes Yes
N 3,331 3,155 3,111 2,947 3,268 3,092
R-squared 0.0729 0.0763 0.1412 0.1447 0.1720 0.1627
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Table 3: Parameter estimates. This table presents estimates for each unknown parameter in the
set ¢, obtained by estimating the full model from Section 2.3 following our integration procedure
described in Section 4. The model is estimated using SMM. Standard errors are presented in

parentheses.
Description Symbol Estimate
(1) Transition intensity from Pre state to Mild state CPre,Mild 0.5123
(0.0599)
(2) Transition intensity from Pre state to Strict state CPre,Strict 0.2602
(0.0029)
(3) Investment adjustment costs for green firms Oc 33.6150
(2.7066)
(4) Investment adjustment costs for brown firms 0p 40.1377
(9.3956)
(5) Marginal cost of equity issuance for green firms Yo 0.0103
(0.0094)
(6) Fixed cost of equity issuance for green firms in Pre state ba.pre 0.0490
(0.1050)
(7) Fixed cost of equity issuance for green firms in Mild state b Mitd 0.0480
(0.0956)
(8) Fixed cost of equity issuance for green firms in Strict state O Strict 0.0470
(0.4119)
(9) Marginal cost of equity issuance for brown firms vB 0.1351
(0.0086)
(10) Fixed cost of equity issuance for brown firms in Pre state OB, Pre 0.0500
(0.1837)
(11) Fixed cost of equity issuance for brown firms in Mild state OB, Mild 0.0585
(0.1605)
(12) Fixed cost of equity issuance for brown firms in Strict state OB, Strict 0.0690
(0.5001)
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Table 4: Simulated and empirical moments. This table presents the simulated and empirical
that we use to estimate the full model from Section 2.3 following our integration procedure described
in Section 4. The model-simulated moments are calculated using the unknown parameter estimates
reported in Table 3. Empirical moments are calculated using a sample of 457 U.S. firms in the
intersection of Compustat, CRSP, and S&P Trucost, covering the period from Q1 of 2015 through
Q4 of 2016. Standard errors are presented in parentheses.

Description Simulated Empirical

Panel A. Difference-in-difference moments

(1) B1,Ret 0.0814 0.0813
(0.000) (0.000)
(2) Br,ino -0.0015 -0.0014
(0.000) (0.0000)
(3) Br,cash 0.0079 0.0066
(0.000) (0.0000)

Panel B. Equity issuance moments

(4) Issuance frequency green firms before 0.0673 0.0585
(0.0027) (0.0023)
(5) Issuance frequency brown firms before 0.0766 0.0637
(0.0029) (0.0026)
(6) Issuance frequency green firms after 0.0879 0.0539
(0.0030) (0.0019)
(7) Issuance frequency brown firms after 0.1034 0.0722
(0.0030) (0.0029)
(8) Issuance amount green firms before 0.0100 0.0137
(0.0002) (0.0002)
(9) Issuance amount brown firms before 0.0100 0.0238
(0.0002) (0.0004)
(10) Issuance amount green firms after 0.0300 0.0129
(0.0005) (0.0002)
(11) Issuance amount brown firms after 0.0400 0.0267
(0.0006) (0.0004)

Panel C. Investment moments

(12) Investment green firms 0.0392 0.0120
(0.000) (0.0003)
(13) Investment brown firms 0.0358 0.0188

(0.000) (0.0004)

Panel D. M/B moments

(14) M/B green firms before 1.5233 1.4381
(0.0017) (0.0183)
(15) M/B green firms after 1.4846 1.7732
(0.0017) (0.0183)
(16) M/B brown firms before 1.1522 1.3095
(0.0017) (0.0130)
(17) M/B brown firms after 0.886 1.7087
(0.0019) (0.0130)
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Table 5: DiD moments in simulated counterfactual data. This table compares coefficient
estimates for Treated x Post obtained by estimating Eq. (18) using two datasets of simulated
model outcomes. In the first row the dependent variable is Investment, in the second row it is
Cash, and in the third row it is Stock Returns. In the “Counterfactual” column, the dataset is
constructed by running a set of 100 simulations of the full model from Section 2.3, with (pre arita
and (pyre strict are set to 0 (to simulate a counterfactual economy with no anticipation of a regulatory
state change), while all other unknown parameter values are set to the values reported in Table 3. In
the “Estimated” column the simulated dataset is constructed in the same way, except (pre rrilg and
CPre,Strict are also set to the values reported in Table 3. The column A (%) reports the percentage
difference between the Counterfactual and Matched coefficient estimates.

Moment Counterfactual Estimated A (%)

Bi.Inv -0.0022 -0.0015 34.8
Bi.Cash 0.0158 0.0079 50.2
B1,Ret 0.0787 0.0814 -3.3
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Addressing Anticipation Effects in Finance



IA.1 Calibration

In this internet appendix, we provide a calibration the model with the goal to show how
measured treatment effects can deviate from causal effects. Notably, we confirm that the
size and sign of the bias depends on which state is realized in the data. Specifically, the
size of the bias varies significantly with model parameter estimates, especially the measured
transition intensities. This highlights the necessity of obtaining precise parameter estimates
when the goal is to quantify causal effects.

We necessarily consider a finite number of possible climate regulation states. To high-
light the key implications of anticipation, in this calibration we consider only three states.
State 1 features zero carbon taxes and no difference in the costs of capital between green
and brown firms. This can be thought of as a Pre-Paris Agreement state. We set the fixed
costs of equity issuance to ¢p1 = ¢g1 = 1% and the marginal costs of equity issuance to
Y81 = Y61 = 3% which are generally in line with Bolton et al. (2013). State 2 features a
positive carbon tax, set at a relatively low level: 75, = 3%.! This can be thought of as a
possible Post-Paris Agreement state. In this state, the cost of equity capital is higher for
brown firms compared to green firms. The fixed cost of equity issuance for brown firms is
also higher relative to State 1 and increases to ¢p2 = 1.5%. This cost is lower for green
firms relative to State 1 and decreases to ¢g2 = 0.5%. The respective marginal costs of
equity issuance remain unchanged: vp2 = Vg2 = 3%. State 3 represents another possible
“Post-Paris Agreement” state, whereby compared to State 2, carbon taxes are higher and
differences in equity issuance costs between green and brown firms are starker. Namely, the
carbon tax is set at a level that is twice as high as the level in State 2: 75 3 = 6%; the fixed
cost of equity issuance for green firms is ¢ 3 = 0.1% and the marginal cost is ¢ 3 = 2%); the
fixed cost of equity issuance for brown firms is ¢ 3 = 2% and the marginal cost is v5 3 = 3%.
The technology parameters are set close to the representative firm values in Bolton et al.
(2013) and do not vary across climate regulation states.

In the baseline calibration we consider States 2 and 3 as equally likely. We set the

transition intensities to these states to: ((12) = (u,3) = 0.3. To simplify the analysis, we

'Note that the tax for green firms is always zero, hence TG = 0%.



consider these states as absorbing states: once reached, the economy cannot move to any
other state (implying (1) = (2.3) = (3,20 = (31) = 0). The probability of staying in State
Lis Cug) = 1 — Cu2) — Cu,3) = 0.4 and the corresponding duration of State 1 is 2.5 years
(1/¢(1,1))- This implies an anticipation of the Paris Agreement of around the two years before
it was signed, a time frame that is also largely in line with length of the Pre period typically
used in DiD studies (such as, for example, in Bolton and Kacperczyk (2023)).

To summarize, all parameters, including financing costs and carbon taxes, are the same
for green and brown firms in the Pre-Paris Agreement state (State 1). The reasoning for
this is to consider brown and green firms in the model as representing matched firms in DiD
studies. In the Post-Paris Agreement states (States 2 and 3), brown firms face non-zero
carbon taxes as well as more expensive external financing, while green firms face cheaper

external financing. Table IA.1 summarizes all parameter values.

IA.2 Baseline results

Figure TA.1 shows how average ¢ and investment vary with the cash-to-capital ratio for green
and brown firms in each state. Average ¢ is defined similarly to Bolton et al. (2013) as the

ratio of enterprise value to capital:

q(m,s) = VM, Kl,(s) - M F(m,s) —m. (TA.1)

The first key observation from Figure IA.1 is that even though all model parameters are the
same for green and brown firms in State 1, firm values of brown firms are lower compared
to green firms. The difference emerges because State 1 valuations incorporate anticipation
effects of State 2 and State 3: State 1 firm values of brown firms incorporate the possibility
of the state switching to one with positive carbon taxes and higher financing costs, while
State 1 values of green firms incorporate the possibility of the state switching to one with
lower financing costs.

Panel A shows that average ¢ for brown firms in State 1 is lower compared to average ¢

in State 2. This seems counterintuitive but is directly tied to the fact that State 1 valuations



incorporate the possibility of switching to an even worse state than State 2 (State 3). Aver-
age ¢ in State 3 is the lowest, in line with this state being absorbing and incorporating the
highest level of carbon taxes and highest costs of financing. Panel B shows how investment
varies with the cash-to-capital ratio for brown firms in each of the three states. Anticipation
effects have a similar impact on the relative levels of investment as on average q.

The effect of anticipation for green firms goes in the opposite direction. Panel C shows
that average ¢ in State 1 is higher than average ¢ in State 2, despite cheaper financing costs
in State 2. The reason again relates to anticipation: valuations in State 1 reflect the possi-
bility of switching to an even better state relative to State 2 (State 3 where financing costs
are lowest). This possibility also affects the levels of investment shown in Panel D, whereby
investment in State 1 is higher than investment in State 2. Both valuations and investment
in State 3 are higher than in the other states, in line with State 3 incorporating the lowest

level of financing costs.

IA.3 Model simulation and DiD analysis

We simulate 100 years of monthly data for 100 green and 100 brown firms. Green and brown
firms are subject to both aggregate and idiosyncratic productivity shocks. The climate reg-
ulation state represents another aggregate shock that affects all firms. We simulate these
states given the transition probability matrix specified in Table IA.1. We impose the simu-
lations to start from State 1, which is considered as the Pre-Paris Agreement state. States
2 and 3 represent two possible realizations post the change out of State 1. The realization
of each of these states can represent a Post-Paris Agreement state.

Figure TA.2 shows how the (cross-sectional) average scaled valuations of green and brown
firms change in the months around the change out of State 1. The top panel shows these
changes when State 2 is realized; the bottom panel shows the changes in value that occur
when State 3 is realized. Consistent with the results in Figure TA.1, green firms are more
valuable than brown firms in State 1. Idiosyncratic productivity shocks on average cancel
out, and average green and brown firm values, unless there is a change in the climate reg-

ulation state, move in tandem due to aggregate productivity shocks. (This is equivalent



to satisfying the “parallel trends” assumption in reduced-form empirical work.) When the
state switches from 1 to 2, brown firm values increase while green firm values decline. The
opposite occurs when State 3 is realized.

We run the following regression model in simulated data:
Yi: = Bo + 1 x Treated x Post 4 8, x Treated + 3 x Post + €; 4, (TA.2)

where Y;; denotes the outcome variable in the regression, T'reated equals one for brown
firms, and zero otherwise, and Post equals one when the state has switched out of State 1,
and zero otherwise. We use scaled valuations, investment and returns as outcome variables.

Table TA.2, Panel A, shows the regression results when the model is simulated using the
transition intensity matrix in Table IA.1. These results thus incorporate the effects of an-
ticipation on outcome variables. Specifications (1) and (3) show that a change of state from
State 1 to State 2 has a significant positive impact on the valuations and investment of brown
firms relative to green firms. This is in line with the reasoning in Section IA.2, whereby the
realization of State 2 represents an outcome of regulation that is better than expected for
brown firms (and worse than expected for green firms), hence the positive coefficient on both
valuations and investment. Panel B reports regression results when the model is simulated
assuming no anticipation. We do so by using a transition probability matrix whereby all
diagonal elements are one and all off-diagonal elements are zero. The signs of the coefficients
on Treated x Post dummies in specifications (1) and (3) are reversed relative to Panel A.
Absent anticipation, a change to a state with higher taxes and higher external financing
costs leads to lower valuations and lower investment for brown firms relative to green firms.

Specifications (2) and (4) show the effect on valuations and investment of the state
switching from State 1 to State 3. The coefficients on Treated x Post dummies are negative
with and without anticipation. However, in the presence of anticipation the effect is smaller

compared to the causal effect one obtains from the regressions absent anticipation.



IA.4 Comparative statics

We next conduct a set of comparative statics to examine how treatment and causal effects
vary with key model parameters. Figure IA.5 presents comparative statics with respect to
carbon tax rates. Panel A shows that when State 2 is realized, the average treatment effect
(ATE) declines with the carbon tax rate in State 2 (7). The ATE is positive for lower
levels of the carbon tax rate, a result that is consistent with the analysis in the previous
subsections. However, the ATE turns negative as the carbon tax rate approaches the level of
the tax rate in State 3. In other words, the realization of State 2 no longer represents “good
news” for brown firms. As the carbon tax 7§ increases, the average causal effect (ACE)
becomes more negative, consistent with higher taxes reducing firm profitability. The ATE
declines at a slower rate compared to the ACE. The reason is that when the carbon tax rate
is higher, the anticipation of a potential switch to State 2 has a greater impact on valuations
in State 1. When State 2 materializes, the response in valuations is attenuated by previous
anticipation. The bias in ATE therefore increases with the carbon tax.

Panel C shows the comparative statics with respect to the carbon tax rate in State 3, 75,
when State 3 is realized. Both average treatment, ATE, and average causal effects, ACE,
become more negative as the carbon tax increases. A higher carbon tax in State 3 implies
a greater impact of anticipation on valuations in State 1. Similar to before, when State
3 materializes, the response in valuations is attenuated. The bias in ATE again increases
with the carbon tax. Panels B and D show the results for Green firms, for which none of
the effects change as these firms’ capital is assumed not to produce carbon emissions. Fig-
ure refFig: comparative statics transition intenstities shows comparative statics with respect
to the transition intensities from State 1 to the other two states. Results again indicate that
the divergence between ATE and ACE varies significantly with the transition intensities.

These results highlight the importance of precise parameter estimates in determining
causal effects and therefore the need for structural estimation. The use of DiD estimates as
moments to match in the structural estimation is key for the identification of parameters
related to policy regimes. In other words, the integration of reduced-form and structural

estimation is necessary to quantify causal effects.
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Figure IA.1: Average ¢ and investment. The figures show how average g and investment vary
with the cash-to-capital ratio for representative green and brown firms, given the climate regulation
state. State 1 denotes the state where there are no carbon taxes. The costs of capital in State 1
are identical for green and brown firms. State 2 denotes a climate regulation state with positive
but relatively low carbon taxes. The cost of capital for brown firms in State 2 is higher than in
State 1, while the cost of capital for green firms in State 2 is lower than in State 1. State 3 denotes
the state with the highest level of carbon taxes. The cost of capital for brown firms in State 3 is
higher than in State 2, while the cost of capital for green firms in State 3 is lower than in State 2.
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Figure TA.2: Green vs. brown firms. This figure shows how the (cross-sectional) average
scaled valuations of green and brown firms change in the months around the change out of State 1.
The top panel shows these changes when State 2 is realized; the bottom panel shows the changes
in value that occur when State 3 is realized.
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Figure 1A.3: Average treatment, causal, and anticipation effects. The figures show how
treatment, causal and anticipation effects vary with the transition intensities out of State 1. The
top two panels show the variation with respect to the level of the carbon tax in State 2. The first
panel shows the effects when State 2 is realized, while the second panel shows the effects when
State 3 is realized. The bottom two panels show the corresponding effects when varying the level
of the carbon tax in State 3.
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Figure 1A.4: Average treatment, causal, and anticipation effects. The figures show how
treatment, causal and anticipation effects vary with the level of carbon taxes. The top two panels
show the variation with respect to the level of the carbon tax in State 2. The first panel shows the
effects when State 2 is realized, while the second panel shows the effects when State 3 is realized.
The bottom two panels show the corresponding effects when varying the level of carbon taxes in

State 3.

State 2 is realized

0.5

-0.5

-1
0.03

T
’ State 2 is realized
[ ACE
[ ATE
05 — — AAE]| |

-0.5

I ACE
[ ATE
— — AAE

0.035

0.04 0.045 0.05

0.055

0.06

0.05

0.1

0.15 02
73

0.25

0.3

10

State 3 is realized

0.5

I ACE
[ ATE
— — AAE

0.035 0.04 0.045 0.05

0.055

0.03 0.06
T2
’ State 3 is realized
_ . — — — 7| ACE
e —— I ATE
o5k ~ — — AAE
0
-0.5
_1 L
15 . . . .
0.05 0.1 0.15 0.2 0.25 0.3

T3



Panel A. Brown firms, State 2 is realized
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Figure TA.5: Comparative statics: Carbon tax rates. The figures show how the average
treatment and causal effects, as well as the bias in treatment effects induced by anticipation vary
with the level of carbon taxes. Panels A and B show these comparative statics with respect to the
carbon tax rate in State 2, 75, when State 2 is realized. Panel A shows the effects for brown firms,
while panel B shows the effects for green firms. Panels C and D show the comparative statics with
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Panel A. Brown firms, State 2 is realized

0.8

0.6

0.4 r

02r

-0.2 +

Effect on Valuations

041

-0.6 -

—¥— ATE
—+—ACE |
Bias

-0.8
0.2

0.3 0.4 0.5 0.6 0.7

C12)

0.8 r

0.6

04 r

0.2r

021

Effect on Valuations

04t

-0.6 +

Panel C. Brown firms, State 3 is realized

—*— ATE
—+—ACE | |
Bias

-0.8
0.2

Figure IA.6: Comparative statics: Transition intensities out of State 1. The figures show
how the average treatment and causal effects, as well as the bias in treatment effects induced by
anticipation vary with the level transition intensities out of State 1. Panels A and B show these
comparative statics with respect to the transition intensity from State 1 to State 2, ((1 ), when
State 2 is realized. Panel A shows the effects for brown firms, while panel B shows the effects for
green firms. Panels C and D show the comparative statics with respect to the transition intensity
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Table TA.1: Baseline calibration. This table shows parameter values in the baseline calibration.
Panel A reports the values of the technology parameters, which remain unchanged with the climate
regulation state. Panel B shows how the carbon tax rate and equity issuance cost parameters vary
across states. Panel C shows the Markov transition matrix of the climate regulation state, whereby
each cell represents ((; j), the transition intensity from state i to state j, with ¢, j = {1,2,3}.

Panel A. State invariant parameters
Parameter Symbol Value

Risk-free rate r 0.05
Carry cost of cash A 0.15
Cashflow growth rate I 0.24
Cashflow volatility o 0.11
Capital depreciation rate ) 0.15
Investment adjustment costs 0 1.8
Correlation between W and WM Pe 0.4
Market price of cashflow risk n 0.4
Liquidation value 1 1.00
Correlation with financing risk for green firms jer -1.00
Correlation with financing risk for brown firms PG 1.00
Panel B. Parameters that vary with the state
State 1 State 2 State 3
Carbon tax rate Th.s 0 3% 6%
Carbon tax rate TGs 0 0 0
Marginal cost of financing for green firms Ve 6% 6% 6%
Fixed cost of financing for green firms das 8% 1% 0.1%
Marginal cost of financing for brown firms VB,s 6% 6% 6%
Fixed cost of financing for brown firms OB 1% 1.5% 2%
Market price of financing risk Ks 1.099  -1.099 -1.099
Panel C. State transition matrix
State j

- 0.4 0.3 0.3

1) 0 1

s 0 0 1
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Table IA.2: DiD regressions in simulated data. This table reports the regression results from
the model in Eq. (IA.2). Specifications (1) and (2) use scaled valuations, F'(m);+ as the dependent
variable while specifications (3) and (4) use investment, i(m); + as the dependent variable. Standard
errors are presented in parentheses. Panel A reports the results when simulating model data that
incorporates anticipation (uses the transition intensity matrix in Table IA.1). Panel B reports the
results from simulations of model data when assuming no anticipation effects (all diagonal elements
of the transition intensity matrix are one, while all off-diagonal elements are zero).

Panel A. Simulations incorporating anticipation

Valuations Investment
Realized state State 2 State 3 State 2 State 3
W @ 3 @
Treated x Post 0.21 -0.14 0.10 -0.13
(0.0011) (0.0011) (0.0001) (0.0001)
Treated -0.14 -0.14 -0.06 -0.06
(0.0011) (0.0011) (0.0001) (0.0001)
Post -0.14 0.07 -0.07 0.06
(0.0008) (0.0008) (0.0001) (0.0001)
Intercept 1.14 1.14 0.11 0.11
(0.0008) (0.0008) (0.0001) (0.0001)
N 200 200 200 200
R-squared 0.71 0.97 0.97 0.99

Panel B. Simulations with no anticipation

Valuations Investment
Treated x Post -0.05 -0.78 -0.04 -0.45
(0.0009) (0.0008) (0.0002) (0.0003)
Treated -0.001 -0.001 -0.0001  -0.0001
(0.0008) (0.0008) (0.0002) (0.0003)
Post 0.04 0.47 0.04 0.29
(0.0006) (0.0006) (0.0001) (0.0002)
Intercept 1.23 1.23 0.20 0.20
(0.0006) (0.0006) (0.0001) (0.0002)
N 200 200 200 200
R-squared 0.61 0.95 0.99 0.99
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IA.5 General Overview of SMM

The starting point for structural estimation is an economic model which specifies how a
firm’s choices depend on a variety of fundamental parameters. Usually the values of some
parameters are well-documented in existing literature, while the values of other “unknown”
parameters are not (e.g., those that cannot be measured empirically). For example, it is
straightforward for a researcher to choose a capital depreciation rate from the broad range
of existing estimates, but harder to determine a plausible value for brown firms’ marginal
financing costs in a state with high emissions penalties.

Estimating the economic model using SMM produces an estimated value for each un-
known parameter. The researcher starts by making several choices that govern the simula-
tion of the model. First, she pre-sets the values of some fundamental parameters (guided by
evidence from prior work), which remain fixed throughout the structural estimation. Second,
she designates a set 1 of unknown parameters that are updated after each set of simulations,
along with a set of initial guesses @/AJ for the values of the unknown parameters. Third, she
decides how to express some of the model’s features to facilitate simulation. For example,
the researcher can simulate the model either for a single representative firm or for a panel of
firms that differ along some characteristic. Moreover, when the model is expressed in con-
tinuous time with an infinite horizon, the simulation can be conducted over a fixed number
of discrete time periods (e.g., each time period can represent a single day).

Next, the researcher conducts a set of S simulations. In each simulation sim, the re-
searcher draws a random value of the stochastic shock (dW; in our model) for each firm in
the economy. She computes each firm’s optimal choices for the first time period, given the
values of the shock and the fundamental parameters. Each firm then receives a new random
draw for the shock term, and its optimal choices are computed for the second time period
(taking into account its choices from period one). The researcher continues this process until
the final time period.

After each simulation is finished, the researcher constructs a vector of simulated moments

. ~
2 S1m

m*™ (1)) that are based on the model’s outcomes. For example, a moment can be the firm’s

average choice of cash holdings, or the volatility of its cashflows. The researcher typically

15



chooses an initial “burn-in” period during which the model is simulated, but the resulting
outcomes are not used in the moment calculation. This is because model outcomes can
vary dramatically across early time periods based on the initial conditions, before eventually
stabilizing. The simulated moments are calculated across all time periods after the end of
the burn-in period.

Once all S simulations are completed, the researcher calculates the average value of
mszm(zﬂ) Separately, she constructs a vector M of empirical moments that have the same
definitions as the simulated moments, but are calculated using actual data. Given the current
(guessed) values in vﬁ, the next guess is determined by the value of the objective function :

MlsAsimA/WMlsAsimA TA.3
(=3 o (=5 32 ) &
where W is a weighting matrix such as the inverse of the covariance matrix of the empirical
moments. These solutions replace the previous values in 1& The researcher then proceeds
to the second set of S simulations. She repeats this entire process until the values of the
simulated moments converge to the values of the empirical moments M. The values in @/A)
from the final set of simulations are the fundamental parameter values that produce the best
fit between the economic model and observed data.

Parameter estimates can be economically interesting in their own right, for example when
the corresponding parameters are important for understanding agents’ behavior. Moreover,
given the estimates, a researcher can conduct a counterfactual analysis of the economic
model. She does so by solving the model for (a range of) alternative values for one of the
parameters, while keeping all other model parameters fixed. To the extent that the model is
a reasonable approximation of reality, the change in the optimal firm outcomes can be used
to infer the parameter’s causal effect.

One important limitation of structural estimation is that parameter identification become
more challenging as the number of elements in v increase. Accurate estimation requires at
least one moment that is informative for each unknown model parameter. Finding such

moments becomes more challenging as the number of unknown parameters grows.
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