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Abstract

This paper investigates the real effects of climate disclosure requirements. I develop

a model in which firms are financed by responsible investors who are heterogeneous

in their aversion to holding polluting firms and are imperfectly informed about firms’

externalities. I demonstrate that improving climate disclosure requirements has an am-

biguous impact on welfare and pollution due to two different effects. First, it reduces

the size of the dirty sector. Second, it also reshapes firms’ shareholder base, result-

ing in the dirty firm being financed by investors who are, on average, less concerned

about pollution. This latter effect undermines the dirty firm’s incentives to adopt green

technology. This challenges the conventional view that improving climate disclosure is

beneficial and suggests that some level of greenwashing could be optimal. Using data on

the staggered adoption of mandatory climate disclosure requirements across countries,

I provide supportive empirical evidence of these mechanisms.
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1 Introduction

Climate disclosure requirements have become increasingly prominent over the last decade.

For example, the Corporate Sustainability Reporting Directive (CSRD), a new EU regulation

that entered into force on 5 January 2023, strengthens rules regarding the social and environ-

mental information that firms must report. The Council of the EU emphasized that the CSRD

could “attract additional investment and funding to facilitate the transition to a sustainable

economy”. In the US, the SEC climate rules adopted on 6 March 2024 require domestic US

companies to disclose qualitative and quantitative climate-related information.1

Conventional wisdom suggests that promoting more transparent information benefits

sustainable investments, allowing more informed decisions from market participants, which

could facilitate firms’ adoption of more sustainable technologies. Recent empirical studies also

view climate disclosure requirements as beneficial. Ilhan, Krueger, Sautner, and Starks (2023)

document that institutional investors value and demand climate risk disclosures. Krueger,

Sautner, Tang, and Zhong (2024) find a positive relation between firms’ ESG disclosure

requirements and stock liquidity and conclude that regulations promoting ESG disclosure

benefit capital markets.

In this paper, I investigate the real effects of climate disclosure requirements under en-

dogenous shareholder base formation. I show that improving climate disclosure requirements

has ambiguous effects on pollution and welfare in equilibrium when accounting for heteroge-

neous shareholder preferences toward externalities.

On the one hand, more stringent climate disclosure requirements reduce the mass of

investors investing in the dirty sector, thereby reducing pollution. On the other hand, it also

reshapes firms’ shareholder bases, resulting in dirty firms financed by investors who are, on

average, less concerned about pollution. This latter effect undermines the adoption of green

technology by dirty firms. This implies that the impact of more stringent climate disclosure

1The SEC climate rules require firms to disclose information ranging from greenhouse gas emissions to

expected climate risks to transition plans. Other prominent climate disclosure regulations include California’s

climate disclosure law and the International Sustainability Standards Board (ISSB), which launched its first

set of proposals on ESG reporting standards in June 2023.
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requirements on pollution and welfare is ambiguous.

More specifically, I develop a model in which two firms (clean and dirty) are financed

by a continuum of responsible investors. The dirty firm is more productive than the clean

firm, but generates pollution. After receiving funding from investors, the dirty firm decides

whether to operate its current production technology or to adopt a less polluting or green

technology at a cost. Investors are heterogeneous in their aversion to holding polluting firms

and decide which firm to invest in, anticipating firms’ adoption decisions. In particular, while

some investors are mainly concerned with financial returns, others suffer from a high disutility

when investing in a polluting firm. More specifically, investors exhibit warm-glow disutility

in investing in polluting firms, in line with empirical evidence on social preferences (see Riedl

and Smeets (2017), Heeb, Kölbel, Paetzold, and Zeisberger (2023), or Bonnefon, Landier,

Sastry, and Thesmar (2025)). Moreover, investors do not know which firm is polluting, but

they receive an informative signal before investing about which firm is clean and which is

dirty. The precision of the signal is exogenous and reflects the stringency of the climate

disclosure requirements imposed by the regulator.

In this framework, I demonstrate that improving climate disclosure requirements de-

creases the mass of investors who choose to invest in the dirty firm, thereby reducing the size

of the dirty sector. However, it also reshapes firms’ shareholder base, resulting in the dirty

firm being financed by investors who are, on average, less concerned about pollution. The

latter effect undermines the incentive of the dirty firm to adopt green technology. Depending

on which of these effects dominates, more stringent climate disclosure requirements could

result in more pollution and lower welfare in equilibrium. This challenges the conventional

view that improving climate disclosure is always beneficial and suggests that some level of

greenwashing could be optimal.

I also provide empirical evidence supporting the novel predictions of my theory. Using

data from Krueger et al. (2024) on the staggered implementation of mandatory ESG dis-

closure requirements across countries, I show that after the implementation of mandatory

disclosure requirements, the share of institutional investors invested in polluting firms de-

creases. As institutional investors have been recognized to be an important driver of firms’

2



sustainability (see Dyck, Lins, Roth, and Wagner (2019)), this suggests that polluting firms’

shareholders are becoming less environmentally friendly after the implementation of more

stringent disclosure requirements, in line with the theoretical prediction of the model. Using

green patents issuance as a proxy for firms’ green investments, I also show that firms are

issuing fewer green patents following the introduction of mandatory disclosure requirements

and that this effect is more pronounced for more polluting firms. This is consistent with

the model’s prediction that, after the implementation of more stringent climate disclosure

requirements, capital is reallocated away from dirty to clean firms, with dirty firms ending

up being financed by investors who care less about pollution, in turn undermining incentives

for these firms to adopt greener technologies.

Related Literature. This paper contributes to several strands of literature. First, it be-

longs to the growing theoretical literature on sustainable investing. Research has shown how

divestment could incentivize firms to adopt environmentally friendly technologies (Heinkel,

Kraus, and Zechner (2001), Davies and Van Wesep (2018), Chowdhry, Davies, and Waters

(2019), Edmans, Levit, and Schneemeier (2022), Allen, Barbalau, and Zeni (2023), Oehmke

and Opp (2024), Landier and Lovo (2024)). Other articles have investigated the impact of

activism on environmental corporate policies (see Broccardo, Hart, and Zingales (2022) or

Gryglewicz, Mayer, and Morellec (2024)). Although activism and divestment tend to be con-

sidered separately and are often seen as substitutes in the literature, both are interrelated in

my model. Indeed, the funding of clean and dirty sectors is endogenously determined together

with shareholder bases, and firms’ adoption decisions in turn depend on the composition of

firms’ shareholder bases.

Second, I contribute to the growing literature on ESG or climate disclosure. Recent

empirical studies suggest that better disclosure requirements favor the green transition (Il-

han et al. (2023), Emiris, Harris, and Koulischer (2024), Krueger et al. (2024)). Emiris et

al. (2024) show that mutual funds tend to decrease their emissions’ intensity following the

implementation of ESG disclosure rules. In this strand of the literature, I am contribut-

ing to the theoretical literature investigating the impact of climate disclosure requirements.

Chen and Schneemeier (2022) investigate the effect of disclosure in the presence of informed

3



trading and stock market feedback. They demonstrate that managers’ ability to manipu-

late (or greenwash) their disclosure reduces investors’ incentives to acquire information but

also encourages investors to trade on private information. Aghamolla and An (2023) study

mandatory versus voluntary disclosure requirements in the presence of agency conflict be-

tween managers and shareholders. They show that when the manager can privately select

projects that vary in sustainability and profitability, mandatory disclosure requirements can

result in overinvestment in green technologies compared to shareholders’ preferred level. Xue

(2023) studies optimal ESG disclosure requirements in a noisy rational expectations model.

He shows that more precise disclosure requirements are not necessarily desirable as they

change how investors use information. I pin down a different economic mechanism, as in my

model, an increase in precision of disclosure requirements reshapes firms’ shareholder bases,

resulting in the dirty firm being held by shareholders who are less averse to pollution, which

undermines incentives for this type of firm to adopt green technology. My paper also differs

from Gupta and Starmans (2024), who study dynamic climate disclosure requirements. They

show that under certain conditions, disclosure requirements that become more stringent over

time can be preferable to full transparency. In contrast, I study the precision of climate

disclosure requirements in a static framework, and I show that more precise requirements are

not necessarily beneficial due to shareholders’ endogenous response. This is different as my

model remains agnostic about the optimal dynamics of climate disclosure requirements.

Third, my paper belongs to the literature that studies firms’ decisions under endoge-

nous shareholder base formation (Döttling, Levit, Malenko, and Rola-Janicka (2024), Levit,

Malenko, and Maug (2024)). Levit et al. (2024) study secondary market trading and voting

in a single-firm setting. They show that inefficiencies arise when post-trade voting outcomes

are determined by median rather than average shareholders. In this paper, I focus on the

primary market to study the impact of disclosure requirements on capital allocation in an

economy, and I abstract from differences between the average and the median shareholder.

In a recent paper, Bisceglia, Piccolo, and Schneemeier (2022) show that when socially re-

sponsible investors and profit-motivated investors interact, the former tend to concentrate

on a subset of firms that crowd out green investments of excluded firms and create product

market power. However, they only consider secondary market trading and abstract from dis-
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closure. Huang and Kopytov (2023) study optimal taxation and subsidy under endogenous

shareholder base formation and show that pollution can increase with regulation stringency.

In contrast, I focus on the impact of climate disclosure requirements under endogenous share-

holders’ base formation. Moreover, while Huang and Kopytov (2023) is a purely theoretical

study, I also provide supportive empirical evidence of the predictions of my model.

2 The Model

The model is based on Huang and Kopytov (2023). It differs as I consider imperfect infor-

mation about firms’ externality to investigate the implications of climate disclosure under

endogenous shareholders’ base formation.

I consider an economy that consists of two sectors or firms i ∈ {c, d}, where c stands for

clean (or non-polluting) firms, and d for dirty (or polluting) firms. The firms are financed by

a continuum of mass one of risk-neutral investors who are heterogeneous in their preference

for greenness. Investors do not observe firms’ externalities but instead receive a signal that

reveals which firm is clean before investing. The clean firm is not polluting, but is less

profitable than the dirty firm. The dirty firm is endowed with brown technology and can

adopt a less polluting technology (green technology) at a cost.

There are two periods, t = 1, 2, and no discounting. At time t = 1, after receiving an

informative signal about which firm is polluting, investors choose the firm they invest in,

trading off the financial return with its sustainability. At time t = 2, the dirty firm chooses

whether to operate under brown production technology or adopt green technology at a cost.

The firm manager is risk-neutral and makes decisions that maximize the utility of the average

shareholder.

2.1 Production technology

Firms receive capital from investors and produce final goods using an AK production technol-

ogy. The clean firm produces yc = αckc, where αc and kc denote respectively the productivity

and the capital allocated to the clean firm.
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For simplicity, I assume that the clean firm does not pollute. The dirty firm receives

capital and decides whether to operate under the brown production technology resulting in a

level of pollution (or negative externality) e per unit of capital or to adopt a green production

technology by facing a proportional cost f > 0 per unit of capital, and resulting in a level of

externality κe per unit of capital with κ ∈ (κ, 1), where κ > 0.2 I assume that the manager

makes the decision that maximizes average shareholders’ valuation. The output of the dirty

firm is yd = kd(αd − f1{a=1}), where 1{a=1} denotes the adoption decision of the dirty firm.

Moreover, I assume that ∆ ≡ αd−αc > 0, which implies that the clean firm is less productive

than the dirty firm but pollutes less.

2.2 Investor preferences

There is a unit mass of risk-neutral atomistic investors who are heterogeneous in their prefer-

ences for greenness. Each investor is endowed with one unit of capital and chooses which type

of firm to invest in, considering the firm’s decision to adopt a greener production technology.

Investors value financial payoff and suffer from disutility for the (negative) externality gen-

erated by the firm in which they decide to invest. That is, investors suffer from a warm-glow

disutility from investing in a polluting firm, in line with the empirical evidence on social

preferences (see Riedl and Smeets (2017), Heeb et al. (2023) or Bonnefon et al. (2025)).

Specifically, investors of type λ suffer from non-pecuniary disutility λei when holding shares

of the firm of type i, where ec is normalized to 0 and ed = e.3 λ ∈ [0, λ] governs the aversion

to holding polluting firms and differs across investors with a cumulative distribution function

G(.).

The financial return αi is observable for investors; however, investors do not observe

2As shown in Section 3.1.2, κ > 0 ensures that the dirty firm raises nonzero capital when it decides to

adopt the green technology.
3More precisely, the preferences of the investors can also be labeled as narrow-consequentialist. Their

preferences can be considered as warm-glow in the sense that they derive disutility from their holding in the

dirty firm. However, since the negative externalities they internalize are evaluated relative to a counterfactual

scenario in which they invest in the clean firm, they can also be considered narrow-consequentialists as in

Allen et al. (2023), for instance.
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which firm is clean and dirty. From the perspective of investors, there are two firms with

productivity αi and emissions ei, for i = 1, 2. Before choosing which type of firm to invest

in, investors receive a signal s ∈ {F1, F2} which is informative about which firm is clean

and which firm is dirty. Namely, s = F1 means that firm 1 is the clean firm and that

firm 2 is the dirty one. Investors know that the clean firm has externality ec = 0 and the

dirty firm has externality ed = e, and each firm is equally likely to be clean or dirty for

investors, that is, P(ei = 0) = 1
2
for i = 1, 2. The precision of the signal is denoted by

π = P(s = F1|e1 = ec) ∈ (1
2
, 1] and reflects the quality of the climate disclosure requirements.

A more precise signal (i.e., a higher π) means that investors have better information about

firms’ externalities and can be interpreted as a legal framework that prompts firms to report

more information regarding their sustainability.

Investors form expectations about firms’ adoption decisions. Investors’ valuation of one

dollar invested in each type of firm i = 1, 2 is given by

vi = αi − (f + κλE[ei|s])1{ai=1} − (1− 1{ai=1})λE[ei|s] (1)

Using Bayes’ Law we have that P(e1 = 0|s = F1) = π and P(s = F1) = P(s = F2) =
1
2
. We

can compute the expected externality for the two firms as a function of the realization of the

signal

E[e1|s = F1] = e(1− π),

E[e1|s = F2] = eπ,

E[e2|s = F1] = eπ,

E[e2|s = F2] = e(1− π).

Moreover, from (1) we have that an investor with preference λ invests all her wealth in

the firm with the highest valuation. As the valuation of investors vi decreases in λ, there

exists a cut-off λ̂ such that investors with λ > λ̂ invest in the clean firm and investors with

λ < λ̂ invest in the dirty firm. This leads to the following lemma.

Lemma 1. There exists a cut-off λ̂ so that investors with preference λ < λ̂ invest in the

dirty firm and investors with λ > λ̂ invest in the clean firm.
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2.3 Green technology adoption

At t = 2, after investors have chosen the firm in which they invest and the shareholder bases

have been formed, we have that the dirty firm adopts green technology if it maximizes the

average utility of its shareholders. Hence, the dirty firm chooses to adopt green technology

if ∫ λ̂

0

(αd − f − λκE[ei|s])dG(λ) >
∫ λ̂

0

(αd − λE[ei|s])dG(λ)

which is equivalent to

f < (1− κ)E[ei|s])ψ(λ̂) (2)

with

ψ(λ̂) =

∫ λ̂
0
λdG(λ)

G(λ̂)
(3)

where ψ(.) is a continuous function, with limλ̂→0 ψ(λ̂) = 0, ψ(λ̂) < λ̂, and ∂ψ(λ̂)

∂λ̂
> 0.

3 Equilibrium Characterization

There are two potential equilibria to be considered: one in which the dirty firm adopts the

green technology (green equilibrium) and one in which the dirty firm does not adopt the

green technology and chooses to operate under the current technology (brown equilibrium).

Moreover, we can assume without loss of generality that firm 1 is the clean firm. In what

follows, I characterize the different equilibria as a function of the realization of the signal

s = {F1, F2}.

3.1 Signal is correct

First, consider the case where the signal is correct, that is, s = F1. There are two different

equilibria.
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3.1.1 Brown equilibrium

In this case, the dirty firm does not adopt the green technology at time t = 2. From (1), we

have that at t = 1, investors choose to invest in the clean firm if and only if

α2 − λE[e2|s = F1] < α1 − λE[e1|s = F1]

which yields

λ >
∆

(2π − 1)e
≡ λ̂B (4)

with ∂λ̂B
π
< 0, which implies that the size of the dirty sector shrinks as disclosure requirements

become more accurate.

Thus, in equilibrium, investors with λ ∈ [0, λ̂B] invest in the dirty firm and investors

with λ ∈ [λ̂B, λ] invest in the clean firm. For this to be an equilibrium, it must be that the

dirty firm finds it optimal not to adopt the green technology at time t = 2, which is the case

if and only if

f > (1− κ)E[e2|s = F1]ψ(λ̂B) = (1− κ)πeψ(λ̂B) (5)

Looking at (5), we have that this equilibrium exists if λ̂B is sufficiently small, which

means that shareholders of the dirty firm are not too averse to holding polluting firms. By

equation (4), this happens if ∆ is sufficiently small. The intuition for this result is as follows.

When ∆ is small, the dirty firm has a small financial advantage over the clean firm, and only

investors with very low λ, i.e., profit-oriented investors, are willing to hold the polluting firm.

In turn, dirty firms owned by profit-oriented investors do not find it optimal to adopt green

technology. In this equilibrium, output Y 1
B, pollution P

1
B and welfare W 1

B are given by

Y 1
B = αdG(λ̂B) + αc(1−G(λ̂B)) (6)

P 1
B = G(λ̂B)e (7)

W 1
B = αdG(λ̂B) + αc(1−G(λ̂B))− e

∫ λ̂B

0

λdG(λ)E[e2|s = F1]

= αc +∆G(λ̂B)− πe

∫ λ̂B

0

λdG(λ) (8)

where welfare is defined as the aggregate utility of investors.
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3.1.2 Green equilibrium

In this equilibrium, the dirty firm adopts green technology at time t = 2. In equilibrium,

at time t = 1, investors with λ ∈ [0, λ̂G) invest in dirty firm, and investors with λ ∈ [λ̂G, λ]

invest in clean firm, where λ̂G is given by

λ̂G =
∆− f

e[(1 + κ)π − 1]
(9)

and assuming that ∆ > f and that κ > κ ≡ 1−π
π
, we have that the dirty firm raises nonzero

capital in this equilibrium. Moreover, we have that ∂λ̂G
∂π

< 0, which implies that when

disclosure requirements become more accurate, the size of the dirty firm is shrinking.

For this to be an equilibrium, it must be that the dirty firm finds it optimal to adopt

the green technology at time t = 2, which is the case whenever

f < (1− κ)E[e2|s = F1]ψ(λ̂G) = (1− κ)eπψ(λ̂G). (10)

As ∂ψ(λ̂)

∂λ̂
> 0, the green equilibrium exists if λ̂G is sufficiently large which is the case if ∆

is sufficiently large (see equation (9)). The intuition for this result is as follows. ∆ sufficiently

large means that the dirty firm has a large financial advantage over the clean firm, which

implies that only investors with a strong aversion to holding polluting firms, i.e., a high λ,

will decide to invest in the clean firm. Hence, in equilibrium, the dirty firm will also be held

by investors with a relatively high aversion to pollution, and therefore, it will find it optimal

to adopt green technology.

In this equilibrium, output Y 1
G, pollution P

1
G and welfare W 1

G are given by

Y 1
G = (αd − f)G(λ̂G) + αc(1−G(λ̂G)) (11)

P 1
G = G(λ̂G)κe (12)

W 1
G = αc + (∆− f)G(λ̂G)− κπe

∫ λ̂G

0

λdG(λ) (13)

The following proposition summarizes the conditions for the existence of the two equilib-

ria.

Proposition 1. When the signal is correct, if f > (1−κ)eπψ(λ), only the brown equilibrium

exists. If f ≤ (1− κ)eπψ(λ), there exists λ(2π − 1)e ≥ ∆ > ∆ > (2π−1)f
(1−κ)π such that
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i) if ∆ < ∆, only the brown equilibrium exists;

ii) if ∆ ≥ ∆, only the green equilibrium exists;

iii) if ∆ ∈ [∆,∆), both equilibria co-exist.

Moreover, if both equilibria coexist, then λ̂G > λ̂B, where λ̂B and λ̂G are given by equations

(4) and (9) respectively.

First, Proposition 1 states that in case the signal is correct, the green equilibrium does

not exist if the cost of adopting green technology is too high. From Lemma 1, we have that

the dirty firm is held by low-λ investors. This means that if the adoption cost is so large that

even an average investor in the population does not want the dirty firm to adopt the green

technology, i.e., f > (1− κ)eπψ(λ), then the dirty firm does not adopt the green technology

and the brown equilibrium prevails. Second, if the adoption cost f is not too large, then

both equilibria can exist depending on how large the difference in productivity between the

clean and dirty firm ∆ is. As mentioned above, if ∆ is sufficiently small, that is, ∆ < ∆ the

dirty firm does not find optimal to adopt green technology and the green equilibrium does

not exist while if ∆ is sufficiently large, that is, ∆ > ∆, then the dirty firm finds optimal to

adopt green technology and the brown equilibrium does not exist. Moreover, both equilibria

can co-exist if ∆ is intermediate. In this case, Proposition 1 states that the size of the dirty

sector is always larger when the dirty firm chooses to adopt green technology, i.e., λ̂G > λ̂B.

The intuition for this result is that more investors decide to invest in the dirty firm when it

decides to adopt green technology.

3.1.3 Equilibrium comparison

In the brown equilibrium, the dirty firm does not adopt green technology. Therefore, it only

attracts investors whose aversion to holding polluting firms is low, that is, investors with

λ < λ̂B. In the green equilibrium where the dirty firm chooses to adopt the green technology

to reduce its pollution, the size of the dirty firm becomes larger as more investors decide

to hold the dirty firm, i.e. G(λ̂G) > G(λ̂B) when both equilibria co-exist. Therefore, the

pollution may be larger in the green equilibrium. As in Acemoglu and Rafey (2023) or Huang

and Kopytov (2023), I assume that this is not the case.
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Assumption 1. Adoption of the green technology reduces aggregate pollution if G(λ̂G)κ <

G(λ̂B), where λ̂B and λ̂G are respectively given by equations (4) and (9).

Under Assumption 1, the adoption of green technology always leads to a lower level of

pollution. However, as adopting green technology is costly, it might not be socially desirable.

The following lemma shows that under a mild assumption, provided that the cost of adopting

the green technology is low enough, welfare is always higher under the green equilibrium,

which implies that adopting the green technology is socially desirable.

Lemma 2. There exists a threshold f
1
> 0 so that the green equilibrium exists and is socially

preferable, that is, W 1
G > W 1

B for f < f
1
. A sufficient condition for the existence of f

1
is that

W 1
G is a decreasing function of κ.

Furthermore, we make the following assumption to determine which equilibrium prevails

when both coexist.

Assumption 2. If the two equilibria coexist, the socially preferable one is played.

This latter assumption is similar to Huang and Kopytov (2023) and ensures that my results

are driven by economic forces rather than coordination failures.

3.2 Signal is incorrect

Now consider the case where the signal is incorrect, that is s = F2. In this case, since

α2 = αd > α1 = αc and E[e2|S = F2] = e(1 − π) < E[e1|S = F2] = eπ as π ∈ (1
2
, 1] we have

from (1) that all investors invest in firm 2 that is the polluting firm. In this case, the green

equilibrium in which the dirty firm chooses to adopt the green technology prevails if

f < (1− κ)(1− π)eψ(λ). (14)

Otherwise, the brown equilibrium prevails.

Equation (14) reveals in case the signal is incorrect, the green equilibrium is less likely

to prevail when disclosure requirements increase. Indeed, as π increases the left-hand side

of (14) decreases. The intuition for this result is that when the signal is wrong, all investors

invest in the dirty firm, and as π increases, the perceived externality generated by the dirty
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firm becomes less important for investors. Hence, investors are less willing dirty firm to

adopt the green technology at time t = 2. This result suggests that increasing disclosure

requirements can have adverse effects on firms’ willingness to adopt green technologies.

In this brown equilibrium, we have that output Y 2
B, pollution P 2

B and welfare W 2
B are

respectively given by

Y 2
B = αd (15)

P 2
B = e (16)

W 2
B = αd − E[e2|s = F2]

∫ λ

0

λdG(λ) = αd − e(1− π)ψ(λ) (17)

Similarly, in the green equilibrium, we have

Y 2
G = αd − f (18)

P 2
G = κe (19)

W 2
G = αd − f − κe(1− π)ψ(λ) (20)

This leads to the following proposition.

Proposition 2. When the signal is incorrect, then the green equilibrium prevails if f <

(1− κ)(1− π)eψ(λ), and otherwise the brown equilibrium prevails.

Proposition 2 states that when the signal is incorrect, the dirty firm decides to adopt

green technology provided that the cost of adoption f is not too large. Otherwise, the dirty

firm does not adopt green technology. In this case, the equilibrium is always unique and

depends only on the cost of adoption, as when the signal is incorrect, all investors decide to

invest in the dirty firm, and the clean firm receives zero funding.

4 Model Analysis

In this section, I investigate the impact of more precise disclosure requirements, i.e., an

increase in π, on the model’s outcomes. In my model, more precise disclosure requirements

can be interpreted as regulations that force firms to disclose (more) information about ESG-
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related issues, as mandated by recent changes in the law.4 To gain insight into the economic

mechanisms at play, it is useful to analyze the impact of the signal in the different states of

nature separately, that is, for s = F1 and s = F2.

4.1 Signal is correct

As shown by equation (10), when the signal is correct, the green equilibrium prevails if

f︸︷︷︸
Adoption cost

< (1− κ)eπ︸ ︷︷ ︸
Expected reduction in pollution

× ψ(λ̂G(π))︸ ︷︷ ︸
Average shareholder disutility

(21)

The left-hand side gives the adoption cost. For the dirty firm to adopt green technology

at t = 2, this cost must be less than the expected reduction in pollution multiplied by the

average shareholder’s disutility of holding the dirty firm when it adopts green technology.

An increase in π has two opposite effects on the green equilibrium. First, as π increases,

the expected reduction in pollution increases as shareholders have a better estimation of the

quantity of pollution generated by the dirty firm. On the other hand, an increase in π results

in a lower average shareholder disutility (shareholder base effect)

∂ψ(λ̂G(π))

∂π
=

∂ψ

∂λ̂G︸︷︷︸
>0

× ∂λ̂G
∂π︸︷︷︸
<0

< 0

An increase in π results in a lower λ̂G and since shareholders investing in the dirty firm

are shareholders with λ ∈ [0, λ̂G], this in turn implies that the average shareholder investing

in the dirty firm becomes less concerned about pollution as π increases. Hence, the dirty

firm has less incentive to adopt green technology. This is the shareholder base effect. This

implies that the green equilibrium is less likely to exist under better disclosure requirements.

Using similar arguments, it is also possible to show that the same mechanism also makes the

brown equilibrium more likely to prevail.

4For example, in the EU, the Corporate Sustainability Reporting Directive (CSRD) prompts firms to

disclose detailed information on their sustainability efforts. In the US, the SEC has recently mandated

public companies to disclose information on climate-related risks and emissions. Moreover, the International

Sustainability Standards Board (ISSB) launched a first set of proposals on ESG reporting standards in June

2023.
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Moreover, equations (6) and (11) show that when the signal is correct output decreases

in the precision of the signal in both green and brown equilibrium. In addition, equations (16)

and (19) also show that the pollution decreases in the precision of the signal in both equilibria.

The reason is that when the precision of the signal increases, the mass of shareholders invested

in the dirty firm becomes smaller, which means that the dirty firm receives less funding (i.e.,

the size of the dirty firm shrinks) at the expense of the clean firm. As the dirty firm is more

profitable and more polluting compared to the clean firm, output and pollution decrease as

the size of the dirty firm shrinks.

Furthermore, looking at equations (8) and (13) reveals that in both green and brown

equilibria, the impact of signal precision π on welfare is ambiguous. This leads to the following

proposition.

Proposition 3. When the signal is correct:

1. An increase in precision π leads to two opposite effects. First, a more precise signal

increases the expected reduction in pollution perceived by shareholders. Second, a more

precise signal makes the average shareholder of the dirty firm less averse to pollution

(shareholder base effect). A more precise signal facilitates (hampers) the adoption of

green technology if the former (latter) effect dominates the latter (former).

2. In any given equilibrium (green and brown), an increase in precision leads to lower

output and pollution and has an ambiguous effect on welfare.

4.2 Signal is incorrect

When the signal is incorrect, recall that all investors choose to invest their wealth in the

dirty firm and that the clean firm receives zero funding. In this case, the dirty firm chooses

to adopt the green technology at time t = 2 if

f < (1− κ)(1− π)eψ(λ).

It is immediate to see that an increase in precision π makes the green equilibrium harder

to achieve. The increase in precision implies that the expected pollution is lower for share-

holders; hence, as shareholders perceive pollution as less costly, they are less willing for the
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dirty firm to adopt the green technology. Moreover, in this case, the shareholder base effect

is absent, as the precision of the signal does not affect the composition of the dirty firm’s

shareholder base.

Moreover, equations (15) and (18) show that the output is independent of the precision

of the signal when the signal is incorrect. Furthermore, equations (16) and (19) also show

that pollution is independent of the precision of the signal. The reason is that the shareholder

base is not affected by the precision of the signal, since all investors decide to invest in the

dirty firm when the signal is incorrect.

In addition, (17) and (20) reveal that in both green and brown equilibria, the welfare

increases with the precision of the signal. This is because when the signal is incorrect, all

investors invest in the dirty firm, and as previously mentioned, the perceived externality

decreases as the precision of the signal increases, resulting in higher welfare. This leads to

the following proposition.

Proposition 4. When the signal is incorrect:

1. The green equilibrium is less likely to prevail as the signal becomes more precise.

2. In a given equilibrium (green and brown), output and pollution are independent of

precision, while a more precise signal increases welfare.

Hence, taking the equilibrium as given, better disclosure requirements improve welfare.

However, it also makes the green equilibrium less likely to prevail, which could reduce welfare

and increase pollution, as pollution is lower and welfare is higher under the green equilibrium

than under the brown equilibrium.

4.3 Equilibrium

Finally, I assess the impact of more stringent disclosure requirements on the expected adop-

tion of green technology. To that extent, consider the condition for green adoption at time

t = 2 given by (2). The dirty firm is expected to adopt the green technology at time t = 2

if

f < (1− κ)
e

2

[
π(ψ(λ̂G(π))− ψ(λ)) + ψ(λ)

]
≡ f̂ (22)
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with ψ(λ̂G(π)) < ψ(λ), and we have that

∂f̂

∂π
= (1− κ)

e

2
(ψ(λ̂G(π))− ψ(λ)) + (1− κ)

e

2
π
∂ψ

∂π
< 0 (23)

This implies that increasing the stringency of disclosure requirements makes the dirty

firm less likely to adopt green technology. Equation (23) shows the marginal effect of an

increase in precision π on the constraint for the adoption of green technology.

The first term of equation (23) represents the marginal effect of increasing the precision

π on the expected reduction in externality when the signal is correct, multiplied by the

difference in shareholders’ bases between the case where the signal is correct and incorrect.

This effect is negative, given that the difference in shareholder bases is negative. Indeed, a

smaller mass of shareholders are invested in the dirty firm when the signal is correct, and

these shareholders are, on average, less concerned about pollution. This makes the adoption

of green technology more difficult when the signal becomes more precise.

The second term of equation (23) represents the shareholder base effect. It shows the

impact of increasing the signal precision on the dirty firm’s shareholder base when the signal

is correct. We have ∂ψ
∂π

= ∂ψ

∂λ̂G

∂λ̂G
∂π

< 0, which means that increasing the precision of the

signal makes the average shareholder invested in the dirty firm less averse to pollution when

π increases. Hence, this implies that the dirty firm is less willing to adopt green technol-

ogy following an increase in precision. Thus, we can see that both effects go in the same

direction and make the constraint on the adoption of green technology tighter, making the

dirty firm less likely to adopt green technology at the time t = 2. This leads to the following

proposition.

Proposition 5. An increase in signal precision π reduces the incentive of the dirty firm to

adopt green technology.

Moreover, recall from Section 3 that when the signal is correct, the size of the dirty sector

shrinks, following an increase in precision π, while the size of the dirty sector is independent

of the precision when the signal is incorrect. Hence, an increase in the precision of the signal

reduces the expected size of the dirty sector. On this hand, increasing the precision of the

signal is beneficial.
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However, Proposition 5 shows that increasing the precision of the signal also reduces

the incentive for the dirty firm to adopt green technology. This highlights a trade-off behind

climate disclosure requirements. On the one hand, improving climate disclosure requirements

reduces the size of the dirty sector, thereby reducing externalities. On the other hand,

improving climate disclosure requirements also makes the dirty firm less likely to adopt

green technology. If this second effect dominates, better climate disclosure requirements

could increase pollution and/or result in lower welfare.

This result contradicts the conventional wisdom that better climate disclosure require-

ments promote the green transition and suggests that some level of greenwashing could be

optimal. It also cautions against recent regulations that aim to strengthen climate disclosure

requirements. My findings predict that such regulations undermine firms’ adoption of green

technologies and do not necessarily improve welfare or reduce pollution due to shareholders’

endogenous response. This is a novel finding specific to my theory. Before turning to the

empirical analysis, I summarize below the testable predictions generated by my theory.

Prediction 1. Following the implementation of more stringent climate disclosure require-

ments, polluting firms are held by shareholders who are less averse to pollution.

Prediction 2. Green investment should decrease after the implementation of more stringent

climate disclosure requirements, particularly for more polluting firms.

Prediction 1 follows directly from the first part of Proposition 3 that states that if the

signal is correct, a more precise signal makes the average shareholder invested in the dirty

firm more averse to pollution, and from the result of Section 3.2 that in the case where the

signal is incorrect all investors invest in the dirty firm. Taken together, this implies that

more stringent climate disclosure requirement (i.e., a more precise signal) makes, on average,

the shareholders of the dirty firm less averse to pollution.

Prediction 2 follows directly from the result of Proposition 5, which states that the

incentive for the dirty firm to adopt green technology is decreasing in the precision of the

signal. This implies that green investment is expected to be lower following the implementa-

tion of mandatory climate disclosure requirements. Recall that in my model, only the dirty
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firm can undertake green investments. Hence, if the dirty firm reduces green investments,

green investments decrease in the economy. In practice, all firms can make green invest-

ments. Therefore, my model predicts that more stringent climate disclosure reduces green

investments, in particular for more polluting firms.

5 Empirical Analysis

I test the predictions of the model using data on the staggered adoption of mandatory ESG

disclosure requirements across countries from Krueger et al. (2024). I use firms’ emissions to

distinguish clean and dirty firms. Based on the findings of Dyck et al. (2019), who document

that institutional investors are an important driver of firms’ sustainability, I use the share of

institutional investors to gauge shareholders’ aversion to pollution to test Prediction 1. The

idea is that if a firm has a higher share of institutional investors, it means that its shareholder

base is more averse to pollution or more environmentally friendly. Moreover, I use the number

of green patents issued as a proxy for firms’ green investments to test Prediction 2.

5.1 Data and Variables

I collect data on mandatory ESG disclosure requirements around the world from Krueger et

al. (2024), financial data from Compustat Global and North America, and data on (green)

innovations using patent data from Kogan, Papanikolaou, Seru, and Stoffman (2017) for

the sample period 2001-2024.5 I also collect emissions data from Trucost and quarterly

institutional investors’ holding data from FactSet. Due to data limitation issues, I only have

emissions data from 2010 to 2021, and institutional investors’ holding data from 2011 onward.

Patent data from Kogan et al. (2017) are available up to 2023. I define green patents using

the OECD classification of green patents following Haščič and Migotto (2015). I exclude

financial (SIC code between 6000 and 6799), utilities (SIC code between 4900 and 4949),

and firms with negative book equity or missing data on one of the variables of interest. All

continuous variables are winsorized at the 1st and 99th percentiles.

5The sample begins in 2001, as the data on mandatory disclosure requirements are from that year.
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The empirical analysis is divided into two different parts. In the first part, I use institu-

tional investors’ holding data to investigate how the composition of shareholder bases varies

following the implementation of mandatory ESG disclosure requirements. For this part, I

use quarterly institutional investors’ holdings from FactSet that I merge with data on the

staggered implementation of ESG disclosure requirements around the world from Krueger et

al. (2024), financial data from Compustat, and emissions data from Trucost. My final sample

for this part consists of 2,234 firm-years observations and 282 unique firms between 2011 and

2021. In the second part of the analysis, I use data on green patents to investigate how

green investments vary after the implementation of mandatory ESG disclosure requirements.

I use patent data from Kogan et al. (2017) that I merge with data on the implementation of

mandatory ESG disclosure requirements around the world, financial data from Compustat,

and emissions data from Trucost. My final sample for this part consists of 25,403 firm-year

observations and 3,823 unique firms between 2001 and 2023. More details on the data and

variable definitions are provided in Appendix B. Table 1 provides descriptive statistics for all

variables.

5.2 Institutional investors ownership

My model predicts that following the implementation of mandatory disclosure requirements,

capital will be reallocated from dirty to clean firms, with dirty firms ending up being held by

less responsible investors (Prediction 1), undermining their incentives to make green invest-

ments (Prediction 2). As mandatory disclosure requirements are adopted at different points in

time for different countries, the estimation corresponds to a staggered difference-in-difference

(DiD) model.

In what follows, I estimate how the share of institutional investors varies following the

implementation of mandatory ESG disclosure requirements as a function of firms’ emissions.

In line with the findings of Dyck et al. (2019), who show that the firms’ E&S performance

tends to improve with institutional investor ownership, and that this relationship seems

to be causal, I assume that institutional investors are, on average, more concerned about

pollution than other investors. Hence, according to Prediction 1, the share of institutional
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Table 1: Descriptive statistics

Panel A: Institutional investors

N Mean Std Dev Q25 Median Q75

Mandatory Disclosure 2234 0.39 0.49 0.00 0.00 1.00

Share inst. ownership 2234 42.97 30.62 17.37 37.74 63.98

log(Scope 1) 1287 10.54 2.91 8.65 9.98 12.48

log(Scope 1+2) 1287 11.46 2.62 9.52 11.15 13.28

Dividend yield 2234 0.03 0.05 0.01 0.02 0.04

Leverage 2234 0.18 0.17 0.03 0.16 0.29

Market-to-book 2234 1.50 1.55 0.67 1.04 1.71

log(Market-cap) 2234 9.03 2.22 7.61 9.04 10.51

log(Capex/Assets) 2228 -3.70 1.19 -4.38 -3.52 -2.83

Cash/Assets 2234 0.21 0.17 0.08 0.16 0.30

log(Market-cap/GDP) 2027 -19.78 2.46 -21.36 -19.61 -18.18

log(GDP per capita) 2027 10.24 1.02 10.45 10.60 10.80

GDP Growth (in %) 2027 2.30 3.13 0.75 2.01 3.16

Panel B: Green investment

N Mean Std Dev Q25 Median Q75

Mandatory Disclosure 2234 0.39 0.49 0.00 0.00 1.00

Share inst. ownership 2234 42.97 30.62 17.37 37.74 63.98

log(Scope 1) 1287 10.54 2.91 8.65 9.98 12.48

log(Scope 1+2) 1287 11.46 2.62 9.52 11.15 13.28

Dividend yield 2234 0.03 0.05 0.01 0.02 0.04

Leverage 2234 0.18 0.17 0.03 0.16 0.29

Market-to-book 2234 1.50 1.55 0.67 1.04 1.71

log(Market-cap) 2234 9.03 2.22 7.61 9.04 10.51

log(Capex/Assets) 2228 -3.70 1.19 -4.38 -3.52 -2.83

Cash/Assets 2234 0.21 0.17 0.08 0.16 0.30

log(Market-cap/GDP) 2027 -19.78 2.46 -21.36 -19.61 -18.18

log(GDP per capita) 2027 10.24 1.02 10.45 10.60 10.80

GDP Growth (in %) 2027 2.30 3.13 0.75 2.01 3.16

This table provides descriptive statistics for all variables defined

in Appendix B. The sample period is 2001 to 2024. All continuous

variables are winsorized at the 1st and 99th percentiles.
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investors should decline after the implementation of mandatory disclosure requirements. To

test Prediction 1, I estimate the following specification:

Share inst. investorsi,c,t+1 = β1Mandatory disclosurec,t

+ β2Mandatory disclosurec,t × log(Emissionsi,c,t)

+ γ′Xi,c,t + δc + δt + ϵi,c,t+1, (24)

where Share inst. investorsi,c,t+1 is median share of institutional investors invested in firm i

in country c and year t+ 1. Institutional investors holding data are available at a quarterly

frequency; hence, I take the median over the year as the regression is estimated at a yearly

frequency. Mandatory disclosurec,t is a dummy variable equal to one if there is a manda-

tory ESG disclosure requirement in the country c at year t, log(Emissionsi,c,t) is the natural

logarithm of Scope 1 or Scope 1 and 2 emissions at the firm level. Xi,c,t is a vector of firm

and country-level control variables. As control variables, I follow the literature (see Ferreira

and Matos (2008), Dyck et al. (2019)) and include a set of variables that are determinants of

institutional investors’ ownership. The control variables are log(Market-cap), Dividend yield,

log(Capex/Assets), Leverage, Cash/Assets, Market-to-Book and log(Market-cap/GDP). δc

and δt represent, respectively, country and year fixed-effects. Standard errors are clustered

at the country-year level.6 As the implementation of mandatory ESG disclosure is stag-

gered over time, I use the estimator form Gardner, Thakral, Tô, and Yap (2024) to account

for the potential bias resulting from standard OLS estimators in the context of staggered

treatments.

The coefficient of interest in this specification is β2 and shows how the relationship

between institutional investors’ share and the implementation of mandatory disclosure re-

quirements varies with pollution. According to Prediction 1, β2 should be negative, meaning

that polluting firms should be held by less responsible investors following the implementation

of mandatory climate disclosure requirements.

The results are presented in Table 2. We can see that the coefficient of interest, that

is, the coefficient on the interaction terms, is negative and statistically significant, in line

6The results are robust to alternative clustering at the industry (defined by two-digit SIC codes) or at the

country level.
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with Prediction 1. This indicates that following the implementation of mandatory climate

disclosure requirements, the share of institutional investors is becoming smaller for more

polluting firms, measured by (log of) Scope 1 or Scope 1 and 2 emissions. Using the results

from Table 1, we can also infer the economic significance of this result. For firms with average

Scope 1 emissions, the introduction of mandatory climate disclosure reduces their share of

institutional investors by 38%, which corresponds to 88% of the average share of institutional

investors in the sample.7 Therefore, this result is also economically important.

This is consistent with the theoretical prediction that following the implementation of

more stringent climate disclosure requirements, capital will be reallocated away from dirty to

the clean firms, with dirty firms ending up being financed by investors who are less concerned

about pollution, as measured by the decline in the share of institutional investors for more

polluting firms.

7If we use Scope 1 and 2 emissions instead, we have that for firms with average Scope 1 and 2 emissions,

the share of institutional investors also drops by 38%.
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Table 2: Effect of mandatory disclosure on institutional in-

vestors

(1) (2)

Mandatory Disclosure 12.08 24.31

(13.47) (14.78)

Mandatory Disclosure x log(Scope 1) -4.745∗∗

(2.097)

Mandatory Disclosure x log(Scope 1 + 2) -5.474∗∗

(2.530)

Controls Yes Yes

Year FE Yes Yes

Country FE Yes Yes

N. obs. 1029 1029

Standard errors in parentheses

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

This table shows the estimates of the regression of the one-year-ahead

share of institutional ownership (median over the year computed from

quarterly holding data) on a dummy variable Mandatory disclosurec,t

equal to one starting from the year a country introduces mandatory

climate disclosure requirements (and zero otherwise), an interaction

term Mandatory disclosurec,t×log(Emissionsi,c,t) where emissions are

measured by either Scope 1 emissions or Scope 1 and 2 emissions, and

a set of control variables. The regressions include year and country

fixed effects. Standard errors (in parentheses) are clustered at the

country-year level.
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5.3 Green investment

The second key prediction of the model is that, because dirty firms end up being financed

by less environmentally friendly investors, they will have lower incentives to invest in green

technology, and green investment will be lower in the economy, as summarized by Prediction

2. I test this prediction by using green patents issuance as a proxy of green investments, and

the staggered implementation of mandatory ESG disclosure requirements across countries.

More specifically, I investigate the effect of the implementation of mandatory disclosure

requirements on firms’ green patent issuance and how this effect varies with firms’ emissions.

I estimate the following regression:

Yi,c,t+1 = β1Mandatory disclosurec,t + β2Mandatory disclosurec,t × log(Emissionsi,c,t)

+ γ′Xi,c,t + δj × δt + ϵi,c,t+1, (25)

where Yi,c,t+1 is the number of green (brown) patents issued by firm i in country c at year

t + 1,8 Mandatory disclosurec,t is a dummy variable equal to one if there is a mandatory

ESG disclosure requirement in the country c at year t, log(Emissionsi,c,t) is the natural

logarithm of firms emissions measured by either Scope 1 emissions or Scope 1 and 2 emissions,

Xi,c,t is a vector of firm-level control variables, and δj × δt represent industry-year fixed-

effects. Industries are defined based on two-digit SIC codes. As control variables, I follow the

empirical literature on innovation (see Schroth and Szalay (2010), Aghion, Van Reenen, and

Zingales (2013)) and include the following variables: Size (measured by log(Sale)), log(K/L),

Leverage, Market-to-book, Tangibility, ROA, Cash/Assets, R&D/Assets, log(GDP), GDP

Growth. Standard errors are clustered at the firm level. As before, I estimate regression (25)

using the Gardner et al. (2024) estimator to account for potential bias resulting from the

staggered DiD specification.

The coefficients of interest are β1 and β2. When omitting firms’ emissions, β1 mea-

sures the effect of mandatory disclosure requirements on firms’ green patent issuance. β2

measures how the effect of mandatory disclosure requirements on green patent issuance is

affected by firms’ pollution. According to Prediction 2, β2 should be negative, meaning that

8The main variable of interest is the number of green patents issued however I also run the same regression

with brown patents for comparison.
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more polluting firms should invest less following the implementation of mandatory disclosure

requirements. The results of regression (25) are shown in Table 3.

Table 3: Effect of mandatory disclosure on green innovation

(1) (2) (3)

Mandatory Disclosure -2.764∗∗ 8.222 9.674

(1.105) (5.633) (6.663)

Mandatory Disclosure x log(Scope 1) -1.174∗∗

(0.581)

Mandatory Disclosure x log(Scope 1 + 2) -1.215∗

(0.624)

Controls Yes Yes Yes

Industry-Year FE Yes Yes Yes

N. obs. 18695 1890 1893

Standard errors in parentheses

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

This table shows the estimates of the regression of the one-year-ahead number

of green patents issued on a dummy variable Mandatory disclosurec,t equal to

one starting from the year a country introduces mandatory climate disclosure re-

quirements (and zero otherwise), an interaction term Mandatory disclosurec,t×

log(Emissionsi,c,t) where emissions are measured by either Scope 1 emissions or

Scope 1 and 2 emissions, and a set of control variables. The regressions include

industry-year fixed effects. Standard errors (in parentheses) are clustered at the

firm level.

In column (1) of Table 3, we can see that the number of green patents issued is signif-

icantly lower after the adoption of mandatory ESG disclosure requirements. The effect is

statistically and economically significant. We have that the number of patents issued falls by
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2.772 the year following the adoption of mandatory disclosure requirements. This represents

88% of the average number of green patents issued per year for all the firms in the sam-

ple. Next, in columns (2) and (3), I include the interaction term Mandatory disclosurec,t ×

log(Emissionsi,c,t). We can see that the coefficient β2 on the interaction term is negative and

statistically significant. The interpretation is that following the introduction of mandatory

disclosure requirements, the number of green patents issued falls more for more polluting

firms. This effect is also economically significant. The reduction in the number of green

patents issued after the implementation of mandatory disclosure requirements for a firm

with average Scope 1 emissions is equal to -2.3, which represents 73% of the average number

of green patents issued per year.9 These results are in line with Prediction 2 that more

stringent ESG disclosure requirements hinder the adoption of green technologies, and that

the reduction in green investment is mainly driven by more polluting firms.

9These numbers are roughly equal if we take Scope 1 and 2 emissions instead.
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Table 4: Effect of mandatory disclosure on brown innovation

(1) (2) (3)

Mandatory Disclosure -24.91 131.7 135.8

(19.35) (154.9) (155.3)

Mandatory Disclosure x log(Scope 1) -15.69

(16.97)

Mandatory Disclosure x log(Scope 1 + 2) -14.99

(15.27)

Controls Yes Yes Yes

Industry-Year FE Yes Yes Yes

N. obs. 18695 1890 1893

Standard errors in parentheses

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

This table shows the estimates of the regression of the one-year-ahead num-

ber of brown patents issued on a dummy variable Mandatory disclosurec,t

equal to one starting from the year a country introduces mandatory cli-

mate disclosure requirements (and zero otherwise), an interaction term

Mandatory disclosurec,t× log(Emissionsi,c,t) where emissions are measured by

either Scope 1 emissions or Scope 1 and 2 emissions, and a set of control vari-

ables. The regressions include industry-year fixed effects. Standard errors (in

parentheses) are clustered at the firm level.

As an additional check, I also estimate specification (25) using the number of brown

patents issued as a dependent variable. Brown patents are defined as the total number of

patents minus the number of green patents. The results are presented in Table 4. We can

see that none of the coefficients is statistically different from zero. In particular, this rules

out any potential decrease in innovation following the implementation of mandatory ESG
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disclosure requirements, caused by mechanisms outside of the model. Hence, this shows that

the effect of mandatory disclosure requirements on green innovation is not driven by less

innovation following the adoption of mandatory disclosure requirements, but simply by firms

engaging less in green innovation, providing additional support to my theory.

6 Conclusion

In this paper, I develop a model where two firms, clean and dirty, are financed by a mass of

responsible investors who are heterogeneous in their aversion to holding polluting firms. The

dirty firm is more productive than the clean firm but generates pollution. After receiving

funding from investors, the dirty firm decides whether to operate its current production

technology or to adopt a less polluting or green technology at a cost. Investors decide which

firm to invest in, anticipating firms’ adoption decisions. However, investors do not know

which firm is polluting, but they receive an informative signal before investing about which

firm is clean and which firm is dirty. The precision of the signal is exogenous and represents

the stringency of climate disclosure requirements.

In this framework, I demonstrate that increasing the stringency of climate disclosure

requirements decreases the mass of investors who choose to invest in the dirty firm, thereby

reducing pollution. On the other hand, more stringent climate disclosure requirements also

reshape firms’ shareholder base, resulting in the dirty firm being financed by investors who,

on average, are less concerned about pollution. The latter effect undermines the incentive

of the dirty firm to adopt green technology. Therefore, the impact of more stringent climate

disclosure requirements on pollution and welfare is ambiguous. This result challenges the

conventional view that improving climate disclosure requirements is beneficial and suggests

that some level of greenwashing could be optimal. It also constitutes caution against recent

regulations that aim to strengthen climate disclosure requirements.

I also provide empirical evidence supporting the novel predictions of my theory. Us-

ing data on the staggered implementation of mandatory ESG disclosure requirements across

countries, I show that after the implementation of mandatory disclosure requirements, the
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share of institutional investors, who have been recognized to be an important driver of firms’

sustainability, invested in polluting firms decreases. I also show that green investment de-

creases and that this effect is more pronounced for more polluting firms. This is consistent

with the prediction of the model that, after the implementation of more stringent climate

disclosure requirements, capital is reallocated away from dirty to clean firms, with dirty firms

ending up being financed by investors who care less about pollution, in turn undermining

incentives for these firms to adopt greener technologies.
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Appendix

A Theory

A.1 Proof of Lemma 2

The green equilibrium exists if f < (1−κ)eπψ(λ̂G(f)). Let f 1 be the solution of the equation

f = (1−κ)eπψ(λ̂G(f)). Since the right-hand side of this equation increases in f and is positive

when f = 0, this implies that this equation has a unique solution f 1 > 0. Hence, the green

equilibrium exists whenever f ∈ [0, f 1]. Moreover, we have

W 1
G = αc + (∆− f)G(λ̂G)− κπe

∫ λ̂G

0

λdG(λ) = W 1
G(f, κ)

W 1
B = αc +∆G(λ̂B)− πe

∫ λ̂B

0

λdG(λ)

Assuming that W 1
G is decreasing in κ,10 we have that W 1

G(0, κ) > W 1
G(0, 1) as and by as-

sumption κ < 1. Moreover, inspection of equations (4), (9) and W 1
G above reveal that

W 1
G(0, 1) = W 1

B thus W 1
G(0, κ) > W 1

B. Now, consider f ∈ [0, f 1] so that the green equilibrium

exists. Define f
1
= f 1 if W 1

G(f) > W 1
B ∀f ∈ [0, f 1]. If ∃f̃ ∈ [0, f 1] such that W 1

G(f) < W 1
B

then f
1
= inf{f ∈ [0, f 1] : W 1

G(f) < W 1
B}.

A.2 Proof of Proposition 1

Case 1: If f > (1−κ)eπψ(λ) then we have that ψ(λ̂) < ψ(λ) < f
(1−κ)eπ for λ̂ ∈ [0, λ], therefore

the green equilibrium does not exists.

Case 2: If f ≤ (1 − κ)eπψ(λ) ⇐⇒ ψ(λ) ≥ f
(1−κ)eπ , then there exists a unique ∆ such

that ψ(λ̂G(∆)) = f
(1−κ)eπ . Similarly, there exists a unique ∆ ≤ λ(2π − 1)e such that

ψ(λ̂B(∆)) = f
(1−κ)eπ . This implies that the green equilibrium exists for ∆ ≥ ∆ and the brown

equilibrium exists for ∆ < ∆. Next, we can show that ∆ > ∆. Assume that ∆ = ∆, then

ψ(λ̂B(∆)) = f
(1−κ)eπ which implies that ∆ > (2π−1)f

(1−κ)π , by using (4) and the fact that ψ(λ̂) < λ̂.

Moreover, using (9), after tedious computations we can show that λ̂G(∆) > λ̂B(∆) and

10This assumption is sufficient but not necessary.
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therefore ψ(λ̂G(∆)) > ψ(λ̂B(∆)) = f
(1−κ)eπ which implies that the green equilibrium exists if

∆ = ∆ and that ∆ > ∆ as ψ(λ̂G(∆)) > ψ(λ̂G(∆)) = f
(1−κ)eπ .

Finally, we can show that when both equilibria exist then λ̂G > λ̂B. First, we have that

λ̂G
(
∆ = (2π−1)f

(1−κ)π

)
= f

(1−κ)eπ . Moreover, we have ψ
(
λ̂G

(
∆ = (2π−1)f

(1−κ)π

))
= ψ

(
f

(1−κ)eπ

)
< f

(1−κ)eπ

which implies that the green equilibrium does not exist if ∆ = (2π−1)f
(1−κ)π . Hence, ∆ > (2π−1)f

(1−κ)π as

the green equilibrium exists for ∆ ≥ ∆. If the green equilibrium exists then ∆ ≥ ∆ > (2π−1)f
(1−κ)π

and λ̂G − λ̂B > 0 ⇐⇒ ∆ > (2π−1)f
(1−κ)π . Therefore, if both green and brown coexist then

λ̂G > λ̂B. When both equilibria coexist, we have that λ̂G > λ̂B, which implies that polluting

firms receive more capital in the green equilibrium but also pollute less. Hence, it could be

that pollution is higher in the green than in the brown equilibrium, as shown by Huang and

Kopytov (2023).

A.3 Proof of Proposition 3

The first part of the proposition follows directly from the interpretation of equation (21) in

the text. The second part of the proposition can be demonstrated by taking the derivative

of equations (6)-(8) and (11)-(13) with respect to π.

A.4 Proof of Proposition 4

The first part of the proof follows directly from the text. The proof for the second part

follows directly from equations (15)-(17) and (18)-(20).

B Empirics
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Table B1: Variable Descriptions and Sources

Variable Description Source

Mandatory Disclosure Dummy variable equals one starting from

the first year in which a country introduced

mandatory ESG disclosure, and zero other-

wise.

Krueger et al. (2024)

Share inst. ownership Share of institutional investors in a given firm

(median over the year).

FactSet

Nb Green Patents Number of green patents issued during a

given year. Green patents are patents with

CPC code Y02, based on the OECD classifi-

cation.

Kogan et al. (2017)

Nb Brown Patents Number of brown patents issued during a

given year. Brown patents are patents with

a CPC code different from Y02.

Kogan et al. (2017)

log(Scope 1) Natural logarithm of firms’ scope 1 emis-

sions.

Trucost

log(Scope 1 + 2) Natural logarithm of firms’ scope 1 and 2

emissions.

Trucost

Size Natural logarithm of sales, i.e, log(sale). Compustat

Dividend yield Ratio of dividend per share Ex-Date

(dvpsx f) to closing share price prccm.

Compustat

log(K/L) Natural logarithm of the physical capital

(ppent) to labor (emp).

Compustat

Leverage Ratio of total debt (dlc + dltt) to total assets

(at).

Compustat
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Variable Description Source

Market-to-Book Ratio of the market value of equity

(abs(prcc f) * csho) and total debt (dlc +

dltt) to total assets (at).

Compustat

Tangibility Ratio of property, plant, and equipment

(ppent) to total assets (at).

Compustat

ROA Return on assets, calculated as net income

(ni) divided by total assets (at).

Compustat

Cash/Assets Ratio of cash (che) to total assets (at). Compustat

R&D/Assets R&D expenditure (xrd) divided by total as-

sets (at).

Compustat

log(Market-cap) Natural logarithm of market value of equity

(abs(prcc f) * csho).

Compustat

log(Capex/Assets) Capital expenditure divided (capx) by total

assets (at).

Compustat

log(Market-cap/GDP) Natural logarithm of market value of equity

(abs(prcc f) * csho) divided by total GDP.

Compustat/World

Bank

log(GDP per capita) Natural logarithm of GDP per capita. World Bank

log(GDP) Natural logarithm of total GDP. World Bank

GDP Growth Growth rate of total GDP (in %). World Bank
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