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Abstract

A wide range of empirical techniques cannot accurately estimate a policy event’s
causal effects, because agents adjust their 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 ap-
proach 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 the
COP 21 meeting, agents assigned a 69% likelihood to an agreement with some form
of emissions penalties. Our estimates imply that anticipation led high-emissions firms
to reduce investment in the year before the agreement, relative to low-emissions firms.
We quantify that reduced-form studies of the Paris Agreement may understate causal
effects on investment by 29%, and on stock returns by 22%. Finally, we provide guid-
ance on how our integration procedure can be applied to a wide range of unprecedented
but anticipated policy events.
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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 an event
depend on their beliefs about its possible outcomes, while choices after the event depend on
beliefs about further 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 policy
change is completely unexpected and permanent (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 lowered investment levels in the
data. In both cases, it is challenging for researchers to gauge carmakers’ expectations from
past policy events, in part because few EV tax credit programs were adopted until 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 (AI) may
reshape finance (e.g. Eisfeldt et al., 2026; Babina et al., 2024; Eisfeldt and Schubert, 2026).
This latter case highlights how anticipation cannot be fully inferred from pre-trends that
are measured shortly before a policy event: Market participants likely formed expectations
about possible Al regulations when ChatGPT was released in November 2022, yet any such
policy event in the United States is likely still some time away.

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 struc-
tural estimation (henceforth “integration procedure”). Our approach uses data on financial
outcomes around a policy event, to estimate a distribution of probabilities that agents as-
signed to possible policy outcomes before the event occurred. It then estimates causal effects
accounting for these beliefs.

Second, we apply our new procedure 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 climate regulatory risk affect financial outcomes.! We

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., 2026; Seltzer et al., 2026), banks’
investments in high-emissions firms (e.g., Alessi et al., 2024), corporate green revenues (e.g., Klausmann
et al., 2025), leverage of firms with high climate risk exposures (e.g., Ginglinger and Moreau, 2023), and
total factor productivity (e.g., Pang et al., 2023).



show that firms widely expected some form of climate targets, achieved through a penalty
on carbon emissions, to be agreed upon at COP 21. As a result, standard reduced-form
models significantly underestimate the Paris Agreement’s causal effects on firm investment
and market valuations.

We first describe our integration procedure in general terms. A researcher writes a dy-
namic model in which the initial policy state can change over time. This can be 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 actual 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 proba-
bilities and other unknown model parameters, until the simulated DiD coefficients (and other
moments) match the empirical data as closely as possible. The final values 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 one time in the counterfactual absence of anticipation, with transition
probabilities set to 0 and other parameters set to the final values. This is analogous to a
reduced-form analysis of a natural experiment in which the policy change is exogenous and
fully unexpected.

The key novelty is the use of DiD coefficients as moments to match in SMM. These
coefficients provide highly useful information for identifying the transition probabilities and
state-contingent parameters. By using these coefficients, our integration procedure generates
parameter estimates that match theory to 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. More-
over, counterfactual analysis requires final values for model parameters that are estimated
in the presence of anticipation.

We now describe the application of this procedure 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 decrease
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 proba-
bility to each possible transition from the initial policy state to another policy state over the
next time increment. Firm beliefs account for the possibility that the state changes multiple
times, to account for the policy dynamics discussed by Hennessy and Strebulaev (2020). The
firm continuously chooses optimal investment, given its distribution of beliefs about future
policy states as well as the parameter values in each state. The initial policy state can repre-
sent 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 target, which is then implemented via a specific carbon tax.

The benchmark model produces closed-form expressions that build intuition about the
impact of anticipation on firm valuations and policies. Optimal investment decreases in
the level of the carbon tax. Both investment and firm value are lower than in an alter-
native model without the possibility of carbon pricing—even in the initial state without a
carbon tax, because valuations and policies incorporate the possibility of future taxation.
The benchmark 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.

Climate 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 sensi-

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, 2026). Our assumption that the carbon tax
increases with the capital stock reflects that emissions typically rise with firm size.



tivity of firm value to a carbon tax (Kacperczyk, 2026). Thus, we extend the baseline model
to include both high- and low-emissions firms, and to incorporate state-contingent financing
costs following Bolton et al. (2013) (henceforth “BCW?”). Only the high-emissions firm needs
to pay a carbon tax following certain policy state changes. Marginal financing costs depend
on the policy state and vary for both firms, which in turn choose both investment and pre-
cautionary cash savings in anticipation of these changes. Each firm’s cost of capital adjusts
to the resulting competitive advantage for low-emissions firms.®> This setup can represent a
government that implements the Paris Agreement by levying a carbon tax on high-emissions
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. Our model contributes to other pioneering
theories of the dynamic effects of carbon emissions regulation on firms (e.g., Bustamante
and Zucchi, 2024; Albuquerque et al., 2026), 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, Moderate or Strict state, which
differ in the carbon tax rate on high-emissions firms. Tax rates are calibrated using Social
Cost of Carbon (SCC) estimates from Nordhaus (2019), with the Strict state corresponding
to a goal of limiting temperature increases to 1.5°C above pre-industrial levels. Conditional
on carbon taxes being adopted, our model allows for the emissions penalties to be either
incrementally strengthened or watered down in future time periods.

Model simulation can produce multiple types of state changes, but empirically we only
observe the Paris Agreement as the outcome of COP 21. In order to match model-simulated
outcomes to actual data, we need to map the agreement to one of the model’s policy states,
and we choose the Strict state. One reason is that contemporary observers widely regarded
the agreement as more ambitious than anticipated. Financial media described the Paris

Agreement as “delivering a more ambitious goal than had been expected... The agreement

3The importance of financial constraints for understanding the effects of carbon pricing is documented,
for example, in Dottling and Rola-Janicka (2025).



surpassed what had been anticipated” (The Economist, 2015). Also, the Paris Agreement
explicitly adopted a goal of limiting warming to 1.5°C, which was the most ambitious target
under serious consideration at COP 21.# Further, model estimation validates this choice:
SMM with the Paris Agreement mapped to the Mild or Moderate state consistently fails to
match the empirical DiD moments.

Next, we estimate DiD regressions following Bolton and Kacperczyk (2021) (henceforth
“BK”), using both model-simulated and empirical data. BK examine how stock returns
change for high- versus low-emissions firms, in the year before versus after the Paris Agree-
ment. We also examine investment as an additional outcome variable. Our simulated DiD
coefficients very closely match those obtained using real data, resulting in highly precise es-
timates for most transition intensities. Our process also produces a reasonable match for 16
additional moments, allowing us to estimate other unknown parameters such as the financing
costs in each state.

Our results indicate that there was significant anticipation that a carbon tax would be
adopted at COP 21, but that it would most likely be modest in size. We estimate that prior
to the meeting, firms assigned a 59.5% probability to the Mild state, a 9.8% probability to
the Moderate state, and a 0.03% probability to the Strict state (implying a 31% likelihood
that no carbon tax would be adopted). In other words, firms’ observed responses to the
Paris Agreement are only consistent with our model if the level of anticipation of some type
of emissions penalty was high, and the expected tax level was modest. Nevertheless, high-
emissions firms’ investment rates declined significantly after the Paris Agreement relative to
low-emissions firms, consistent with the realized agreement being stricter than expected.

Our counterfactual analysis solves the model for a completely unanticipated switch from
the Pre to Strict state, and compares the resulting DiD regression results to the empirical
DiD estimate. Our results indicate that DiD models which do not account for anticipation
underestimate the Paris Agreement’s causal effect on investment by 29%, and on stock re-
turns by 22%. This implies that before the Paris Agreement was announced, brown firms

had already reduced investment in anticipation of a regulatory change, and their market

4Much doubt has been cast on whether the Paris signatories will fulfill their pledges, especially after the
United States pulled out of the agreement. Our model incorporates this uncertainty, by allowing firms to
form beliefs that the stated climate targets would be reduced over time.



valuations already reflected substantial parts of the impact of carbon taxes.

Finally, we propose two ideas for generalizing our procedure to study other types of
unprecedented but anticipated policy events, which require adding only a few steps to a
standard reduced-form analysis. First, the carbon tax parameter in our model can repre-
sent numerous other firm frictions or costs, allowing researchers to study how investment
responds to tariffs (e.g., the “Liberation Day” announcements in the U.S.) or technological
shocks that reduce operating costs (e.g., the release of Al agents). Second, our integration
procedure can apply to any observed firm outcome that is informative about anticipation
of policy changes. One candidate outcome is changes in corporate political spending, which
could be used to produce estimates of firms’ beliefs about many types of policy events.

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), to rule out a violation of the compound exclusion restriction when re-using a
natural experiment (Cronqvist et al., 2024), or to quantify reduced-form evidence (Catherine
et al., 2022). Our paper shows how integration can also help researchers to account for an-
ticipation 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 mar-
ket prices from a few days around a policy event. Because our approach does not face these
limitations, it can potentially estimate more unknown 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
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., 2026), 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 financing
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 and external financing costs that vary by firm type and policy state.
This full model provides economic structure for a DiD comparison of high- and low-emissions

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 ¢, and s the climate regulatory policy state. The
penalty represents that carbon taxes can change over time and increase with the capital
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 regu-
latory states. The economy begins in State 1 with no carbon taxes (7 = 0). This can
represent a state before any major climate regulations are adopted, and is analogous to the
Pre period of a DiD model analyzing the Paris Agreement. Carbon taxes are positive in the

other NV — 1 states, with 0 =77 <75 < -+ < 7§.



Given an economy in state s at ¢, firms and investors assign probabilities of an instan-
taneous transition to each of the other states s~, denoted by (, s € [0,1). Because (4
represents the likelihood of an instantaneous change, its inverse equals the duration 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 in new capital, earns

profits, and pays out dividends. The firm’s capital stock dynamics are standard and given by:
dK, = (I, — 6 K,) dt, (1)

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

with the level of carbon taxes:
dY;g = dAth - [tdt — F(It, Kt)dt - TSGtht, (2)

where dA; is a stochastic shock to firm productivity (defined below) and I'(/;, K) is a stan-
dard investment adjustment cost function. This function is homogeneous of degree one in
capital and investment (as in Hayashi, 1982), and thus can be expressed as I'([;, K;) =
g(iy) Ky, where i, = % is the investment to capital ratio. ¢(i;) is increasing and convex in i,

and has a quadratic form:

o) = 5~ )% ®)

where 6 > 0 measures the degree of the adjustment cost and v is a centering parameter

for adjustment costs. Eq. (3) is often used in the literature to represent a firm that incurs

SHennessy 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 i) the probability that a shock will occur, if the current policy state is ¢; and ii) the conditional
probability that the policy state will change from ¢ 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).



adjustment costs only when net investment is non-zero.

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 the policy states, because the
model’s focus is on studying how firm outcomes vary with emissions penalties (and external

financing costs in Section 2.3).°

Firm value. Firm value equals the expectation of all discounted proceeds to shareholders

until liquidation:

vugy:E@LAerﬁwmﬂz+eﬂﬁmmwKT, (4)

where the expectation is taken under the risk-neutral measure QQ, and e~ Jo rudu 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

na. The risk-adjusted cashflow shock under the risk-neutral measure Q is:
dA; = fuadt + oAd W, (5)

where W/ is a standard Brownian motion under the risk neutral measure Q and fi4 is the

risk-adjusted mean cashflow shock.” The following risk-adjustment applies:

fla = [ta — paONa, (6)

where p4 is the correlation between firm and aggregate cashflows, and 74 the market price

of cashflow risk.

6This 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.

"To highlight the key mechanisms, we initially model cashflows as an arithmetic Brownian motion, which
implies that all shocks are transitory. In Section 2.3, we relax this assumption by introducing persistence,
in line with extensive empirical evidence of persistent firm-level cashflows (e.g., Hennessy and Whited, 2007;
Gryglewicz et al., 2022).
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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:

0(is — v)?

T K = T+ Vi) (6, — 0) K

rV(K,s) = max{/lAK —isK —

1s

+ Z_ s [V(K,s7) = V(K,s)]

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 r. The right-hand side (RHS)
shows that firm value is increasing in incremental profits, which depend on the cashflow

8(i — v)?
(Z—V))K, and the carbon tax 7¢K. The term

growth rate 14K, net investment (i —
Vi (K, s)(i — §)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).
2.2.3 Benchmark model solution
The first-order condition on the above HJB yields:
qgs =1+ 0(is — v), (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
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adjustment cost parameter . This expression shows that in each state s, the firm optimally
sets 15 so that the marginal benefit of capital equals its marginal cost.

The first-best investment policy is given by:

TP =vt | r+0+ ) G
SF#ST

2
24f1a — |75 0 M s,s— (1 — qs-
- T+ 0 + Z Cs7s* - {/J/A [TS Tt +GZS:1 C B ( 4q )]}
SFEST

(9)

where ¢,- is the marginal ¢ in each other state s~. Average and marginal ¢ are equal due to
the homogeneity property of adjustment costs, so g,- also represents the scaled firm value
function V(K,s7)/K.

Eq. (9) implies that gross investment £ is positive only if ji4 > TS0+ o Cos—(1—
¢s-). When there is no uncertainty regarding the climate regulatory state (¢; - = 0V's), the
return on investment needs to exceed the neoclassical benchmark of (r + 0) by the amount
of the carbon tax 7¢. The effect of uncertainty on investment depends on the likelihood of
each state and on the marginal ¢,- values therein. When the transition-intensity weighted
average of the ¢,~ values is less than 1, then the term Zi\:l Cs.s- (1 — gs-) is positive, and
the threshold for a positive investment policy increases further.

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

I'B 1
01 _ (10)

d7§ 2 - N-1
2 —|7° 0 s~ (1 —qs-
9\/(7“ +0+ 5357&8— Cs,s*) - g [T +9251 Zal )]}

This expression represents the causal effect of a tax policy on investment in the presence of an-
ticipation, and it is always negative since # > 0. This means that an increase in the 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). Note that this result

differs from Albuquerque et al. (2026), who find that high-emissions firms may optimally in-
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crease investment prior to a carbon tax adoption. One reason is that the carbon tax in our
model is proportional to total capital, so pre-tax investment reduces long-term profitability,
while the emissions penalty in their model is a constant. Another is that a state change can
occur any time in our model, compared to just in 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:
N-1

_ a0 3 (e = 1)Gss-(g(s7) — q(s)) (11)

Hals) =T =0 405) ’

s=1
where pr(s) denotes the firm’s required rate of return in state s, and k4 captures the risk-
adjustment for the transition intensity out of state s, such that gts,s_ = e"* (s~ 1s the tran-
sition 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 g 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.” To understand
the intuition for this premium, first consider a case in which firm value is higher in state s
than other states s, that is, climate regulation has a negative effect on firm value. Then
ks > 0 and the second term is positive overall (since e —1 > 0 and ¢(s~) —¢(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, that is, climate regulation boosts firm value. The term is negative overall,

implying that anticipation of a potential switch to better states decreases the transition risk

8Tt also implies that the risk-neutral transition intensity 5575— 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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premium. Uncertainty about the climate regulation state therefore leads to greater return

volatility, consistent with Pdstor 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, introduce persistence in cashflows, and
allow for external financing. Firms make investment and financing decisions jointly (similar
to Bolton et al., 2011), and we introduce 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 param-
eter estimates. This is important for quantifying the causal effect of climate regulation, as
well as market participants’ prior expectations that any such 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 75 (K,
where 7§ _ 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 (2026), 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 marginal cost of ¢ ,. State-contingent financing costs represent the possi-
bility that in a state with high emissions penalties, brown firms face more difficulty raising
equity financing (e.g., due to higher information 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 funds). We denote the cumulative external financing process by F,
with dFE; denoting financing raised in each time increment.

Cashflows. The risk-adjusted cashflow shock scales with the firm’s underlying produc-

tivity P;. Under the risk-neutral measure Q cashflow shocks are given by:

dA; = [iaPidt 4+ 0 s P,dW, (12)
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where fi4 is the risk-adjusted drift of the productivity-scaled cashflow process, o4 is the
diffusion term and W/ is a standard Brownian motion under the measure Q.

Shocks to firm productivity are permanent, with productivity P given by:

dP, .
?t = Apdt + O'PthP, (13>

t
where fip is the risk-adjusted drift of the productivity process, op is the diffusion term and
th is another standard Brownian motion under the risk-neutral measure Q. The two Brow-

nian motion terms are correlated: thP thA = pdt. The following risk-adjustment applies:

ftp = pp — pPOPIP, (14)

where pp is the correlation between firm and aggregate productivity shocks, and np is the
market price of productivity risk. The risk adjustment for the drift of the productivity-scaled
cashflow process [i4 is still as given by Equation (6).

The firm’s incremental operating profit dY; now scales with capital K; and productivity

P,, and is determined by the following:
d)/t = dAth — It.Ptdt — P(]t, Kt)Ptdt — T;Ktptdt, (].5)

where I'(1;, K;) is defined as in the benchmark model.

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;, (16)

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.
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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 dF; 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 F policy, along with liquidation

time 7, to maximize its value:
EC {/ e "(dD; — dE; — v;4dEy) + e " (wK, Py + M) (17)
0

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. (17) shows that in each state, firm value depends on the cash stock M;, capital stock
K;, and the productivity level P,. Let V(M, K, P, 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 firm 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 _.° In the
interior region M € (M,, M,), firm value satisfies the following HJB equation under the

risk-neutral measure:

0(is — )2
rV(M, K, P, s) = max {{ﬂAKP—iSKP—u

s

KP— 75, KP+(r— A)M] Vi (M, K, P, s)

1
+ 5K2P2 o3 Vi (M, K, P, s) + Vg(M, K, s)(is — 6) K

1
_I—ﬂPVP(M? K7 P7S) + §U%VPP(M7 K7 P’ S)

+ 2 os- [V(M,K,P,s™) = V(M,K, P,s)] } (18)

Similar to the HIJB (7) of the benchmark model, the RHS of Eq. (18) details how each
of the state variables (M, K, P) 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

“When cash holdings become perilously low, the firm can either liquidate or raise significant external
financing. The threshold M, arises when liquidation provides greater firm value than continuation after
raising costly financing.
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growth rate 1K P, total investment and associated adjustment costs i, K +0(is,—v)?>K P/2, the
carbon tax 7§ (K P, 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 following two terms capture the effects of the changes in the productivity process P;.
The final term in Eq. (18) captures anticipation effects in the full model. As in Sec-
tion 2.2.2, this term depends on the transition intensity 587’8 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,P,s7) — V(M,K,P,s). Unlike in the benchmark model, this sensitivity of firm
value to the state change now depends on the firm’s cash holdings and physical capital. This
can represent that firm value decreases by more after the introduction of carbon taxes for

firms with less precautionary savings, as they 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 cash, capital and productivity:

M
V(M,K,P,s) = PKV(5z,s) = PK F(m,s), (19)

where m = M/PK 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 penalties on firms’ investment decisions, tak-

ing into account the anticipation of changes in climate regulation states. Note also that

1
VK = P(F(m?s) - mF,<m7 3))7 VM = F’(m, 3)7 VMM = WF”(m, S), Vp = K(F(m, 8) —

/ m2 " m 1
mF'(m,s)), Vpp = K?F (m) and Vpy = _FF (m).
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Given these properties, the HJB can be re-written as:

0(is — v)?

TF(m,s): ﬂA_is_ 9

1
—Th+ (r— )\)m} F'(m,s) + EaiF"(m, s)

1
+ fip [F(m, s) — mF'(m, s)] + §U%F"(m, s) — mopoapF" (m)

N-1

+ (is = 0) [F(m, s) = mF'(m, s)] + Y (s [F(m,s7) — F(m,s)]

s=1
Re-arranging this expression yields the following second-order coupled ordinary differen-

tial equation:

02
iy — 22— 4 (r— A= fip — i+ O)m| F'(m, s)

(T_;&P_is_l'(s)F(mas): la 9

hS

+ —(m?0% + 0% — 2moacpp)F"(m, s)

Z N =

+ - oo [F(m,s™) — F(m, s)] (20)

s=1

We derive the firm’s first-best choices by solving Eq. (20) numerically, using the upper
and lower boundary conditions on cash m for each state s. The first-order condition for

investment is given by:

i*(m,s)z%(%—m—l)%—u (21)

Eq. (21) shows that investment, which is a function of scaled cash m and the regulatory
state s, depends on both real and financial frictions. As in the benchmark model, invest-
ment 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).

18



3 Integration procedure: Overview and benefits

Our integration procedure adds three features to a standard structural estimation using
SMM.1Y First, the model allows for one or more state changes, to mimic the policy shocks
that DiD models typically use for identification. Second, the researcher specifies 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, a process that is determined by a matrix of
transition intensities 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 two possible states (s1, s2), the

transition matrix is:

Coist Gons
CSQ »S1 CSQ 52

where the element in row ¢ and column 7 is the transition intensity from state ¢ to state j.
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 z[z 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 the stochastic process determined by the transition
intensity values in 1& Because the policy state applies to the aggregate economy, when a
state change occurs, it affects 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.

OTnternet Appendix IA.2 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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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
assumptions about transitions between certain states. For example, setting (s, s, = 1 (and

thus (s, s, = 0) implies that the economy remains in state s, permanently once it arises.

3.2 Using DiD coefficients as moments

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 and a state change to mimic the
policy event.!! Also, a state change’s impact on the parameters in ¢ should differ across firm
types. For example, in our application, 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.(IA.3)) in Internet Appendix IA.2).!2

The moments obtained from DiD regressions are highly informative for identifying un-

known state-contingent parameters (including the transition intensities), because changes to

UDiD regressions can also be integrated with structural estimation of a model with a single representative
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.

120ur 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
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.
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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.

Model simulation can produce state changes that have not occurred in real life. Consider
a researcher who uses a three-state Markov chain and initially chooses positive values for
Csy,s0 and s, 5, In @Z In the first set of simulations, the economy’s state will change from s;
to s9 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 world market participants have anticipated but not experienced.

Our procedure needs to map the observed post-shock state to a specific state 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 anticipated 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 sz, 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 so. Thus, simulated moments can still

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

3.3 Comparison with calibration

Hennessy and Strebulaev (2020) and Hennessy and Livdan (2021) provide important contri-
butions to help researchers account for anticipation effects during model calibration. In con-

trast, our integration procedure focuses on model estimation.'* A key reason is that treated

13Section 4.3.1 discusses an empirical test to check whether the realized and counterfactual states are
correctly classified.

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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firms in most DiD analyses are usually different from the average sample firm, but existing
literature often provides estimates of economic model parameters only for the latter. As such,
researchers have little guidance on how to pre-set the values even of standard parameters for
green and brown firms. This limitation is evident in the firm value expression in Eq. (17),
which depends on firm- and state-specific financing costs that cannot be readily calibrated.

Model estimation can provide several additional benefits over calibration. It can yield
statistics regarding the uncertainty of parameter estimates. Additionally, it can match the
actual data along multiple dimensions (at least as many as the number of unknown model
parameters), while calibration typically matches only a few, often ad hoc, moments. Finally,
when the closed-form solutions from Hennessy and Strebulaev (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 not take into account important channels.

4 Economic model estimation

This section applies our integration procedure to the full economic model developed in Sec-
tion 2.3. We describe the sample and data used to calculate empirical moments and the
process for estimating or pre-setting model parameters. We report the results of the model’s
estimation, and also a counterfactual analysis that quantifies the anticipation bias in esti-

mates of the Paris Agreement’s causal 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 sampling procedure begins
with all U.S. firms in the intersection of these databases. To identify treated firms (corre-
sponding to brown firms in our model), we first measure each firm’s emissions intensity as
Scope 1 emissions scaled by total revenue. We measure this ratio in 2014, to account for
the typical lag in reporting of emissions data identified by Zhang (2025). Scope 1 emissions

are tons of carbon dioxide equivalent that a firm produces directly through its operations.
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Emissions scaled by revenues are more informative for comparing firms of different sizes than
absolute emissions (Zhang, 2025). We classify a firm as treated if its emissions intensity is
above the 66" percentile in 2014. To identify control firms (corresponding to green firms in
our model), we follow BK and match each treated firm to one firm with an emissions intensity
below the 66" percentile, using the nearest neighbor methodology without replacement.'®
This procedure results in a sample of 622 firms. The sample covers the last three months
(quarter Q4) of 2014 through Q4 of 2016. We omit Q4 of 2015, since it is not clear whether
firm outcomes in that quarter were determined before or after the Paris Agreement’s an-
nouncement on December 12, 2015. All empirical moments are measured using data from
this sample. Table 1 presents detailed definitions and summary statistics for the variables

used to construct the moments, including the DiD regression variables in Section 4.3.

4.2 Model parameters
4.2.1 Parameters to be estimated

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

We assume there are four possible climate regulatory states. The starting Pre state
involves no regulation, which implies no taxes on carbon emissions (75,., = 0) and no differ-
ences in financing costs between green and brown firms (yg pre = YB,pre). The other three
states involve some climate regulation, with positive taxes on carbon emissions (7¢ > 0) and
possible differences in external financing costs between green and brown firms. We denote
these states as Mild, Moderate and Strict, with 7510 < Tiroderate < TStrict-

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

4x4 matrix, whose rows/columns correspond to the Pre, Mild, Moderate and Strict states:

15We construct propensity scores by matching on the same set of variables as BK. We match on all
variables listed in Table 1, except for Stock return and FEquity issuance.
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CPre,Pre CPre,Mild CPre,Moderate CPre,Strict
0 Casitd, Mild CMild, Moderate 0
0 CModerate,Mild CMaderate,Moderate CModerate,Strict
L 0 0 <S'trict,Moderate CStrict,Strict ]

where each off-diagonal element ( ¢ denotes the transition intensity from state s to state s’.'

This transition matrix captures the dynamic nature of climate policies, by allowing
for regulation to either tighten (Casoderate,strict > 0) or weaken after initial adoption (Cazoderate, Mitd >
0 and Cstrict Moderate > 0). We make two key assumptions that reduce the number of addi-
tional transitions. First, once some climate regulation has been adopted, it is no longer
possible to return to a state without regulation ((asia,pre = Choderate,Pre = Cstrict,pre = 0).
Second, additional transitions are only possible between adjacent states (Casig, strice = 0 and
Cstrict.mrila = 0). These assumptions reflect the political reality that regulations are rarely
repealed in entirety, and also tend to be adjusted gradually.!” In our setup, the transition in-
tensities do not change over time. This implies that in the Pre period, firms already form con-
ditional beliefs about the likelihood that different regulations will be adjusted after adoption.

We estimate green and brown firms’ financing costs in the Strict state, as well as the
common financing cost in the Pre state. We further assume that financing costs change
linearly with the degree of environmental regulation. This simplifies the estimation, by al-
lowing us to directly calculate green and brown firms’ costs in the Mild and Moderate states
by linearly interpolating between their respective costs in the Pre and Strict states.

Overall, our set ¢ contains 12 unknown parameters to estimate:

Q;D = { CPre,Milda gPTe,Med7 CPraStrict) CMild,Med» CMed7Mz'lda CMed,Strict» CStricuMedy eGa
0B7 YPre, YG,Strict; ’YB,Stm'ct}'

We estimate the full model using SMM to obtain a value for each parameter in ). We

16Transition intensities are not probabilities, and need not have an upper bound of 1, but there is a direct
mapping between intensities and probabilities. Specifically, transition probabilities over a discrete time
interval dt are P(dt) = eZ'4 where Z is the intensity matrix.

"Our procedure can be easily extended to allow for additional transitions between the states. For
example, allowing mild emissions penalties to later be abandoned only requires estimation of one additional
parameter (aziid, pre-
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simulate an economy of 490 firms (a similar order of magnitude to our empirical data), whose
optimal choices are computed at a quarterly 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 occur starting in year 6. We simulate this economy S = 100 times in each
set of simulations. 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,
estimated using the influence function approach (Erickson and Whited, 2000). Table 5 lists
all of the moments used to identify the parameters in .

Following Section 3.2, we map the Paris Agreement to the Strict state during estimation,
and designate the Mild and Moderate states as counterfactuals that did not arise. One reason
for this choice is that the Paris signatories agreed to a goal of limiting temperature increases
to 1.5°C, which requires emissions penalties in line with high SCC estimates in Nordhaus
(2019). Moreover, few analysts or market participants indicated that they were anticipating
a significantly more ambitious set of climate goals than COP 21 produced.

We discard simulations in which the Mild or Moderate states arise or no state change
occurs. Notably, simulated model outcomes in the Pre state still depend in part on the tran-
sition intensities to the Mild or Moderate states and the financing costs in these states. This
is because firms’ optimal choices prior to the adoption of climate regulation take into account

the possibility that these states might arise (and also that the Moderate state is reversible).

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
is p = 0.4. We set the liquidation value to w = 1.

We calibrate the carbon tax rates to 7 arig = 0.49%, 7B Moderate = 1.83% and 75 sirice =

3.16% based on SCC estimates in Nordhaus (2019). Specifically, we first compute the aver-
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age Scope 1 emissions per dollar of assets across all treated firms in our sample. To obtain
Tp milg We multiply this amount by $37, which is the less stringent policy target estimate for
2015. Similarly, 75 st equals average emissions multiplied by $236, which represents the
most ambitious target of limiting temperature increases to 1.5°C. We set T aroderate @ the
midpoint between the Mild and Strict tax rates.

We set the k; parameters to kpr. = In(3), Kya = —In(3), Knmoderate = —In(3) and
Ksiriee = —In(3). These values are based on BCW, and they represent the fact 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 u = 0.26 and
cashflow volatility is set to o = 0.28, based on estimates from Gryglewicz et al. (2022). To
obtain these values, we first match firms across our and their samples, with a successful
match for 348 out of 622 firms. For the matched firms we then compute the median cash-
flow growth rate and volatility, productivity growth rate and volatility, and the correlation

between cashflow shocks and productivity shocks.

4.3 Identification of unknown model parameters
4.3.1 Transition intensities

We integrate our structural estimation with a DiD regression model that closely follows BK:
Yi: = Bo + b1 x Treated x Post + [y x Treated + 5 x Post +vX; s + i + €4, (22)

We estimate Eq. (22) using actual and simulated data for the quarterly outcome variables
Y;; of Stock return and Investment.'® In the actual data, Treated equals 1 for high-emissions
firms and 0 for matched low-emissions firms, as defined in Section 4.1. Post equals 1 for Q1
through Q4 of 2016, and 0 for Q4 of 2014 through Q3 of 2015. In the simulated data, we
designate half of firms in the economy as brown and half as green. 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 (i.e., during the initial Pre period).

BOur theoretical model does not include debt, so stock returns in the simulated dataset are unlevered
by definition. To facilitate proper comparison of empirical and simulated moments, we also un-lever Stock
return when measured using actual data.
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Table 2 shows regression results estimated on actual data. In columns (1) and (2), the
positive coefficient indicates that after the Paris Agreement, stock returns of brown firms
rose relative to those of green firms. This is consistent with the evidence in BK. In columns
(3) through (5), the negative interaction term coefficient implies that brown firms signifi-
cantly cut investment relative to green firms after the agreement. The coefficient estimates
are statistically significant at the 1% level in all specifications, and robust to inclusion of
firm fixed effects and various controls based on BK.!?

BK interpret the relative increase in brown firms’ stock returns after the Paris Agreement
as evidence that investors became more aware about these firms’ exposures to the risk of fu-
ture climate-associated regulation. In contrast, in our theoretical model the market price of
risk in Eq. (12) is not state-contingent. Instead, the relative increase in brown firms’ stock re-
turns arises because the Pre period transition risk premium was large enough that, even after
accounting for the capital loss from moving to Strict, the total realized return for brown rela-
tive to green in the post-period exceeds the brown-green return differential in the Pre period.

When estimating the model parameters in ¢, we compare the interaction term coeffi-
cients obtained from using actual and simulated data, when estimating Eq. (22) based on
the models in columns (1) and (4). We use these regression models because in the simulated
data we cannot compute most control variables, as they have no equivalents in the theoretical
model. The moment values are reported as 31, and 31 ger in Table 5.

Our integration procedure requires that the DiD coefficients are informative for iden-
tifying the transition intensities in . We verify this by conducting a set of comparative
statics exercises. These exercises take the final parameter values obtained from the struc-
tural estimation in Section 4.4, re-solve the theoretical model repeatedly by changing only
the transition intensities, and re-estimate Eq. (22) using the resulting simulated dataset. If
the DiD results change with the transition intensities, then this is strong evidence that the

regression-based moments provide unique identifying information.?°

YTable TA.3 documents similar results when classifying treated firms based on the 75" percentile of the
Scope 1 emission intensity in 2014, and then re-matching each of these firms to a control firm with emissions
below the 75" percentile.

20Tn these comparative statics, as we vary the transition intensity from the Pre state to another regulatory
state s, we keep the total exit intensity (Cpre,mitd+CPre, Moderate +CPre, Strict) constant. We do so to examine
only the impact of increasing the probability that, conditional on leaving state Pre, the economy moves di-
rectly into state s . This probability is effectively computed as CPTe’s/ /(CprestitatCrre Moderate +CPre, Strict )
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Figure 1 presents the estimates separately for the interaction-term coefficients /1 1, and
B1,ret, and for transitions from the Pre state to either the Mild or Strict states. Both
simulated DiD coefficients vary monotonically with the transition probabilities. Importantly
for identification, increases in the transition intensities to the Mild and Strict states have
opposite effects on the coefficient estimates, which is consistent with how anticipation should
affect firm outcomes. Specifically, when brown firms anticipate that the future carbon tax is
most likely to be small (corresponding to a high intensity ¢pye aria), @ subsequent realization
of the Strict state comes as more of a surprise, and leads brown firms to reduce investment
by a large amount (relative to green firms). The opposite is true when brown firms expect
a future carbon tax to most likely be high (a high intensity ¢presuict). They begin to cut
investment during the Pre state, and a realization of the Strict state then leads to a small
additional reduction in investment. For similar reasons, brown firms’ valuations of increase
more when the realization of the Strict state comes as more of a surprise (i.e., when ¢ pe rriig

is higher or ¢pye strict is lower).

4.3.2 Investment adjustment costs

The primary moments used to identify 65 and 6 are the variances of investment for green
and brown firms over the whole sample period. The variance of investment is an informa-
tive moment because firms smooth investment more when adjustment costs are larger. The
interaction term coefficient from Eq. (22), using investment as the outcome variable, also
provides additional identifying information. For example, when 6p 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 6. Further identifying information
comes from four moments that capture the covariance between investment and cash holdings

conditioning on firm type and time relative to the adoption of the carbon tax.

and is denoted as ¢p, . o in Figure 1.
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4.3.3 Financing costs

To help in the identification of the unknown financing cost parameters we also use moments
that relate to the frequency, size and variance of equity issuance. The model allows the financ-
ing costs to vary across states and firm types, so we construct four separate moments for each

statistic conditioning on green and brown firms, before and after the adoption of a carbon tax.

4.4 Structural estimation results

Table 3, Panel A, presents estimates of each unknown parameter in . The first seven rows
report estimates of each transition intensity, with the transition probabilities obtained from
these values reported in Table 4. Rows 1 through 3 of Table 3 show that the highest inten-
sity from the Pre state is (pre aria = 0.805, corresponding to a probability of 0.595. The
intensity from the Pre to Moderate state is roughly half as large, corresponding to a 0.098
probability. The intensity to the Strict state is almost 0. The three transition intensities
jointly imply a 0.307 probability of remaining in the Pre period. Overall, the results indicate
that firms’ observed choices around the COP 21 meeting are consistent with anticipation of
a relatively low carbon tax as the most likely meeting outcome. The data also indicate that
the strict level of climate goals that are actually contained in the Paris Agreement were
almost completely unanticipated by firms.

As shown in rows 4 through 7 of Table 3, firms further anticipated that if higher carbon
taxes were to be adopted at COP 21, then they would more likely be rolled back at some
future time than to be increased. Conditional on a switch to the Moderate state, firms
anticipated carbon taxes would later be reduced with 77.9% probability, remain constant with
22% probability, and increase with just 0.1% probability (the intensity Casoderate srita = 1.514
is much higher than Cuoderate,stricc = 0.003). Conditional on a switch to the Strict state,
firms anticipated regulation would later be loosened to the Mild or Moderate level with
a combined 30.5% probability. The transition intensity Cstrict moderate = 0.365 implies that
firms anticipated the highest carbon tax rate (if adopted) would remain in effect for about

33 months before being reduced.?! Interestingly, before COP 21 firms anticipated that if the

21Standard discounted cashflow reasoning suggests that near-term cashflows account for only a small
proportion of firm value, but this logic assumes that the terminal value is unaffected by the temporary

29



Mild state arose, it would essentially become an absorbing state. This is consistent with firms
anticipating that a low carbon tax regime would almost certainly not be expanded over time.

The standard errors on the transition intensity estimates show that Cpre asitd; CPre,Moderates
CModerate, Mild, @A Cstrict Moderate ar€ measured precisely, with t-statistics well above 2. The
transition intensity (pre sirict 1S measured less precisely, as are the additional transition in-
tensities to higher carbon taxes (ariid,pmoderate a0d Caroderate,strice- Lhis is likely because each
of these intensity values is close to its lower bound of 0.

The near-zero transition intensities reflect a joint identification requirement imposed by
two large and opposing data patterns. The data require a high Pre period transition risk
premium for brown firms so that its collapse at the Paris announcement generates a positive
return DiD, while simultaneously requiring that the Strict outcome was not priced in so that
investment falls sharply. Any direct probability assigned to (pye sirict destroys both responses
by compressing the gap between pre- and post-Paris valuations. The escalation intensities
Caild, Moderate a0 Cpfoderate, Strict are driven to zero by the same logic, though their impact is
indirect.

The investment adjustment cost parameters 65 = 18.29 and g = 62.24 are both large
and statistically significant. The higher adjustment costs for brown than green firms reflect
their greater difficulty to restructure capital stock in response to stricter climate regulation.
This is consistent with higher costs of retiring or adapting existing brown assets. Finally,
we estimate that before COP 21 the equity issuance cost was yp,.. = 0.187, and this cost
fell sharply for green firms after the Paris Agreement to vg sirice = 0.035. This is consistent
with investors rewarding these firms with cheaper equity access in a strict environmental
regulatory state. For brown firms, the issuance cost more than doubled to vp siricc = 0.458.

Table 5 lists the 18 moments that the SMM attempts to match during model estimation,

regulatory spell. In our model, firm value satisfies V(M, P, K,s) = PKF(m,s), which means that the
terminal value is directly proportional to the capital stock K. Since productivity P follows a permanent
process, investment suppression during the Strict regulatory spell permanently reduces K relative to
the no-Paris counterfactual, and because all future cashflows scale with K P, the entire future earnings
stream—including the terminal value—is affected. The financial frictions channel further amplifies this
effect. Higher financing costs for brown firms in the Strict state lead to reductions in investment beyond
what the carbon tax alone would imply. By the same reasoning, lower financing costs for green firms
significantly increase their investment and valuations. It is therefore the interaction between permanent
productivity, capital accumulation and state-contingent financing costs that allow a 33-month strict spell
to generate the significant investment and return DiD moments observed in the data.
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and reports their simulated and empirical values. The DiD coefficient estimates obtained
using model-simulated data very closely match the corresponding estimates obtained using
actual data, for both stock returns and investment. These moments carry the most direct
identifying information for the transition probabilities and the causal effects that are the fo-
cus of our analysis. The precision of the match is important for our counterfactual analysis:
As discussed in Section 4.5, anticipation bias is measured as the difference between the em-
pirical coefficient estimates in Table 5 and simulated coefficients obtained from estimating
the model without anticipation. This counterfactual exercise is less informative when the
simulated DiD coefficients with anticipation do not fit the actual data well.

The model does reasonably well at matching the equity issuance moments in the Pre
period. Simulated issuance frequencies and amounts for both green and brown firms are
all close to their empirical counterparts. However, in the model green firms optimally issue
more equity following the adoption of high carbon taxes than in the actual data, with a
simulated issuance frequency value of 0.046 compared to an empirical value of 0.009. One
possible explanation is that green firms in reality faced fewer investment opportunities in
the year after the Paris Agreement, which our model cannot capture because investment
opportunities do not change with environmental regulatory state.

The model fits the covariance moments less precisely, though this is of limited concern
since both the simulated and empirical values are close to 0. The model correctly captures
the key qualitative feature of the data—that cash holdings and investment are weakly related
within firms around the Paris Agreement—even if the small quantitative discrepancies are

not fully resolved.

4.5 Counterfactual analysis

To gauge the magnitude of how anticipation affects firm outcomes around the Paris Agree-
ment, we solve for firms’ optimal responses to the adoption of high carbon tax rates in the
counterfactual absence of any anticipation. Specifically, we run a set of model simulations
with all transition intensities except (pre pre set to 0, so firms assign a probability of 1 to stay-
ing in a regulatory state without carbon taxes. We set all unknown model parameters in ¢ to

the values estimated in Table 3. In this counterfactual, firms make optimal choices without
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considering carbon tax rates or financing costs outside their current state (i.e. each state is
considered permanent). The model begins at t = 1 in the Pre state, and we then artificially
impose a change to the Strict state in a future time period (necessary since (pye striet = 0 in
the counterfactual Markov chain matrix). We then re-estimate Eq. (22) using the simulated
dataset obtained from this set of counterfactual simulations. This exercise is analogous to a
reduced-form analysis of an exogenous policy change that is completely unanticipated, and
it provides quantitative estimates of the causal effects of the Paris Agreement.

Table 6 compares the DiD coefficients from the counterfactual simulation to the empirical
estimates. The counterfactual estimates represent the true causal effects of the Paris Agree-
ment, since they are not affected by anticipation. The counterfactual DiD estimate [ rp,
is -0.0021 (standard error of 0.0001), while the empirical estimate is -0.0015 (standard error
of 0.0004). This implies that anticipation biases the true effect of the Paris Agreement on
investment by 29% (standard error of 0.03). The economic interpretation is straightforward:
Because brown firms anticipated the adoption of relatively low carbon taxes at COP 21,
they already invested less before the meeting (relative to green firms) than they optimally
would have in the absence of anticipation. The realization of ambitious climate goals in the
Paris Agreement therefore produced smaller investment changes than would have occurred,
had firms completely not expected any form of environmental regulation.

The counterfactual DiD estimate 1 ge; is 0.0565 (standard error of 0.0015), compared to
the empirical estimate of 0.0440 (standard error of 0.0098). This implies that anticipation
biases the Paris Agreement’s true effect on firm valuations by 22% (standard error of 0.02).
Anticipation produces smaller bias for the true effect on returns than on investment. This
is because the return DiD captures changes in two components of the risk premium: the
productivity risk premium (which is attenuated by anticipation, as with investment) and the
transition risk premium, which is elevated in the Strict state because of potential loosening
(Cstrict, Moderate > 0), which inflates Post-period returns in the empirical case relative to the
counterfactual, partially offsetting the attenuation.

In comparison, we estimate that the anticipation bias for investment implied by the an-

alytical formula of Hennessy and Strebulaev (2020) is 64%, i.e., more than double the 29%
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estimate that our procedure produces.?? The analytical formula produces a larger bias esti-
mate because it does not account for financing frictions and precautionary savings motives,
which partially offset the investment response to anticipated carbon costs and reduce the
degree of pre-adjustment. This indicates that our integration procedure provides comple-
mentary information for refining causal effect estimates. (The formula does not extend to
stock returns, which are not an accumulation variable.) Another benefit of our structural
approach is that it can quantify the uncertainty in the bias estimate. Finally, the HS cal-
culation itself requires as inputs the estimated transition intensities which come from our
structural estimation, so the formula is not an independent check but a reduced-form pro-
jection of the structural model onto the linear-quadratic benchmark it was derived under.
Our structural counterfactual remains internally consistent with the full nonlinear model
including financing frictions and precautionary savings motives, and it simultaneously cor-
rects for anticipation bias across all moments while preserving the economic mechanisms

that generate the differential attenuation across decision variables.

5 Application of the framework in other settings

Our integration procedure can be applied to a wide range of unprecedented but anticipated
policy events, including some that are unrelated to environmental regulation. This section de-
scribes the steps needed to do so, and proposes two ideas for generalizing our procedure. We
focus on applications that require adding only a few steps to standard reduced-form studies.

Consider a reduced-form study of a policy event that was moderately or highly antici-
pated. Our integration procedure can estimate transition probabilities, given the following
inputs: (i) an economic model of the policy setting, with a possibility of state changes; (ii)

a numerical algorithm that repeatedly simulates the model and estimates unknown param-

22Hennessy and Strebulaev (2020) relate the observed DiD on a firm’s accumulation decision (ATE)
to its true causal effect (ACE) through the ratio of transient to permanent shadow values of capital:
ATE/ACE = Aq/Aq, where Agy = (by — b1)/(r — fip + J) is the permanent shadow value gap if the
realized state lasted forever, and Aq = q4 — q1 solves the four-state augmented transition system using the
estimated Markov intensities. Since cash flows in our model scale with productivity P;, the relevant discount
rate is 7 — jip + d = 0.2084, rather than r + §. Using our estimated transition intensities and tax schedule,
the permanent gap is Ags, = —0.1996 and the transient gap is Ag = —0.0725, yielding ATE/ACE = 0.36
and an implied bias of 64%.
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eter values; (iii) a list of moments along with their empirical values in the data; and (iv)
a mapping of the realized policy event to one states of the model. Once researchers have
obtained transition probability estimates, they can choose from several approaches to adjust
reduced-form estimates for anticipation bias, and to provide information about the policy’s
true causal effects.?

For most reduced-form researchers, the economic model and numerical algorithm are the
most challenging inputs to provide. Each type of policy event may require its own modeling
framework, and it is not straightforward to incorporate state changes into benchmark models
used in the literature. Regarding simulation, many economic models—especially dynamic
models without closed-form solutions—are computationally intensive to solve. However, key
steps of the simulation can be encoded in a generalized script, which estimates a model us-
ing researcher-provided data on reduced-form estimates and other empirical moments. This
would allow researchers to automate much of the model estimation process.?* Regarding
moments, most are straightforward to measure from widely available data, though prior
experience with model estimation can help researchers to identify appropriate moments.?®

Thus, the key constraint for generalizing our procedure is the economic model. A gener-
alizable model needs to be simple enough for reduced-form researchers to understand which
moments to use for estimation. It also needs to be applicable to numerous types of policy
events—so that researchers do not need to write a new model for each study—and to in-
corporate different firm types that correspond to the treatment and control groups of the
reduced-form part of the study.

We propose two ideas that may fit these criteria. First, our benchmark model of car-

23A simple approach is to verbally evaluate the severity of anticipation bias, and to provide guidance
on whether reduced-form estimates constitute an upper or lower bound on the true effect. In some
cases, reduced-form estimates can be scaled directly by transition probabilities. Further, causal effects
can be credibly estimated using counterfactual analysis, which requires solving a model but is much less
computationally intensive than structural estimation.

24We are currently developing such a script to potentially disseminate to researchers who want to use our
integration procedure. Besides estimating model parameters, a script can also execute comparative static
exercises to help researchers identify candidate moments.

25Proper identification in model estimation requires that, for each unobservable model parameter, the
researcher chooses at least one moment that is highly sensitive to changes in the parameter’s value. For
example, we verify that our DiD moments are highly sensitive to the transition intensities (see Figure 1).
Proper moment selection requires a thorough understanding of the economic model’s key frictions and the
overall structure of the actual data.
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bon taxes is a simple extension of a standard dynamic investment model commonly used
in finance (Hayashi, 1982; Abel and Eberly, 1994; Cooper and Haltiwanger, 2006). Carbon
taxes are represented by a single parameter that affects firm profits in a linear and additive
manner. This parameter could also represent numerous other costs or frictions that firms
face. Thus, our model can be applied to several other unprecedented policy events that
affect corporate investment, such as the imposition of major tariffs due to trade wars, energy
price shocks due to major geopolitical shocks, or major technological shocks that reduce
operating costs, such as the release of agentic AI models. Our benchmark model can be
used for policy events that do not significantly affect firm financing costs, and it produces
closed-form solutions and is computationally easy to estimate.

As one example, Table IA 4 illustrates how our procedure could be used to refine estimates
of the effect of tariffs on corporate investment. At the start of the first Trump presidency,
firms likely formed beliefs about the possible level of future tariffs, and took these beliefs into
account when making investment decisions. In our model from Section 2.2, the carbon tax
parameter can be re-defined as a cost that represents tariffs, fixed costs of exporting, or sup-
ply chain rigidities. The cost should vary across different trade policy states, and across firms
that derive high versus low profits from international trade. Model simulation could show
how firms optimally adjust investment, when transitioning from an initial state with no tariffs
to one of the states with tariffs. Transition intensities into various tariff regimes could be iden-
tified using reduced-form DiD estimates of investment spending around tariff announcements.

Second, our integration procedure could be applied to a political economy model of pol-
icy adoption. Researchers could first develop a model of optimal corporate political spend-
ing (donations or lobbying), given initial uncertainty about the policy’s possible outcomes.
Transition probabilities into different policy states could then be obtained by estimating
the model, using reduced-form estimates of changes in corporate spending around politi-
cal events as a key identifying moment. For example, if green firms significantly increase
lobbying following the election of a climate-friendly politician, this could indicate high an-
ticipation of a future carbon tax. A key advantage is that political spending is an observable

and relevant outcome for many types of policy events, and hence a single model could be
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applied to estimate transition probabilities in many settings.?%

6 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 practical guidance for

addressing the gap between true causal effects and conventional estimates.

260ne candidate is the model of corporate lobbying Kang (2016). This model features competition
between coalitions with heterogeneous benefits from a policy, which maps naturally to treatment and control
groups in a reduced-form setting. The model also features an exogenous probability that a policy will be
adopted, which allows for uncertainty that can be resolved after a regime change. Kang (2016) only models
two possible policy outcomes (adoption or non-adoption), and thus must be extended to multiple outcomes.
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Figure 1: Comparative statics. This figure reports coefficient estimates for Treated x Post,
obtained by estimating Eq. (22) using a dataset of simulated model outcomes. For each panel, a set
of 50 simulations is run on the full model from Section 2.3, with the transition probability ¢ pre nriia
or @pre,sirict Set to the corresponding value on the x-axis. The transition probability ¢pre sirict
represents the probability of a direct jump from the Pre state to the Strict state, conditional on
leaving the Pre state. As this transition probability varies along the x-axis, the total exit intensity
out of state Pre, as well as the ratio between the intensities from state Pre to the Mild and Moderate
states is maintained constant. The transition probability ¢ pye arriig across these comparative statics
is computed similarly. The unknown model parameters are set to the estimated values reported in
Table 3. The dashed red line denotes the baseline which is the estimated value of the transition
probability.
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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 622 U.S. firms in the intersection
of Compustat, CRSP, and S&P Trucost, and covers the last three months (quarter Q4) of 2014
through Q4 of 2016 (Q4 of 2015 is omitted). Stock return is the unlevered quarterly stock return.
We first cumulate the raw monthly return (CRSP data item RET) over each quarter. We then un-
lever the raw return by dividing it by (14 (1—7)D/E), where 7 is the firm’s marginal tax rate (data
item MTR_.BEFORE_INTEREST from John Graham’s tax dataset) and D/E is the total debt-
to-equity ratio. Total debt is the sum of short-term (Compustat data item DLCQ and long-term
(DLTTQ) debt, and equity is the firm’s stock market capitalization, measured at the end of each
quarter as the price per share (PRCC(Q) multiplied by shares outstanding (CSHOQ). Investment
is the quarterly change in year-to-date capital expenditures (data item CAPXY") scaled by total
assets (AT'Q). Size is the natural logarithm of the stock market capitalization. Market-to-Book is
stock market capitalization plus total debt, all divided by the sum of total debt and book value of
equity (CEQQ). Leverage is total debt scaled by total assets. ROE is net income (NIQ) scaled
by stock market capitalization. PPFE is the natural logarithm of property, plant and equipment
(PPENTQ). Beta is the average market beta over the calendar quarter. Equity issuance is the
amount of equity issued in each calendar quarter (STTK Q) scaled by total assets. This value is
truncated from above at the 98th percentile of positive observations, and from below at 2% to avoid
stock issuance related to the exercise of employee stock options (in line with evidence in McKeon
(2013)). Additional variables are used only in propensity score matching: Mom is the monthly
raw stock return cumulated over the previous 12 months. HHI is the Herfindahl-Hirschman
index of concentration of the firm’s revenues (Compustat Historical Operating Segment data item
SALES) across all of its business segments. Volatility is average of the monthly stock return
volatility (CRSP data item VOL) during the quarter. Sales growth is the year-on-year change in
quarterly sales (Compustat data item SALEQ) scaled by market capitalization. EPS growth is
the year-on-year change in diluted EPS excluding extraordinary items (EPSF X Q) scaled by the
price per share. The table reports statistics for Equity issuance only for quarters in which issuance
occurs. All variables except for Fquity issuance are winsorized at the 2.5% and 97.5% levels.

Variable Mean St. Dev. 25 Perc. Median 75 Perc. N

Stock return 0.014 0.123 -0.053 0.008 0.077 3,872
Investment 0.014 0.012 0.006 0.011 0.018 5,144
Size 8.647 1.577 7.780 8.651 9.577 5,398
Market-to-Book 2.106 1.355 1.216 1.674 2.492 5,232
Leverage 0.301 0.169 0.189 0.291 0.401 5,258
ROF 0.002 0.040 0.003 0.011 0.017 5,395
PPE 7.607 1.857 6.367 7.633 8.983 5,377
Beta 0.246 0.143 0.136 0.225 0.341 3,966
Equity issuance 0.021 0.044 0.005 0.007 0.013 465
Mom 0.019 0.091 -0.029 0.020 0.065 3,964
HHI 0.251 0.154 0.141 0.224 0.333 3,854
Volatility 0.095 0.059 0.057 0.076 0.111 3,969
Sales growth -0.021 0.079 -0.028 -0.001 0.010 5,389
EPS growth -0.003 0.041 -0.008 0.000 0.005 5,402
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Table 2: DiD regressions in actual data. This table reports results from DiD regressions
(Eq. (22)) estimated using actual data. The sample is 622 U.S. firms in the intersection of
Compustat, CRSP, and S&P Trucost, and covers the last three months (quarter Q4) of 2014
through Q4 of 2016 (Q4 of 2015 is omitted). The dependent variable is Stock return in columns
(1) and (2), and Investment in columns (3) through (5). Post equals 1 for Q1 through Q4 of
2016, and 0 for Q4 of 2014 through Q3 of 2015. Treated equals 1 for firms whose ratio of Scope
1 emissions to revenues (Trucost data item DI 319413 divided by Compustat data item SALE)
ranks above the 66" percentile of the distribution in 2014, and 0 for a matched set of firms whose
emission intensities are below the 66" percentile. In columns (4) and (5), we control for lagged
values of investment from the previous three quarters. Standard errors are clustered by firm and
presented in parentheses. *** ** * indicate significance levels of 1%, 5%, and 10%, respectively.

Outcome Stock return Investment
(1) (2) (3) (4) (5)
Treated x Post 0.0440***  0.0409%** —0.0023***  —0.0015*** —0.0013***
(0.0098) (0.0086) (0.0008) (0.0004) (0.0004)
Post 0.0351%%*  (0.0227%** —0.0011***  —0.0007*** —0.0003
(0.0061) (0.0065) (0.0003) (0.0002) (0.0002)
Size —0.1160*** 0.0012**
(0.0223) (0.0006)
Market-to-Book —0.0674*** 0.0004
(0.0188) (0.0003)
Leverage —0.0776 —0.0106***
(0.0669) (0.0030)
ROE 0.3079%** 0.0126**
(0.0864) (0.0053)
PPE —0.0775*** —0.0004
(0.0254) (0.0010)
Beta —0.0187
(0.0274)
Lagged investment No No No Yes Yes
Firm fixed effects Yes Yes Yes Yes Yes
N 3,421 2,888 4,563 4,537 4,393
R-squared 0.1599 0.3061 0.7622 0.7798 0.7849
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Table 3: Model parameter estimates. This table presents estimates for each unknown model
parameter in the set 1), obtained by estimating the full model from Section 2.3 following our
integration procedure as described in Section 4. The model is estimated using SMM. Parameters
in Panel A are directly estimated. In Panel B, the parameters for green firms are calculated by
linearly interpolating between the estimates for vp,. and g s¢rict, while the parameters for brown
firms are calculated by linearly interpolating between the estimates for vp,. and vp strict-

Description Symbol Estimate Std. Error
Panel A. Estimated parameters

(1) Transition intensity from Pre to Mild CPreMitd 0.8049 (0.0010)
(2) Transition intensity from Pre to Moderate Crreiaitmatic 0.3762 (0.0020)
(3) Transition intensity from Pre to Strict CPre,Strict 0.0001 (0.0024)
(4) Transition intensity from Mild to Moderate CMild, Moderate 0.0010 (0.0023)
(5) Transition intensity from Moderate to Mild CModerate, Mild 1.5139 (0.0006)
(6) Transition intensity from Moderate to Strict CModerate,Strict 0.0034 (0.0020)
(7) Transition intensity from Strict to Moderate CStrict, Moderate 0.3651 (0.0012)
(8) Investment adjustment costs for green firms e 18.2948 (0.0018)
(9) Investment adjustment costs for brown firms 0p 62.2435 (0.0001)
(10) Marginal cost of equity issuance in Pre state YpPre 0.1871 (0.0002)
(11) Marginal cost of equity issuance for green firms in Strict state VG, Strict 0.0353 (0.0001)
(12) Marginal cost of equity issuance for brown firms in Strict state VB, Strict 0.4584 (0.0002)
Panel B. Interpolated parameters

(13) Marginal cost of equity issuance in Mild state (green) Ve, Mild 0.1365

(14) Marginal cost of equity issuance in Moderate state (green) VG, Moderate 0.0859 —
(15) Marginal cost of equity issuance in Mild state (brown) VB, Mild 0.2776 —
(16) Marginal cost of equity issuance in Moderate state (brown) YB,Moderate 0.3680 —

Overidentification test:  J-statistic = 115,985,434.11  x2(6)  p-value = 0.000
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Table 4: Implied annual transition probability matrix. This table reports the annual
transition probabilities across the different regulatory states. This matrix is calculated over
discrete time interval dt as eZ %, where Z is the matrix of transition intensities reported in Table
3. Each row gives the probability of transitioning from the current state (denoted by the row
label) to each possible state (denoted by column labels) over a one-year horizon.

Pre Mild  Moderate  Strict

Pre 0.3069 0.5945  0.0983  0.0003

Mild 0.0000 0.9995  0.0005  0.0000

Moderate 0.0000 0.7788  0.2198  0.0014

Strict 0.0000 0.1550  0.1505  0.6944
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Table 5: Simulated and empirical moments. This table lists the 18 moments that the
SMM attempts to match during model estimation, reporting their empirical and simulated
values. Standard errors are reported in parentheses. Empirical standard errors are computed
from the influence function with firm-level clustering. Simulated standard errors are computed
via the delta method. The table also reports t-statistics that of the null hypothesis that the

empirical moment m; © equals the simulated moment m$™. The t-statistics are computed as

(MM — sy / S/E(mfmp). Panels A and B report moment values multiplied by 100, while Panel

C reports values multiplied by 10,000. In Panel A, 1 1n, and 31 ret are the coefficient estimates
Treated x Post obtained from regression based on columns (4) and (1) of Table 2.

Description Empirical Simulated t-stat

Panel A. Difference-in-difference moments

(1) Bi.rnw —0.152 —0.134 —0.42
(0.043) (0.010)

(2) Brret 4.399 4.709 —0.32
(0.980) (0.310)

Panel B. Equity issuance moments

(3) Issuance frequency green firms before 1.184 1.245 —0.17
(0.367) (0.290)

(4) Issuance frequency green firms after 0.941 4.545 —9.76
(0.369) (0.350)

(5) Issuance frequency brown firms before 2.224 2.002 0.42
(0.526) (0.750)

(6) Issuance frequency brown firms after 3.809 3.193 0.79
(0.777) (0.440)

(7) Issuance amount green firms before 3.906 5.454 —1.33
(1.161) (0.820)

(8) Issuance amount green firms after 4.485 5.428 —0.15
(6.315) (0.150)

(9) Issuance amount brown firms before 4.617 5.551 —1.07
(0.876) (0.000)

(10) Issuance amount brown firms after 4.724 4.336 0.37
(1.052) (0.350)

Panel C. Second moments

(11) Variance of issuance amounts green firms 1.972 3.275 —0.08
(15.588) (0.500)

(12) Variance of issuance amounts brown firms 1.628 2.656 —0.38
(2.729) (0.500)

(13) Variance of investment green firms 0.209 0.003 7.62
(0.027) (0.020)

(14) Variance of investment brown firms 0.551 0.004 9.46
(0.058) (0.020)

(15) Covariance of cash and investment green before —0.047 0.019 -1.07
(0.062) (0.020)

(16) Covariance of cash and investment green after —0.095 0.021 —1.76
(0.066) (0.010)

(17) Covariance of cash and investment brown before —0.342 —0.020 —3.12
(0.103) (0.010)

(18) Covariance of cash and investment brown after —0.287 —0.040 —2.49

(0.099) (0.030)




Table 6: Anticipation bias in DiD moments. This table reports the coefficient estimates
Treated x Post, obtained from using various panel datasets to run regressions based on columns
(4) and (1) of Table 2. The column Counterfactual reports estimates from a counterfactual dataset
obtained from simulated the model with all transition intensities in v set to zero (no anticipation),
and other parameters set to the values in Table 3. The column Empirical reports estimates from
the actual data. Standard errors are in parentheses. We compute simulation standard errors
for Counterfactual and Estimated (based on 5 independent replications of 50 simulations each)
and firm-clustered standard errors for Empirical. A is the difference between Counterfactual and

Empirical, with standard errors in parentheses calculated as \/ SEZ unter Ffactual T SE2Empirical' Bias

is calculated as Bias = 1— Empirical/ Counterfactual and thereby measures the fraction of the
causal DiD coefficient attenuated by anticipation, with standard errors based on the delta method
in parentheses. Asterisks on FEstimated indicate whether it differs statistically from Empirical:
*p < 0.10, **p < 0.05, ***p < 0.01.

Moment Counterfactual Empirical A Bias
B, 10w —0.0021 —0.0015 —0.0006 0.29
(0.0001) (0.0004) (0.0004) (0.03)
B1,Ret 0.0565 0.0440 0.0125 0.22
(0.0015) (0.0098) (0.0099) (0.02)
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Internet Appendix
for

Addressing Anticipation Effects in Finance

This internet appendix provides a calibration of the model with the goal to show how
measured treatment effects can deviate from causal effects, a general overview of the SMM

approach, and additional tables.



IA.1 Calibration

TA.1.1 Setting

In this internet appendix, we provide a calibration of 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 = Va1 = 6% 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 ¢po = 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 = 6%. 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 g3 = 6%); the
fixed cost of equity issuance for brown firms is ¢5 3 = 2% and the marginal cost is y5 3 = 6%.
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

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



transition intensities to these states to: ((2) = (1,3 = 0.3. To simplify the analysis, we
consider these states as absorbing states: once reached, the economy cannot move to any
other state (implying (1) = (23) = (3,2) = (31) = 0). The probability of staying in State
1is Cuy) = 1= (a2 — 3 = 0.4 and the corresponding duration of State 1 is 2.5 years
(1/¢a,1y)- 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.

Baseline results

Figure TA.1 shows how average g 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.1.2 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 IA.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
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opposite occurs when State 3 is realized.

We run the following regression model in simulated data:
Yi+ = Bo + B1 x Treated x Post 4+ B2 x Treated + 5 x Post + €4, (IA.2)

where Y; ; denotes the outcome variable in the regression, Treated equals 1 for brown firms,
and 0 otherwise, and Post equals 1 when the state has switched out of State 1, and 0
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 TA.1.1, 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.1.3 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 (75). 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 75 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. Figure
IA.6 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.
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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
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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
(1) (2) 6 @
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.2 General overview of SMM

In this internet appendix, we provide a general overview of the SMM approach. It is tar-
geted primarily to reduced-form researchers that might be less familiar with the approach.
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 1& 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 . 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
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average choice of cash holdings, or the volatility of its cashflows. The researcher typically
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
m”m(@ﬁ) 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 1&, the next guess is determined by the value of the objective function :

MlSAsimAlelsAsimA TA.3
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 @
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 ¢ 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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TIA.3 Additional tables

Table IA.3: DiD regressions in actual data—Alternative treatment indicator This table
reports results from DiD regressions (Eq. (22)) estimated using actual data. The sample is 462
U.S. firms in the intersection of Compustat, CRSP, and S&P Trucost, and covers the period from
Q4 of 2014 through Q4 of 2016. The dependent variable is Stock return in columns (1) and (2),
and Investment in columns (3) through (5). Post equals 1 for Q1 through Q4 of 2016, and 0 for
Q1 through Q3 of 2015 (Q4 of 2015 is omitted). Treated2 equals 1 for firms whose ratio of Scope
1 emissions to revenues in 2014 ranks above the 75" percentile of the sample distribution, and 0
for a matched set of firms whose emission intensities are below the 75" percentile. For Investment,
lagged investment controls include the first three quarterly lags of Investment. Additional controls
include lagged values of Size, Market-to-Book, Leverage, Cash, ROE, and PPE. For Stock return,
controls include lagged values of Size, Market-to-Book, Beta, Leverage, Cash, ROE, and PPFE.
All specifications include firm fixed effects. Standard errors are presented in parentheses. *** **
* indicate significance levels of 1%, 5%, and 10%, respectively.

Outcome Stock return Investment
(1) (2) (3) (4) (5)

Treated?2 x Post 0.0398**  0.0373** —0.0028**  —0.0017*** —0.0014**

(0.0145)  (0.0126) (0.0008) (0.0004) (0.0004)
Lagged investment No No No Yes Yes
Additional controls No Yes No No Yes
Firm fixed effects Yes Yes Yes Yes Yes
N 3,105 2,611 3,378 3,352 3,244
R-squared 0.1617 0.3069 0.7344 0.7556 0.7628
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Table TA.4: Extension of methodology to other settings. This table illustrates step-by-step
how our approach can be used to examine the role of anticipation effects in a trade war setting.

Step

Our Paper: Paris Agreement

Alternative Setting: Trade War

1. Define policy event

Paris Agreement is treated as a major
anticipated climate-policy shock.

A trade-war event could be the an-
nouncement or implementation of new
tariffs, export controls, sanctions, or
retaliatory measures.

2. Define treated and
control groups

Treated firms are high-emissions
“brown” firms; control firms are
lower-emissions “green” firms.

Treated firms are firms highly exposed
to tariff-targeted countries or indus-
tries; controls are firms with low ex-
posure.

3. Estimate reduced
form

Estimate DiD effects around Paris
Agreement for outcomes such as in-
vestment, cash holdings, and stock re-
turns.

Estimate DiD effects around tariff an-
nouncements for imports, exports, in-
vestment, inventories, markups, em-
ployment, or stock returns.

4. Build structural
model

Model embeds carbon taxes, invest-
ment adjustment costs, costly exter-
nal finance, and cash-saving motives.

Model could include tariffs, fixed ex-
port/import costs, supply-chain ad-
justment costs, inventory frictions,
and financing constraints.

5. Add anticipation

Firms assign probabilities to future
climate-policy states: no regulation,
mild, moderate, or strict regulation.

Firms assign probabilities to future
trade-policy states: no tariff, mild tar-
iff, broad tariff, retaliation, or escala-
tion.

6. Simulate panel
data

Model simulates green and brown
firms before and after possible
climate-policy transitions.

Model simulate high- and low-trade-
exposure firms before and after possi-
ble tariff or retaliation states.

7. Re-estimate re-
duced form in simu-
lated data

Same DiD specification used in the
real Paris Agreement data is run on
the simulated model-generated data.

Same empirical DiD or event-study
design would be run on simulated
trade-war data.

8. Match simu-
lated and empirical
moments

SMM chooses parameters so that sim-
ulated DiD coefficients and other mo-
ments match empirical estimates.

SMM chooses tariff-belief probabil-
ities, adjustment costs, and trade
frictions so that simulated estimates
match observed responses.

9. Recover parame-
ters and beliefs

Recover firms’ implied beliefs about
the probability of climate regulation
before Paris.

Recover firms’ implied beliefs about
tariff escalation or retaliation before
the trade-war announcement.

10.  No-anticipation
counterfactual

Model is re-solved with pre-event
transition probabilities set to zero.

Model is re-solved assuming firms did
not anticipate tariffs or retaliation.

11. Quantify antici-
pation bias

Compare observed reduced-form ef-
fects with the no-anticipation causal
effect and show that reduced-form es-
timates understate the Paris effect.

Quantify whether tariff studies under-
state or overstate true effects because
firms adjusted sourcing, inventories,
prices, or investment before the an-
nouncement.

12.  Counterfactual
policy analysis

Model can compare alternative
climate-policy paths or belief distri-
butions.

Model can compare alternative tar-
iff designs, gradual versus sudden
implementation, exemptions, retali-
ation probabilities, or credible pre-
announcement signals.
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