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Chapter 1

Introduction

Motivation

Environmental protection is perhaps the most significant challenge that humans have

faced in recent decades and will continue to face in the future. This challenge can take

the form of preventing pollution in developing countries or neutralizing carbon emissions

worldwide. The public expects firms to take more responsibility in creating a better

world since they cause the most damage to the environment and have the resources to

bear the cost of taking green actions to reduce emissions. However, firms have different

concerns that prevent them from taking action. One such concern is the standard view

of their objective as maximizing shareholders’ value, while pollution prevention is often

perceived as a costly action and pollution itself is an externality. Additionally, firms are

worried about losing their competitive advantage relative to their peers.

To promote the adoption of environmentally friendly practices, which is a common

good, the state and the market are two complementary powers that we can rely on

(Tirole, 2019). On the one hand, the state serves as the regulator and sets the frame-

work and ground rules for firms to follow. It can establish environmental regulations,

create carbon markets, decide on carbon quotas allocated to firms, facilitate green bond

issuance, and even subsidize green projects (Gianfrate and Peri, 2019). These rules and

regulations create boundaries that firms cannot easily break. On the other hand, the

market shapes firms’ behavior through economic forces. The main players that have

influence power in the market are stock investors, bond investors, employees, and cus-

tomers. Shareholders can directly influence firms through voting channels and price

channel, bondholders can drive down firms’ financial costs by accepting lower returns,

employees are more willing to work for green firms and accept lower wages, and cus-

tomers can change firms’ products by consuming goods provided by green firms (Barzuza

et al., 2020; Dikolli et al., 2022; Pástor et al., 2021; Krueger et al., 2021; Bolton and

Kacperczyk, 2021; Kleimeier and Viehs, 2021; Gong et al., 2023). With governments’

clear regulation framework, and market players’ green preference, ideally firms can find

a balance between profit driven business and internalize pollution extenality.

1



2 CHAPTER 1. INTRODUCTION

Both governments and private initiatives seem to have a significant impact on firms’

behavior. Firms respond not only to laws passed within their jurisdiction but also to

agreements made between governments. For instance, in response to the facilitation of

green bond issuance in Mainland China, the amount of green bonds issued by Chinese

listed firms grew from zero in 2013 to 43.337 billion USD in 2019. Similarly, listed firms

in North America described more carbon emission abatement actions in their annual

reports after the Paris Agreement was passed in 2015 (Ramadorai and Zeni, 2021). In

addition, large asset management companies have started to actively promote the inte-

gration of ESG (Environmental, Social, and Governance) factors into their investment

activities, which creates incentives for firms to achieve a higher ESG score (Alda, 2021;

Dai et al., 2022). This shift in investment focus has led to an increased emphasis on

sustainable practices and reduced carbon footprint among firms. Furthermore, customer

preferences are also driving firms’ behavior towards environmentally friendly practices.

Without the power of demand, government subsidies cannot lead to the success of a low-

carbon market (Fan and Dong, 2018). The success of Tesla and the forced production

of electric cars by traditional manufacturers can potentially be attributed to consumers’

shift towards electric cars.

However, despite the progress made in our society, the tensions between economic

growth and environmental protection at the regulatory level, and the tensions between

profit maximization and internalizing environmental protection costs at the firm level

are still fundamental issues that slow down the pace of energy transition. While asset

managers claim to care about ESG, they are primarily concerned with ESG issues that

have a potential negative impact on investment value (Pucker and King, 2022; McCah-

ery et al., 2022). These tensions become even tighter during adverse market scenarios.

For instance, because of the COVID-19 crisis, local governments prioritized maintaining

the stability of employment rates and the economy, making it challenging to implement

green policies. Similarly, fund managers were less likely to focus on pushing for green

practices in firms since it was challenging to maintain acceptable investment returns.1

Therefore, it’s crucial to investigate whether it is possible for firms to achieve both

environmental protection and value maximization. Without answering this question,

the adoption of green practices may remain in a back-and-forth situation. Although

it is clear that internalizing environmental protection costs can be expensive in the

short run, one potential solution is that firms with early green actions can reap suffi-

cient long-term benefits. Theorists also suggest that a CSR-oriented firm can coexist

with a value-maximizing firm if shareholders have a preference for green firms (Baron,

2007). This thesis aims to address this question along these two dimensions empirically.

Chapter 2 attempts to determine whether firms that adopt green practices early can

1This argument is based on an informal interview with an ESG fund manager.
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achieve sufficient long-term benefits. Chapter 3 explores whether investors currently

have a preference on firms’ green status. Although Chapter 4 is not directly related to

the research question, it investigates how the increasing presence of passive investors in

the market may impact firms’ governance, potentially providing insight into how firms’

green decisions may be influenced in the long run.

Can firms that adopt green practices early reap enough long-term benefits?

Chapter 2 aims to answer the question of whether firms that adopt green practices early

can gain sufficient benefits in the long run. In general, green practices may include

investing in green technology, funding environmental-friendly projects, implementing

pollution abatement measures, and reducing carbon emissions. In this study, the focus

is on air pollution abatement. There is a long-standing literature showing that green

transformation is costly for firms as it decreases their productivity (Gollop and Roberts,

1983; Greenstone et al., 2012; Gray et al., 2013; He et al., 2020), and a growing literature

showing that green firms can benefit from a low cost of debt and equity (Bolton and

Kacperczyk, 2021; Kleimeier and Viehs, 2021). However, it is unclear whether these

benefits are sufficient to cover the costs, as firms would engage in green practices if this

is undoubtedly. But if we take into account the time constraint to build the necessary

infrastructure (Kydland and Prescott, 1982), which increase the cost significantly, the

result can change. Early green actions can make the time-to-build constraints less bind-

ing, potentially allowing firms with early green actions to outperform those without.

Therefore, it is worth comparing the performance of firms with early green practices

with those without in the long run.

I address this question in the content that Chinese firms are facing the increasing

enforcement efforts of air pollution abatement regulations. The research design is in-

novative and departs from previous research by considering the following facts: i) the

ability of governments to enforce regulations is limited, and they will consider the costs

and benefits (Shimshack, 2014), ii) the government’s enforcement efforts can be influ-

enced by GDP concerns, which depend on the production of firms (Pang et al., 2019),

and iii) firms can plan ahead to mitigate the impact of increased government enforce-

ment. Previous research typically examines the impact of introducing a new regulation,

such as research on the introduction of California’s cap-and-trade rule (Bartram et al.,

2022). However, environmental protection issues arise not only from the lack of regula-

tions but also from the lack of regulation enforcement. Furthermore, the time variation

of enforcement provides firms with the possibility to choose to adopt green practices

early or not.

In the research design, I address two empirical challenges, namely the need for a

proxy of enforcement ability and the endogeneity issue of GDP concern on governments’



4 CHAPTER 1. INTRODUCTION

enforcement efforts. In China, environmental law enforcement is primarily implemented

at the local government level, so I need to address the endogeneity issue at the local

government level. To address the first challenge, I use the distance between a firm and

its nearest monitoring station as a proxy for enforcement ability. The assumption is that

local governments prioritize allocating their limited resources to firms that are closer to

monitoring stations. To address the second challenge, I exploit the exogenous shock of

the transfer of monitoring station control rights from local governments to the central

government since the end of 2016. I find that firms with a high ability to shift produc-

tion to their subsidiaries are less likely to conduct air pollution abatement actions and

more likely to shift production to their subsidiaries when local governments increase

their enforcement efforts. This is due to the fact that these firms are less constrained

by time-to-build constraints and can more easily adapt to changes in regulation enforce-

ment.

I employ a two-stage least squares methodology to investigate the impact of increased

air pollution abatement actions induced by the transfer of monitoring station control

rights on the profitability of firms with and without early green actions. I divide the

firms into two groups based on their level of air pollution abatement actions in 2016

and find that firms with a high level of air pollution abatement actions experience an

increase in profitability, while firms with a low level do not. The increase in profitability

can be attributed to the decrease in financial expenses. Interestingly, both groups of

firms experience a decrease in financial costs, which is measured by financial expense di-

vided by total liabilities. The results suggest that firms with a high level of air pollution

abatement actions can use low-cost funding to restructure their debts, while firms with

a low level of air pollution abatement actions can only use low-cost funding to finance

their green transformation.

A valid concern is that firms with a high level of air pollution abatement actions may

bear significant costs ex-ante. To address this concern, I match firms with a 2016-high

level of air pollution abatement actions with firms with a 2016-low level based on their

industry code, firm size, market-to-book ratio, return on assets, and distance to their

nearest monitoring station in 2014. I observe a parallel trend in the return on assets

from 2012 to 2016, which is the year that the transfer of monitoring station control

rights occurs, and find that firms with a high level of air pollution abatement actions

outperform those with a low level afterwards. This suggests that firms with early green

practices successfully smooth their green transformation over time and possibly do not

need to bear the costs that come with time-to-build constraints.

The results are encouraging as they suggest that early adoption of green practices

can provide firms with a long-term competitive advantage. With this finding in mind,

it is optimal for local governments and investors to encourage firms to plan for green
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transformation in the long run.

Do investors have a preference firms’ green status?

Chapters 3 and 4 aim to shed light on whether investors are willing to support the

green transformation. This question will be divided into two parts: (i) How do investors

currently perceive green companies? (ii) Will the increasing trend of passive investors

impact the answer to the first question in the future?

In Chapter 3, I examine how stock and bond investors perceive firms’ green status.

This is joint work with Sophie Moinas and was inspired by a research project initiated

by the Hong Kong Monetary Authority (HKMA). Identifying a firm as a green firm is

not an easy task, as it depends on the standard we choose, such as a firm running a green

business or a firm with zero carbon emissions. As a simplified approach, we label firms

that have issued green bonds as green firms, since green bonds are specifically designed

to fund green projects. For those that haven’t, we label them as brown firms. Previous

literature has examined both the stock market and bond market reactions to green bond

issuance and has found encouraging results. For stock investors, studies have found a

positive announcement return of green bond issuance(Flammer, 2021; Tang and Zhang,

2020; Wang et al., 2020). The stock market’s positive reaction to green bond issuance is

a combined reaction to both the change in firms’ green status and green bond issuance.

However, it is unclear whether the positive market reaction is due to the change in green

status or the green bond issuance. For bond investors, studies have found a small but

negative green bond premium for bonds issued with clear standards and in transparent

markets (Östlund, 2014; Ehlers and Packer, 2017; Zerbib, 2019; Bachelet et al., 2019;

Hyun et al., 2020; Kapraun et al., 2021). The greenium is typically calculated by com-

paring the green bond yield and the yield of synthetic conventional bonds constructed

with conventional bonds issued before and after the green bond issuance. However, it

fails to consider the impact of firms’ green status on conventional bonds issued after the

first green bond issuance. Departing from existing literature, We aim to understand the

separate effects of firms’ green status and green bond issuance.

Our analysis begins with an examination of how stock investors perceive a company’s

green status and green bond issuance. Climate Bonds Initiative’s (CBI) three-tier sys-

tem, which certifies green bond issuance, provides us a unique perspective to explore

a company’s green status before the first green bond issuance. The three-tier system

includes green bond framework verification, use of proceeds verification, and CBI cer-

tification. Using an event study, we construct a cumulative abnormal return (CAR)

around the bond issuance announcement date by green firms. We find that when firms

lack green bond framework verification, the announcement of their first green bond is-

suance leads to a positive reaction from stock investors, while there is no impact when
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firms have green bond framework verification. This suggests that stock investors value

a company’s green status more than the issuance of green bonds itself. The lack of

reaction to subsequent green bond issuance confirms this hypothesis. Therefore, we can

argue that stock investors have a preference on companies that make an effort to be

environmentally friendly.

Next, we investigate how bond investors perceive a company’s green status and the

issuance of green bonds. To conduct the analysis, we use a double-matching method.

First, we match green firms with brown firms based on firm size, market-to-book ratio,

previous year liquidity, and industry code. For each green firm, we keep four brown firms.

Second, we match each green and conventional bond issued by green firms with a con-

ventional bond issued by brown firms based on bond size, time to maturity, callable type,

and bond seniority. After this matching process, we conduct a difference-in-differences

(dif-in-dif) analysis to examine the green bond premium with and without CBI certifi-

cation, as well as the conventional bond premium issued by green firms. Our findings

show that only bonds with CBI certification are traded with a negative premium, while

neither other green bonds nor conventional bonds issued by green firms are traded with

a negative premium. This suggests that bond investors only value green bonds with

certification, but do not have a preference on a company’s green status.

Overall, our findings in Chapter 3 indicate that stock investors view green compa-

nies more positively than bond investors. As stock investors have more influence over

a company’s governance, a preference for green companies by investors can incentivize

more firms to adopt environmentally friendly practices.

Chapter 4 aims to investigate the effect of changes in the investor base, specifically

the rise of passive investors, on firms’ governance. This is crucial because it potentially

affects our understanding of the pressure that investors may exert on firms’ green prac-

tices in the future. Passive funds, including index funds and exchange-traded funds,

have become popular investment vehicles for individual investors as they offer a way

to avoid information asymmetry issues typically experienced when investing in single

stocks through institutional investors. Furthermore, individual investors tend to hold

passive funds for the long run (Da Dalt et al., 2019). For instance, the percentage of

stocks owned by passive funds increased from 0% to 8.21% of the total U.S. stock mar-

ket capitalization between 2000 and 2016. However, passive funds’ lack of exposure to

individual firms’ performance means they lack internal incentives to intervene in firms’

governance, making their impact on firms’ governance less predictable. The literature

has shown that passive funds are active voters, but their impact on firms’ governance

has been found to be mixed (Appel et al., 2016; Schmidt and Fahlenbrach, 2017; Heath

et al., 2020). Given that the trend of more passive investors is likely to continue, it is

important to rationalize passive funds’ voting and make their impact more predictable.
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Based on the argument that passive funds lack internal incentives, it is reasonable to

explore their external incentives. The analysis begins with the observation that 86.44%

of U.S. passive funds’ positions are voted in situations where the same fund family’s

active funds also vote in the voting meeting. This suggests that influence coming from

the same fund family’s active funds is potentially the most significant external incentive.

Building on this observation, the analysis explores two questions: i) how do the same

fund family’s active funds adjust their holdings based on the holdings of passive funds,

and ii) how do the voting pattern of the same fund family’s active funds and passive

funds are affected by their holdings. This approach can shed light on the potential im-

pact of external incentives on the voting behavior of passive funds.

To investigate how the same fund family’s active funds adjust their holdings, I first

construct an average individual client’s fund inflow within the same fund family for

both active funds and passive funds. Next, I examine the relationship between this con-

structed measure and the stocks held by active funds and passive funds. The findings

indicate that passive funds’ fund inflow increases the composition of portfolios of both

passive and active funds, while active funds’ fund inflow does not affect active funds’

composition of portfolios. This suggests that active funds do not adjust their portfolios

based on their individual clients’ trading activities, but rather based on the holdings

of the same fund family’s passive funds. These results are robust to using the Russell

index reconstitution as an exogenous shock.

To understand the effect of holdings on the voting pattern of the same fund fam-

ily’s active and passive funds, I apply a two-stage-least-square method and examine the

voting pattern when the ISS company has different recommendations than the manage-

ment team. First, I use the average passive funds’ fund inflow from individual clients

to predict the product of passive funds’ ownership and active funds’ ownership from

the same fund family, which I show to be a measure of active funds’ incentive to align

passive funds’ voting. The results show that average passive funds’ fund inflow increased

active funds’ incentive. Next, I examine how passive and active funds vote when the

ISS company had different recommendations than the management team, which require

both active and passive funds to make their own judgment. The findings suggest that

the increased incentive made active and passive funds more likely to vote in the same

direction. Overall, this study provides a standpoint to consider the potential impact of

growing passive fund ownership on firms’ green decisions, where active funds influence

votes of passive funds in the same family.

In summary, the thesis suggests that there are benefits of adopting environmentally

friendly practices early. First, firms with early green actions can smooth their costs over

time. Second, they can outperform firms without early actions in the long run, if the
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environmental law enforcement becomes more stringent. Furthermore, stock investors

currently value firms’ green status. The impact of increase trend of passive investors

on firms’ green actions will be affected by the same fund family’s active funds’ green

preference. If the active funds of the same fund family value firms’ green status, they

can encourage more firms to become green together with passive funds’ stakes.



Chapter 2

Why do firms go green?

2.1 Introduction

The public is calling for government environmental policies that require firms to in-

ternalize pollution externalities. Since pollutant emissions are externalities and green

transformation is expensive, profit-maximizing firms are unlikely to internalize their en-

vironmental impact on their own (Biais and Landier, 2022). Although Friedman (1970)

argues that shareholders can use their wealth to promote social responsibility and that

firms should prioritize profit maximization, this argument may not hold for environmen-

tal impacts that are difficult to reverse (Baron, 2007; Benabou and Tirole, 2010; Shive

and Forster, 2020). Therefore, government intervention is necessary to ensure that firms

internalize these externalities. Governments can establish pollution caps or taxes on ex-

cessive emission, and mandate that firms meet these requirements. Once these policies

are implemented, firms will be forced to adopt environmentally friendly practices.

Despite a clear regulatory framework provided by governments, many firms choose

not to take action to reduce their pollution levels. Violations of environmental laws

are common worldwide, even among firms subject to Environmental Protection Agency

enforcement orders. For example, the U.S. National Environmental Law Center has

documented cases of firms remaining out of compliance with pollution permit limits.1

Similar issues occur in developing countries. Although the Chinese government has

been promoting air pollution abatement since 2012, the 2018 Blue Sky Defense Action

in Shandong province, a major province with severe air pollution in China, resulted in

the closure of 44,661 firms and required 40,559 firms to upgrade their pollution abate-

ment facilities.2 This paper aims to examine the reasons why some firms choose to

ignore regulations, while others choose to adopt environmentally friendly practices.

I address this question by examining the benefits and costs of complying with regu-

lations in the context of the Chinese government’s efforts to force listed firms to adopt

1https://www.nelc.org/cases/environment-michigan-sierra-club-v-ak-steel/
2https://www.mee.gov.cn/xxgk2018/xxgk/xxgk15/201904/W020190428315574710732.pdf

9
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air pollution abatement measures. My findings indicate that the enforcement efforts

made by governments and monitoring instruments play a key role in determining firms’

behavior, and that firms’ ability to shift production away from the monitoring system

also affects their response to such regulations. The underlying mechanism is that the

ability to shift production is a mitigating factor that helps alleviate time-to-build con-

straints imposed by increased government enforcement efforts. Furthermore, I show

that taking early actions can also help firms alleviate the time-to-build constraints and,

importantly, outperform firms without early actions. Although both types of firms can

benefit from the decrease in financing costs as they take more green actions to comply

with government regulations, firms with early green actions have more flexibility. They

can reduce their financial expenses by replacing existing debts with low-cost debt. In

contrast, firms without early green actions can only use low-cost debts to fund their

green transformation. Additionally, I find that the better performance of firms with

early actions remains even after taking the cost of early actions into account. These

results are encouraging, as they suggest that value-maximization and internalizing envi-

ronmental impacts are not necessarily in conflict with each other. They complement the

view that CSR firms can co-exist with value-maximization firms if shareholders have a

preference for firms’ green actions (Baron, 2007).

The first empirical challenge in this paper is to develop an environmental score that

accurately captures firms’ efforts to abate air pollution. However, there are several issues

with existing environmental scores. Firstly, existing scores have a backward-looking na-

ture and cannot predict a firm’s future emission reductions (van Binsbergen and Brøgger,

2022). Secondly, they are relative indicators that compare a firm’s environmental perfor-

mance with that of firms from the same industry worldwide. As a result, the relationship

between environmental scores and local environmental quality is unclear since foreign

firms’ environmental performance serves as the benchmark. Thirdly, they capture mul-

tiple dimensions of environmental performance, which reduces their representativeness

on a specific environmental quality dimension. Lastly, they cover a limited number of

firms across the years, which further complicates the analysis.

To address the issues associated with existing environmental scores, I develop a green

commitment score based on textual analysis of annual reports from Chinese-listed com-

panies between 2014 and 2020. The China Securities Regulatory Commission (CSRC)

requires Chinese-listed companies to release standardized green commitment informa-

tion in the corporate social responsibility section of their annual reports. Thus, pollution

abatement information in Chinese companies’ annual reports is less likely to suffer from

the cheap talk issue, which has been criticized in many studies using 10-K files and

annual reports of U.S.-listed firms (Ilhan et al., 2021). The green commitment score

measures the number of sentences describing air pollution abatement actions, green risk

management plans, and general abatement willingness information, standardized by the
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total number of characters in each annual report. Including information on air pollu-

tion abatement actions makes the score forward-looking, as it reports the comparison

between actual emissions and future emission permits each year. Additionally, it is the

only score that can cover all Chinese-listed firms across the years. To assess the score’s

reliability, I compare it with the Refinitiv Emission score and find a strong positive

correlation between them. Furthermore, firms with higher green commitment scores

report lower average self-reported pollutant emissions across entities within listed firms.

Industrial firms with higher green commitment scores also contribute to improved air

quality, as indicated by a decrease in the nearest monitoring station’s air quality index.

Consequently, I restrict my primary analysis to industrial firms.

Using the green commitment score that I develop, I proceed to analyze firms’ de-

cisions to abate air pollution. Firms’ responses to stringent government policies on air

pollution abatement depend on a trade-off between the expected costs of non-compliance

and the compliance costs. However, directly observing a firm’s expected costs of non-

compliance is challenging. Therefore, I examine the factors that influence them. Local

governments’ enforcement of environmental laws affects firms’ expected costs of non-

compliance and is influenced by various factors, including the relationship between local

and central governments, cost-benefit analysis conducted by local governments, and

monitoring instruments (Shimshack, 2014). Monitoring instruments can be used to

gauge the pressure faced by firms, as they provide measures directly. For air pollution

monitoring instruments, we use the fact that firms’ distances to their nearest air quality

monitoring stations differ. Firms located closer to a monitoring station are more likely

to be fined by local governments if they do not comply. However, one could argue that

the locations of air quality monitoring stations can be endogenous to firms’ pollution

levels. To address this concern, I exploit the control right transfer of air quality mon-

itoring stations from local governments to the central government, which served as an

exogenous shock to local governments’ policy enforcement efforts at the end of 2016.

This transfer resulted in local governments being less lenient. I expect that the increase

in policy enforcement effort, which interacts with firms’ distance to their nearest mon-

itoring stations, will increase firms’ expected costs of non-compliance. I find that after

the transfer, being 1 km closer to the monitoring station increases the firms’ green com-

mitment score by 0.084. Overall, my analysis shows that firms update their beliefs and

take more pollution abatement activities in response to policy enforcement efforts and

the intensity of monitoring instruments. This complements the findings of Ramadorai

and Zeni (2021), who show that firms update their expected costs of non-compliance

based on anticipations about future climate regulation.

To assess the flip side of the trade-off and capture compliance costs, I focus on

analyzing firms’ ability to shift production. Previous literature has shown that green

transformation can have costly effects on firms’ productivity (Gollop and Roberts, 1983;
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Gray et al., 2013; Greenstone et al., 2012; He et al., 2020). However, rather than focus-

ing on the productivity effects, I emphasize firms’ ability to shift production, which can

make the time-to-build constraint imposed by policy enforcement less binding. When

firms choose to comply with regulations, they have two options: conduct air pollution

abatement actions or shift production to other facilities. Inspired by Cao et al. (2021),

I measure firms’ ability to shift production by using the fixed asset ratio. Firms with a

high fixed asset ratio are considered to have a low ability to shift production. For firms

with low production shift ability, delaying compliance until government enforcement ef-

forts increase may result in costly pollution abatement due to time-to-build constraints

(Kydland and Prescott, 1982). As a result, they are incentivized to take pollution

abatement actions early to smooth their compliance costs. This can involve gradually

installing green facilities, deploying facilities that easily upgraded in the future, choos-

ing production processes with less pollution, and divesting in environmentally unfriendly

projects (Bauer et al., 2018). I find that before the control right transfer of air quality

monitoring stations, firms with fixed asset ratios above the industry median in 2014 have

a green commitment score of 0.215 higher than those with fixed asset ratios below the

industry median. After the transfer, the score gap widen further by 0.509. The ability

to shift production gives firms the flexibility to take less air pollution abatement actions.

Another way of handling time-to-build constraints is to abate air pollution early. I

examine whether the early action can benefit firms’ performance when facing increased

government enforcement efforts. To do so, I separate industrial firms into two groups

based on their green commitment score in 2016, comparing it to the industry median

score. My findings show that for 2016-high-green-commitment-score firms, a 1 km de-

crease in distance to their closest monitoring station can increase their ROA by 0.3255%,

while the ROA of 2016-low-green-commitment-score firms remains unaffected. Further

evidence indicates that the increase in ROA can be attributed to a decrease in financial

expenses by 6.795 million CNY. Interestingly, both 2016-high-green-commitment-score

and 2016-low-green-commitment-score firms can benefit from a decrease in financial

costs by 0.15% and 0.14%, respectively. These results suggest that firms with early

air pollution abatement actions can outperform firms without, as they can use low-cost

debts to replace their existing debts, while firms without early actions can only use

low-cost debts to finance green transformation.

A valid concern is that the increased ROA of firms with early green actions may

be due to the green transformation costs they paid earlier. To address this concern,

I conducted a propensity score matching process to match firms with a 2016-high-

green-commitment-score with firms with a 2016-low-green-commitment-score in 2014,

based on firm size (ln(Mktcap)), market-to-book ratio, ROA, distance to the nearest

monitoring station, and industry code. I observed a parallel trend of ROA from 2012

to 2016 for the two matched groups of firms. However, starting in 2017, the 2016-
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high-green-commitment-score industrial firms began to outperform the 2016-low-green-

commitment-score industrial firms. This suggests that abating air pollution early on

provides long-term benefits to firms when facing increased regulation enforcement.

To validate the findings in this paper, another concern to address is whether the

fixed asset ratio accurately captures the production shift channel or simply reflects the

fact that firms with more fixed assets need to invest more in green transformation. To

address this concern, I first confirm that firms with a high fixed asset ratio in 2014 are

more likely to be assigned to the group of 2016-high-green-commitment-score industrial

firms. Next, I examine the different impacts of an increase in local government policy

enforcement efforts on the production processes of firms with 2016-high(low)-green-

commitment-score. I find that after the control right transfer of monitoring stations,

being 1 km closer to the monitoring station increases the operating cost, revenue, and

employee salaries of subsidiaries of 2016-low-green-commitment-score industrial firms by

0.171 billion CNY, 0.207 billion CNY, and 9.249 million CNY, respectively. However,

there is no impact on 2016-high-green-commitment-score industrial firms. This produc-

tion shift effect is similar to the outcome of California’s cap-and-trade rule’s impact on

financially constrained firms (Bartram et al., 2022), but the mechanism is different, as

the final analysis shows that the firms shifting production are those with fixed asset

ratios below the industry median instead of financially constrained firms. Overall, the

results confirm the conjecture that the fixed asset ratio is a good proxy for firms’ ability

to shift production.

This paper contributes to the literature in several ways. Firstly, this paper con-

tributes to the long-standing literature on the costs and benefits of adopting environ-

mentally friendly practices. Previous literature has shown that green transformation

has costly effects on firms’ productivity (Gollop and Roberts, 1983; Gray et al., 2013;

Greenstone et al., 2012; He et al., 2020), but also benefits from a low cost of debt and eq-

uity (Bolton and Kacperczyk, 2021; Kleimeier and Viehs, 2021). Complementing these

studies, this paper shows that firms can smooth green transformation cost and decrease

their financial expenses by decreasing their environment impact early.

Secondly, this paper contributes to the growing literature on understanding firms’

timing choices of environmentally friendly actions. The follower advantage can affect

firms’ timing choices. For example, researchers have shown that investments in green

technologies have positive spillover effects, which can benefit firms that adopt envi-

ronmentally friendly practices late (Acemoglu et al., 2012, 2016; Aghion et al., 2016).

Another explanation for firms’ timing choices is the interaction between their environ-

mental actions and their beliefs about regulations. Ramadorai and Zeni (2021) provide

evidence that firms’ abatement behavior is strongly influenced by their beliefs about

climate regulation. Biais and Landier (2022) analyze that regulations can be endoge-
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nous; if firms believe that there will be no regulation and do not take environmentally

friendly actions early, governments will find it too costly to implement green policy, thus

imposing no regulation. Different from the existing literature, this paper highlights that

the ability to shift production deters firms from abating air pollution early.

Thirdly, this paper also contributes to the literature on emission leakage effects of

locally implemented policies. The emission leakage effects arise from the fact that local

governments’ environmentally friendly policies are designed locally without coordination

(Shaked and Sutton, 1982; Bushnell et al., 2017; Fowlie et al., 2016). This paper shows

that a policy designed at the national level can also have an emission leakage effect. As

monitoring pollution is costly, firms can shift production to plants with less monitoring.

Bartram et al. (2022) point out that, driven by financial constraints, firms internally

reallocate plant-level emissions, causing an emission leakage. This paper’s results suggest

that financially unconstrained firms also internally reallocate plant-level emissions if

their production shift ability is high.
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Figure 2.1: China’s air pollution control system

2.2 Research background and hypothesis development

2.2.1 China air pollution control system and AQI monitoring station

control right transfer

China’s air pollution control system is central-government-oriented and implemented by

local governments. The central government sets both the pollutant emission amount

target and the area air quality target, with which the local governments monitor firms’

pollutant emissions. For example, in the twelfth Five-year plan for air pollution con-

trol of key provinces, the central government set the SO2 emission amount target and

the SO2 air concentrations target. Specifically, in key provinces, compared with 2010,

the total SO2 emission amount should decrease by 12% per year and the SO2 air con-

centrations should drop by 10% per year until 2015.3 To reach the target, the central

government and local governments set up two monitoring systems: the auto-monitoring

system for pollution sources and the air quality index (AQI) monitoring station system.

The pollution source auto-monitoring system is deployed at the firm level and sends

detailed pollutant emission information to each local government to verify every hour.

The AQI monitoring station system is deployed at the city level and the AQI is released

to the public every hour. Local governments control the AQI monitoring stations at the

time they are constructed. By design, local governments have the ability to manipulate

information in both systems. In Figure 2.1, I draw the framework of China’s air pollu-

tion control system.

Local governments face an agency problem with the central government, which in-

centivizes them to manipulate information in the air pollution control system. This

conflict arises from the tension between economic growth and environmental protection,

with local government officials responsible for maintaining local economic growth, while

pollution reduction can directly reduce GDP. According to a report by the Ministry of

Ecology and Environment (MEE), eliminating over-polluted firms, which are considered

backward production capacity by the MEE, resulted in a decrease in GDP of 114.8 bil-

3https://www.mee.gov.cn/gkml/hbb/bwj/201212/W020121205566730379412.pdf
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lion CNY after implementing the “Air Pollution Prevention and Control Action Plan”.4

As GDP growth is crucial for evaluating local government officials, they may compro-

mise their air quality improvement targets. Additionally, local entrepreneurs may make

efforts to lobby local government officials to lower pollution control enforcement, ex-

acerbating the problem. In April 2015, Wu Xiaoqin, former deputy minister of MEE,

confirmed that some local governments had manipulated the AQI.5

On December 31, 2015, MEE announced its plan to transfer the responsibility of

AQI monitoring stations from local governments to the central government to mitigate

the agency problem.6 The transfer process began in September 2016 and, by October

24th, 1324 monitoring stations had been transferred to operating companies assigned

by the central government. On November 3, 2016, the China National Environmental

Monitoring Centre (CNEMC), a department of MEE, issued a regulation stating that

no entities could enter the monitoring station without permission from CNEMC.7

The transfer of AQI monitoring stations from local governments to the central gov-

ernment is expected to increase pressure on firms located closer to monitoring stations

to reduce emissions. This is because the central government relies on AQI monitoring

stations to evaluate the performance of local governments, and the ability of local gov-

ernments to manipulate information is reduced after the transfer. As a result, local

governments are likely to make genuine efforts to improve air quality around monitoring

stations, leading to increased pressure on nearby firms to go green.

2.2.2 Environmental information reporting quality in annual reports

In China, listed companies follow standardized guidelines to form their annual reports’

formats and contents. The standardized guideline, “Standards for the Contents and

Formats of Information Disclosure by Companies Offering Securities to the Public No.

2” is released by the Chinese Securities Regulatory Commission (CSRC). CSRC actively

revises this guideline to improve firms’ transparency, which includes environmental in-

formation transparency. Between 2012 and 2021, it has been amended six times.

The environmental information disclosure standard has undergone significant im-

provements during the disclosure guideline amendment process. Since 2012, listed com-

panies and their subsidiaries within heavy-polluting industries have been required to

disclose environmental information in the annual report’s corporate social responsibility

section. These firms are obligated to report overall pollution emission information, envi-

ronment facility information, and pollution accident emergency plans. In 2016, the cov-

erage requirement was expanded from firms within heavy-polluting industries to heavy-

4http://www.xinhuanet.com/politics/2015-09/09/c 1116513933.htm.
5http://news.sohu.com/20150408/n410927208.shtml
6http://www.mee.gov.cn/gkml/hbb/bgg/201612/W020161205323170196405.pdf
7https://www.h2o-china.com/news/249305.html
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polluting firms. Simultaneously, detailed pollution information disclosure standards

were established, including major pollutants, discharge methods, number and distribu-

tion of discharge outlets, discharge concentration and total amount, excessive discharge,

implemented pollutant discharge standards, and approved total discharge amount. In

2017, the disclosure requirements were further expanded to include environmental im-

pact evaluations of projects, pollution approval information, and self-monitoring plans.

Another factor affecting the quality of environmental information disclosure in an-

nual reports is CSRC’s ability to enforce compliance. To strengthen its enforcement

ability, CSRC signed an agreement with MEE on June 12, 2017.8 The agreement aims

to share information between these two government departments, allowing CSRC to

check listed firms’ disclosure based on the list provided by MEE. This improvement in

enforcement ability has led to increased environmental information transparency among

firms. During the annual report collection process, I find several versions of the 2017

annual reports for some firms, and the more recent versions contain more environmental

information.

2.2.3 Hypothesis development

When the government intervenes, profit-maximizing firms are forced to internalize pol-

lution emission costs. These firms must make a comparison between the expected costs

of non-compliance and the costs of compliance. As a result, firms are more likely to

engage in green activities when they expect government policies to have a significant

impact, and are less likely to do so when the costs of compliance are high.

Different from what has been shown by Ramadorai and Zeni (2021), who demon-

strate that firms conduct more green activities in response to the expectation of fu-

ture environmental policies, this study focuses on the situation where a clear policy

framework is already in place, but policy enforcement changes firms’ expected costs of

non-compliance. Specifically, the expected costs of non-compliance are affected by local

governments’ policy enforcement efforts, the intensity of monitoring instruments, and

the fine. To capture the intensity of monitoring instruments, this study uses the distance

between each firm and its nearest air quality monitoring station as a proxy variable. The

hypothesis is that firms closer to the monitoring station will face more intensive moni-

toring, leading them to take more pollution abatement activities. However, the distance

between a firm and the monitoring station is endogenous to firms’ pollution levels and

pollution abatement activities at the time the monitoring station is constructed, which

raises a reverse causality issue. To address this issue, this study employs the control

right transfer of air quality monitoring stations from local governments to the central

government in China at the end of 2016 as an exogenous shock to local governments’

policy enforcement efforts. The increase of policy enforcement efforts will increase firms’

8http://www.gov.cn/xinwen/2017-06/12/content 5201853.htm
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expected costs of non-compliance. As the outcome of local governments’ policy enforce-

ment efforts relies on the change in air quality index from monitoring stations, the effect

of the intensity of monitoring stations and local governments’ policy enforcement efforts

is expected to interact. After the transfer, firms closer to the monitoring stations are

expected to take more green actions. Based on this analysis, this study proposes its first

hypothesis.

H1: The increase in local government policy enforcement efforts, coupled with the in-

tensity of monitoring instruments, will result in an increase in firms’ pollution abatement

activities. Specifically, following the transfer of control rights of air quality monitoring

stations from local to central government in China, firms located closer to monitoring

stations will take more green actions.

Firms’ compliance costs will be affected by their ability to shift production. Gov-

ernment policy enforcement puts time-to-build constraints on firms’ compliance. This

constraint will be weakened if firms have abilities to shift their production to other

places. Thus, I expect that firms with a low ability to shift production will take more

green actions. I use firms’ fixed asset ratios to proxy for firms’ abilities to shift produc-

tion, which is inspired by Cao et al. (2021). Firms with high fixed asset ratios have less

ability to shift production, and thus will take more green activities.

H2: Production shift ability mitigates time-to-build constraints imposed by policy

enforcement, and firms with high fixed asset ratios will take more green actions.

While the ability to shift production is an initial endowment that helps mitigate

time-to-build constraints, another way to handle these constraints is to take green ac-

tions early. By taking early green actions, firms can have more flexibility to handle the

increased government pressure. Therefore, we can expect that firms with early green

actions will perform better than firms without early green actions.

H3: Firms with early green actions will perform better under increased local gov-

ernment enforcement efforts.
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2.3 Data construction

2.3.1 Data Sources

Annual report

As part of this study, I collect annual reports for all Chinese listed firms with trading

activities between 2014 and 2020. The firm list includes all firms listed on both the

Shanghai and Shenzhen stock exchanges, resulting in a total of 4144 firms. To obtain

the annual reports, I develop a python program to download them from the Sina finance

website, which features a structured annual report archive.9 In total, I obtain 23,183

annual reports for all the firms analyzed in this study.10

Air quality index and monitoring station location

The air quality index (AQI) is provided by China National Environmental Monitoring

Centre (CNEMC) and is released every hour for each monitoring station. The exact

longitude and latitude of each monitoring station is also provided by CNEMC. The AQI

data used in this study is downloaded from an open source database.11

Firm location

I obtain the geographic coordinates for each firm’s headquarters location from CSMAR.

Financial data

I download the financial data of the firms from CSMAR from 2012 to 2020. The data

includes revenue, operating costs, net profit, financial expenses, marketing expenses,

total assets, total liabilities, and total loans.

SO2/NOX/Dust emission

I manually collect data on SO2/NOX/Dust emissions from annual reports spanning

from 2017 to 2020. While some firms report detailed emission data for their related

entities, the data I collect is incomplete. Nevertheless, this data can be used to test the

robustness of my green commitment score.

2.3.2 Measure construction

Continuous sample SO2/NOX/Dust emission production intensity

I calculate the emission production intensity by standardizing the emission amount with

the total revenue.

9For instance, annual reports for firm 600031 can be found at

http://vip.stock.finance.sina.com.cn/corp/go.php/vCB Bulletin/stockid/600031/page type/ndbg.phtml.

By replacing the stock code, annual reports for other firms can be accessed.
10The number of annual reports obtained for each year is presented in Table 2.A1.
11https://quotsoft.net/air/



20 CHAPTER 2. WHY DO FIRMS GO GREEN?

Firm-monitoring station distance

With the firm locations and monitoring station locations, I calculate the distance of

each firm to its closest monitoring station with the Haversine formula, which is specified

in equation 2.1. The monitoring stations are restricted to the monitoring station that

was constructed before 2017.

Distance = 2× arcsin

√
sin2

(
Longf − Longm

)
2

+ cos
(
Latf

)
× cos (Latm)×

sin2
(
Latf − Latm

)
2

× 6371

(2.1)

Where Longf and Longm are the firm’s longitude and the nearest monitoring station’s

longitude. Latf and Latm are the firm’s Latitude and the nearest monitoring station’s

Latitude. All the longitude and latitude are in radians.

Table 2.1 presents the number of firms in each distance group between the firms and

their nearest monitoring stations from 2014 to 2020. The distance groups are categorized

as 0-5km, 5-10km, and above 10km. The table provides information for both the all-firm

sample and the industrial-firm-only sample.

Table 2.1: Number of firms by distance groups

Table 2.1 reports the number of firms by distance groups from 2014 to 2020. The distance is calculated

as the Haversine distance between each firm and its closest monitoring station. Firms are separated into

three groups based on their distance to the monitoring station: 0-5km, 5-10km, and above 10km.

All firms Industrial firms

0-5km 5-10km ≥10km 0-5km 5-10km ≥10km

2014 1,477 495 577 710 330 469

2015 1,591 539 640 777 362 522

2016 1,692 589 718 828 395 586

2017 1,867 696 870 930 479 729

2018 1,915 722 904 954 495 761

2019 2,006 785 956 999 543 805

2020 2,156 882 1,106 1,083 624 935
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Green measure construction

Step 1. Identify the CSR part and the non-CSR part from annual reports

The first step in constructing a green measure is to separate the annual reports into the

CSR and non-CSR parts. As specified in section 2.2.2, CSRC requires firms in heavy-

polluting industries (before 2016) or firms classified as key pollutant discharging entities

(including and after 2016) to disclose environmental information in the corporate social

responsibility (CSR) part of their annual reports. Identifying standardized information

can help improve the quality of the green commitment score measure.

Using the pdfplumber package in Python, I extract texts and tables from annual

reports in PDF format. In the non-CSR part, I extract all the available text. For the

CSR part, which is where firms are required to disclose environmental information, I

extract both text and tables. Tables are the preferred format for reporting structured

information and contain the standardized information necessary for constructing the

green commitment score measure.

In this step, I obtain a total of 23,166 separated texts for both parts, after deleting

17 cases due to encoding errors or images that could not be identified. In the CSR part,

I extract a total of 60,027 tables.

Step 2. Identify and classify environmental information

Annual reports usually include both CSRC-required environmental information and

firms’ self-reported environmental information. The CSRC requires pollution infor-

mation, information on pollution prevention facility operation and construction, gov-

ernment permit information, an emergency plan for environmental emergencies, and

an environmental self-monitor plan. Self-reported information varies, but two types of

information can be standardized: green investment and environmental management sys-

tem (ISO 14000) deployment status.

To structure key information, the environmental information in annual reports is

classified into three categories: risk management, detailed action, and general green.

Risk management includes information on the emergency plan for environmental emer-

gencies, the environment self-monitor plan, and environmental management system de-

ployment status. Detailed action includes air pollution-related pollution information,

pollution prevention facility operating and construction information, government per-

mits related to air pollution, and green investment related to air pollution reduction.

Lastly, general green includes information on environmental protection and abating

emissions, but not specifically related to specific actions of reducing pollution.

Before starting the analysis, a dictionary needs to be designed that includes all the

items in the above three categories and keywords related to air pollution reduction. The



22 CHAPTER 2. WHY DO FIRMS GO GREEN?

keywords are developed based on the components of the air quality index used in China

after 2014, which consist of PM2.5, SO2, NOX, and O3. For each component, a list of

pollutants that could physically affect the pollution level is set up. Additionally, typical

facilities that firms use to reduce pollutant emissions are also included in the dictionary.

Detailed information on the pollutants and facilities can be found in Appendix Table

2.A2.

All the classification is performed at the sentence level or the table row level. The

dictionary is used to determine whether each sentence or table row contains environ-

mental information. If it does, it is assigned to one of the three categories.

Step 3. Calculate green commitment score

After categorizing each sentence and table row into one of three categories, I count

the total number of sentences and table rows in each category. I then calculate the

green commitment score using Equation (2.2), where Ntotal words is the total number of

Chinese characters in each annual report. Since I have separated each annual report

into the CSR and non-CSR parts, I have calculated both the CSR and non-CSR green

commitment scores, as well as the scores for each category.

Green commitment scoreCSR/non−CSR =
Ngeneral green +Nrisk management +Ndetailed action

Ntotal words
×10, 000

(2.2)



2.4. GREEN COMMITMENT SCORE VALIDITY AND RELIABILITY 23

Figure 2.2: Listed firm green commitment score from 2014 to 2020

2.4 Green commitment score validity and reliability

2.4.1 Green commitment score distribution

Figure 2.2 plots the listed firms’ green commitment scores from 2014 to 2020 for both

the CSR and non-CSR parts. The green commitment score for the CSR-part shows a

significant increase in 2017 after the transfer of air quality monitoring stations from local

governments to the central government, whereas the non-CSR-part green commitment

score remains relatively stable. The detailed action sub-score contributes the most to

the increase within the CSR-part green commitment score. Given detailed actions are

the standardized information required by CSRC, I expect that firms are conducting

more green actions to reduce their environmental footprint.

2.4.2 Green commitment score validity

The green commitment score is designed to capture firms’ actual green efforts, which

require standardized reporting instead of mere cheap talk and greenwashing. In general,

without standardized reporting requirements, firms may easily engage in cheap talk or

selectively report only favorable information, as has been criticized in the analysis of

U.S. 10k files and annual reports (Ilhan et al., 2021). Fortunately, Chinese listed firms’

annual reports follow the CSRC’s guidelines and release standardized environmental in-
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formation. This standardized environmental information forms the foundation of the

green commitment score. Moreover, the CSRC strengthens its ability to check firms’

compliance with the guidelines by sharing information with the MEE, thereby increasing

the trustworthiness of environmental information in annual reports. Hence, I can use

the green commitment score as a credible measure of firms’ green efforts.

2.4.3 Green commitment score reliability

Whenever available, I evaluate the reliability of my green commitment score by compar-

ing it with the Refinitiv ESG score, examining its relationship with firms’ self-reported

pollutant emissions, and verifying its association with the air quality index from the

nearest monitoring station. The results indicate that my green commitment score has

a positive correlation with the Refinitiv ESG score and performs well with the Refinitiv

emission score. Furthermore, it is negatively correlated with the average pollutant emis-

sion across entities within listed firms. Most importantly, I find that higher weighted

green commitment scores of industrial firms around the monitoring station can lead to

a decrease in the air quality index reported from the monitoring station.

Green commitment score and ESG score

The Refinitiv ESG score covers Chinese listed firms, but its coverage is limited. Since

2008, Chinese listed firms that belong to the MSCI Emerging Markets Index have had

an ESG score from Refinitiv. The list was expanded in 2018 and 2020, but the coverage

is still limited.12 Given the wide use of the Refinitiv ESG score, I compare it with my

green commitment score to begin evaluating the reliability of my score.

Table 2.2 compares the green commitment score with the Refinitiv ESG score for

Chinese listed firms. Three levels of Refinitiv ESG score, namely the emission score,

environment score, and ESG score, are analyzed. The regression analysis is conducted

separately for the CSR part and non-CSR part of the annual reports. Results for the

sub-score from three categories, namely risk management, detailed actions, and general

green, are reported in columns (1)-(3), (5)-(7), and (9)-(12), respectively. Columns (4),

(8), and (10) report results for the green commitment score, which is the sum of the

three sub-scores. In both Panel A and Panel B, it is observed that the green commitment

score positively correlates with the emission score, environment score, and ESG score.

The results are more stable for the emission score in the case of sub-scores. It suggests

that the green commitment score captures firms’ emission reduction efforts well.

12According to Refinitiv’s customer service response, the Refinitiv ESG score is calculated using data

from annual reports.
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Table 2.2: Compare the green commitment score with Refinitiv ESG score

Table 2.2 compares the green commitment score with the Refinitiv ESG score. The regression analysis examines the association between three levels of Refinitiv ESG score (emission score,

environment score, and ESG score) and the green commitment score, which is separated into sub-scores from three categories: risk management, detailed actions, and general green. Panel

A presents the results for the CSR part of the annual reports, while Panel B reports results for the non-CSR part. Year fixed effects and industry fixed effects are included in the analysis.

The significance levels are 1%, 5%, and 10%, respectively.

Panel A: CSR-part

Emission score Environment score ESG score

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Detailed action
1.635*** 1.005*** 0.386***

(0.255) (0.212) (0.148)

Risk management
9.372*** 3.714* -1.217

(2.225) (1.996) (1.407)

General green
7.745*** 4.843*** 1.680*

(2.147) (1.451) (0.873)

Green commitment scoreCSR
1.540*** 0.928*** 0.327**

(0.231) (0.190) (0.132)

Year Fixed effect Yes

Industry Fixed effect Yes

N 2034 2034 2034 2034 2034 2034 2034 2034 2034 2034 2034 2034

adj. R-sq 0.208 0.198 0.202 0.211 0.196 0.188 0.193 0.196 0.186 0.183 0.184 0.185

Panel B: non-CSR-part

Emission score Environment score ESG score

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Detailed action
8.456*** 4.961** 2.584

(2.891) (2.331) (1.853)

Risk management
30.237** 19.975* 9.230

(14.637) (11.540) (8.067)

General green
6.079*** 6.711*** 3.459***

(1.390) (1.226) (0.929)

Green commitment scorenon−CSR
5.396*** 5.192*** 2.673***

(1.108) (0.978) (0.739)

Year Fixed effect Yes

Industry Fixed effect Yes

N 2034 2034 2034 2034 2034 2034 2034 2034 2034 2034 2034 2034

adj. R-sq 0.194 0.193 0.198 0.199 0.188 0.188 0.198 0.197 0.184 0.183 0.189 0.188
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2.4.4 Green commitment score and firms’ emission

Before comparing the green commitment score with firms’ emission data, a summary of

listed firms’ pollutant emission levels and emission intensity is provided to better under-

stand the emission data and firms’ green efforts. To make the emission level comparable

across years, only firms with continuous records are included.13 Table 2.3 Panel A re-

ports the emission level, and Panel B reports the emission production intensity, which

is the number of pollutants divided by total revenue.

In Panel A, the summary statistics of the emission level show that if we compare

pollution emission data between 2017 and 2020, the median, mean, and maximum of all

indicators decrease. For example, in terms of mean, NOX decreases by 17.43%, SO2 de-

creases by 42.52%, and dust decreases by 13.02%. Pollution levels are highly correlated

with the exact products produced. The decreased pollutant number could be attributed

to the decreased number of produced products, new production technology, and pol-

lution reduction equipment installation. However, the decreased number of produced

products could simply be due to bad market conditions, which is not necessarily linked

to green efforts.

The summary statistics in Panel B of Table 2.3 show that the emission production

intensity decreased between 2017 and 2020. On average, NOX emission production in-

tensity decreased by 24.96%, SO2 emission production intensity decreased by 46.70%,

and dust emission production intensity decreased by 17.84%. This indicates that firms

may have improved their production technology or deployed pollution reduction equip-

ment to reduce their pollutant emissions per unit of revenue.

While the emission data is incomplete, it can still serve as a benchmark for the green

commitment score. The data is incomplete in two ways. Firstly, many firms only report

the emission rate, not the total pollutant emission amount, despite the CSRC reporting

standard requiring both. Secondly, even when firms do report total emission amounts,

they often only report some of their related entities’ emissions instead of all of them,

making it challenging to use the data at the firm level. To address this, I trimmed the

risk management index, the detailed action index, the general green commitment score,

and the green commitment score at the 1% and 99% levels. 14

Table 2.4 presents the relationship between the green commitment score and the

average pollutant emission across reported subsidiaries within listed firms. The CSR-

part green commitment score and the non-CSR-part green commitment score results are

13One outlier has been removed. Firm (600882)’s emission dropped more than six hundred times from

2017 to 2018, while its revenue was stable. So it had a high possibility of writing errors.
14Alternatively, I removed firms that had more than 150 records of detailed actions and less than 10

subsidiaries reporting pollutant emission amounts. The result has the same pattern.
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Table 2.3: Emission level and emission intensity for firms with continuous records

Table 2.3 reports the emission level and emission production intensity for firms with continuous records across

from 2017 to 2020. Panel A reports the emission level and Panel B reports the emission production intensity.

Emission production intensity is the number of pollutants divided by total revenue.

Panel A: Emission level (ton)

Pollutant Year Min P25 Median P75 Max Mean STD N

NOX

2017 0.000 13.080 117.220 699.800 54900.000 1586.131 5222.404 345

2018 0.000 16.098 123.920 771.560 41605.200 1500.076 4353.579 345

2019 0.000 15.840 107.600 677.640 44486.490 1567.375 4776.661 345

2020 0.000 13.721 106.260 739.662 40965.119 1309.680 3938.338 345

SO2

2017 0.000 11.523 106.260 517.133 38000.000 923.113 3284.452 332

2018 0.000 9.811 95.475 447.610 30349.080 739.680 2332.571 332

2019 0.000 6.360 81.355 407.545 23908.950 710.474 2208.979 332

2020 0.000 3.925 55.575 350.482 12449.015 530.603 1469.723 332

Dust

2017 0.000 4.808 33.135 145.324 34321.250 610.310 2720.075 276

2018 0.000 4.841 28.713 158.080 19979.464 534.427 2181.272 276

2019 0.000 4.484 26.895 123.717 23247.812 516.987 2086.281 276

2020 0.000 3.289 21.244 107.127 24820.772 530.853 2209.124 276

Panel B: Emission production intensity (g/CNY)

Pollutant Year Min P25 Median P75 Max Mean STD N

NOX

2017 0.000 0.005 0.027 0.152 2.118 0.136 0.281 345

2018 0.000 0.004 0.026 0.118 1.889 0.117 0.232 345

2019 0.000 0.004 0.026 0.113 2.009 0.104 0.209 345

2020 0.000 0.003 0.022 0.094 3.459 0.102 0.264 345

SO2

2017 0.000 0.004 0.021 0.089 1.258 0.075 0.148 332

2018 0.000 0.002 0.015 0.067 0.837 0.055 0.099 332

2019 0.000 0.002 0.014 0.059 0.588 0.049 0.084 332

2020 0.000 0.001 0.009 0.048 0.696 0.040 0.077 332

Dust

2017 0.000 0.001 0.007 0.032 1.211 0.033 0.100 276

2018 0.000 0.001 0.005 0.026 0.414 0.025 0.055 276

2019 0.000 0.001 0.005 0.020 0.326 0.022 0.047 276

2020 0.000 0.001 0.004 0.017 1.255 0.027 0.107 276
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reported in panels A and B, respectively. Columns (1) – (4) cover the results for SO2

emissions, columns (5) – (8) cover the results for NOX emissions, and column (9) – (12)

cover the results for dust emissions.

In panel A of Table 2.4, the relationship between the CSR-part green commitment

score and average pollutant emission is reported. The key coefficients of the CSR-part

green commitment score are -85.117, -114.708, and -46.120 for SO2 emission, NOx emis-

sion, and Dust emission, respectively, in columns (4), (8), and (12). The significance of

the CSR-part green commitment score comes from the detailed action index, where the

coefficients in columns (2), (6), and (10) are negatively significant.

In Panel B of Table 2.4, the relationship between the non-CSR-part green commit-

ment score and average pollutant emission is presented. The coefficients for all pollutants

are found to be insignificant, suggesting that there is no significant relationship between

the non-CSR-part green commitment score and average pollutant emission.

In additional analyses in appendix (Table 2.A4), I examine the relationship between

Refinitiv ESG score and average pollutant emission within listed firms. The results

reveal a positive correlation between Refinitiv’s emission score and average pollutant

emission within listed firms. Specifically, the overall ESG score is positively and signifi-

cantly correlated with the average SO2 emission and average NOX emission, while it is

insignificant with the average Dust emission.
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Table 2.4: Green commitment score with average pollutant emission across entities within listed firms

Table 2.4 reports the comparison of the green commitment score with the average pollutant emission across entities within listed firms. I run a regression for SO2 emission, NOX emission,

and Dust emission respectively. All three pollutant emissions are manually collected from firms’ annual reports. Panel A reports results for the green commitment score from the CSR part

of annual reports. Panel B reports results for the green commitment score from the non-CSR part of annual reports. Columns (1)-(3), columns (5)-(7), columns (9)-(12) report results for

the sub-score from three categories. Columns (4), (8), and (10) report results for the green commitment score, which is the sum of the three sub-scores. Year fixed effect and industry fixed

effect are included. The significant levels are 1%, 5%, and 10% respectively.

Panel A: CSR-part green commitment score

SO2 NOX Dust

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Risk management
-228.794* -316.541 -321.662***

(125.586) (218.281) (123.867)

Detailed action
-113.742*** -153.873*** -65.355***

(31.069) (42.698) (18.026)

General green
96.935 127.149 -0.666

(82.116) (138.909) (89.543)

Green commitment scoreCSR
-85.117*** -114.708*** -46.120***

(23.102) (33.706) (16.763)

Year FE Yes

Industry FE Yes

N 2155 2145 2172 2145 2255 2249 2276 2248 1996 1991 2018 1992

adj. R-sq 0.066 0.059 0.062 0.057 0.172 0.160 0.166 0.157 0.303 0.288 0.298 0.284

Panel B: non-CSR-part green commitment score

SO2 NOX Dust

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Risk management
-826.662 -979.234 -388.784

(894.771) (1088.834) (671.362)

Detailed action
240.555* 341.936* 97.610

(183.191) (227.939) (132.850)

General green
61.284 114.994 -7.573

(77.079) (95.822) (59.005)

Green commitment scoreNon−CSR
67.469 114.763 22.603

(60.937) (75.777) (46.131)

Year FE Yes

Industry FE Yes

N 2225 2210 2215 2210 2327 2314 2322 2317 2069 2057 2058 2058

adj. R-sq 0.063 0.057 0.064 0.064 0.167 0.160 0.168 0.168 0.294 0.281 0.294 0.294
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2.4.5 Green commitment score and monitoring station air quality in-

dex

Firms’ green efforts are expected to have a measurable impact on air quality, as indicated

by the monitoring station air quality index (AQI). A high air quality index corresponds

to poor air quality. Decreasing air pollution directly improves air quality near the firms,

making it reasonable to assume that reducing pollution will decrease the air quality

index. The proposed green commitment score serves as a proxy for green efforts, and

it is thus expected that a negative relationship exists between firms’ green commitment

scores and the nearby monitoring station air quality index.

To account for the impact of distance on the air quality index, it is important to

give more weight to firms that are located closer to the monitoring stations. The dis-

tance between a firm and the closest monitoring station can be a significant factor in

determining the firm’s impact on the air quality index. Firms that are located closer to

the monitoring station are likely to have a larger impact on the air quality index than

those located further away. Therefore, it is important to include only those firms that

are within a certain distance from the monitoring station in the analysis, such as within

10 km. By doing so, we can ensure that the analysis captures the most relevant firms

that have a significant impact on the air quality index.

I test the impact of firms’ green efforts on nearby air quality, as proxied by the

monitoring station air quality index. In equation (2.3), the regression is conducted at

the monitoring station level, with the green commitment scores of firms within 10 km

of the monitoring station averaged.15 To account for the impact of distance, a weighted

average is used in the calculation, with the weight being ten minus the distance between

the listed firm and its nearest monitoring station. The coefficient of β1 in the regression

is expected to be negative, indicating a negative relationship between the green com-

mitment score and the nearby monitoring station air quality index.

AQIi,t = α+ β1Weighted Green Indexi,t + Monitori + Y ear + ϵi,t (2.3)

Industrial firms, which belong to the manufacturing industry and the electricity,

heat, gas, water production, and supply industry, are expected to have a greater impact

on the air quality of nearby monitoring stations due to their production processes. These

industries produce more pollutants, which may result in a more significant impact on

the surrounding environment. Therefore, we may expect to observe a more pronounced

effect within the industrial firm sub-sample. This sub-sample includes firms with the

15As a robustness check, similar tests are conducted at distances of 3 km and 5 km, with similar results

observed. This is expected, as the green commitment score is weighted by distance in the calculation of

the weighted average.
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first industry classification code of C and D in the 2012 CSRC industry classification

code.

Table 2.5 presents the results of the relationship between the monitoring station air

quality index and the green commitment score of firms within 10 km. The indepen-

dent variables include both the weighted sub-indexes and the weighted green commit-

ment score. The sub-indexes include the weighted risk management, weighted detailed

action, and weighted general green. Panel A and panel B report the results for the

CSR-part index and the non-CSR-part index, respectively. Columns (1) – (4) present

the sample of all firms, while columns (5) – (8) present the sample of all industrial firms.

In Panel A of the CSR-part result, among the three sub-indexes, the weighted de-

tailed action is negatively significant with the nearby monitoring station air quality index

in columns (2) and (6). For the sample of all firms, the result is weakly significant with

a coefficient of -0.197. For the sample of industrial firms, the result is significant with

a coefficient of -0.342. This suggests that the detailed actions taken by more firms can

lead to an improvement in air quality, with a stronger effect observed in the industrial

firm sub-sample. The magnitude of the correlation in the industrial firm sub-sample is

larger than that in the sample of all firms, indicating that the impact of detailed actions

on air quality is more significant for industrial firms.

In Panel B, the non-CSR-part result shows that for the sample of all firms, the

weighted general green sub-index is positively associated with the air quality index.

This suggests that firms are more likely to prioritize becoming green when the air qual-

ity is low. However, for the sample of industrial firms in columns (5) - (7), the coefficients

of the three sub-indexes are all negative. The coefficients for the weighted risk manage-

ment and weighted detailed action sub-indexes are -8.881 and -1.020, respectively, and

both are weakly significant. The coefficient for the weighted general green sub-index is

-0.532 and insignificant.

The results from the analysis of the relationship between firms’ green commitment

score and nearby monitoring station air quality index suggest that the CSR-part green

commitment score is a good indicator of firms’ efforts to decrease pollution and im-

prove air quality. Specifically, the analysis shows a negative relationship between the

weighted detailed action sub-index and the air quality index for both the sample of all

firms and the sample of industrial firms, indicating that firms’ specific actions towards

environmental responsibility have a significant impact on nearby air quality. Overall,

the findings support the use of the CSR-part green commitment score as a reliable proxy

for firms’ green efforts in relation to air quality improvement.
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Table 2.5: Monitoring station AQI and green commitment score of firms within 10 km

Table 2.5 reports the relationship between the monitoring station air quality index and the green commitment

score of firms within 10 km. I run the following regression. AQIi,t = α+β1Weighted Green Indexi,t+Monitori+

Y ear+ϵi,t. The regression is at the monitoring station level. For each monitoring station, I calculate the weighted

average green index of all the listed firms within 10 km. The weight is ten minus the distance between the listed

firm and its nearest monitoring station. Panel A reports results for the green commitment score from the CSR

part of annual reports. Panel B reports results for the green commitment score from the non-CSR part of

annual reports. Columns (1)-(4) reports results for all listed firms. Columns (5)-(8) report results for industrial

firms only. Year fixed effect and industry fixed effect are included. The significant levels are 1%, 5%, and 10%

respectively.

Panel A: CSR-part

AQIi,t

All firms Industrial firms

(1) (2) (3) (4) (5) (6) (7) (8)

Weighted Risk management
-0.499 -0.828

(1.101) (1.129)

Weighted Detailed action
-0.197* -0.342***

(0.114) (0.127)

Weighted General green
0.895 0.666

(0.754) (0.821)

Weighted Green commitment scoreCSR
-0.146 -0.275**

(0.102) (0.115)

Year FE Yes

Monitoring station FE Yes

N 3827 3827 3827 3827 3249 3249 3249 3249

adj. R-sq 0.891 0.891 0.891 0.891 0.885 0.885 0.885 0.885

Panel B: Non-CSR part

AQIi,t

All firms Industrial firms

(1) (2) (3) (4) (5) (6) (7) (8)

Weighted Risk management
-3.641 -8.881

(4.575) (4.581)

Weighted Detailed action
-0.063 -1.020**

(0.505) (0.559)

Weighted General green
0.836 -0.532

(0.503) (0.514)

Weighted Green commitment scoreNon−CSR
0.290 -0.661**

(0.317) (0.340)

Year FE Yes

Monitoring station FE Yes

N 3827 3827 3827 3827 3362 3362 3362 3362

adj. R-sq 0.891 0.891 0.891 0.891 0.888 0.889 0.888 0.888
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2.5 Empirical methodology: Two-stage-least-square regres-

sion

2.5.1 Instrument variable

A firm’s green level is endogenous to the firm’s performance. Firms’ green level is

bounded by their resources to invest in green projects. The resources could be affected

by its profitability, funding ability, investment in other projects, and so on. Thus, to

find out the impact of firms’ green status on firms’ performance, solving the reverse

causality is needed.

To address the potential endogeneity issue, a suitable instrument variable is required

that affects a firm’s green level but not its performance. One potential candidate is the

distance between the firm and its nearest air pollution monitoring station. Firms located

closer to monitoring stations are likely to have a greater impact on air quality and may

face more pressure from local governments to improve their green efforts. This pressure

could lead to an increase in the firm’s green level. This satisfies the relevance condition

for the distance variable as an instrumental variable. However, the relevance condition

may not hold if local governments manipulate the air quality index directly, rather than

focusing on improving air quality.

There are also concerns regarding exclusion restrictions in this study. The selection

of monitoring station locations may be endogenous to firms’ pollution levels and perfor-

mance. The technical regulation for selection of ambient air quality monitoring stations

requires stations to be located in areas with high concentrations of pollution that may

affect human health, and areas with fixed pollution sources that have a significant im-

pact on air quality.16 This means that monitoring station locations are determined

by firms’ pollution levels, which may make the distance between firms and monitoring

stations endogenous to their performance. Additionally, local government officials may

have an incentive to hide pollution to maintain GDP growth, making the monitoring

station location endogenous to firm pollution levels and performance as well.

One possible solution to address the endogeneity issues is to identify an exogenous

event that impacts local governments’ pressure but does not directly affect firms’ per-

formance. The transfer of monitoring stations’ control rights from local governments

to central governments could serve as such an event. This is because it is beyond the

control of local governments or listed firms, making it unrelated to firms’ performance.

Additionally, it could shed light on the relative importance of air quality to local versus

central governments. If the central government places greater emphasis on air quality,

monitoring stations are less likely to be manipulated, and the air quality index can

16https://www.mee.gov.cn/ywgz/fgbz/bz/bzwb/jcffbz/201309/W020131105548727856307.pdf
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serve as an indicator for the central government to verify local governments’ efforts to

improve air quality. This would increase the pressure on local governments to monitor

firms closer to the monitoring stations. Conversely, if the central government places less

emphasis on air quality, the monitoring station air quality index may be distorted. In

this case, local governments would lack a benchmark index to monitor listed firms, and

the distance between the firm and the monitoring station would have no impact on the

firm’s green level.

The proposed instrument variable is the product of the After dummy and the dis-

tance between the listed firm and its closest air pollution monitoring station. The After

dummy equals 1 after the monitoring stations transfer to the central government. By

using this instrument variable, the endogeneity issue caused by the distance between

the listed firm and its closest air pollution monitoring station can be addressed. The

transfer of monitoring stations control rights from local governments to the central gov-

ernment is an exogenous event that shocks the local government’s pressure, while not

affecting firms’ performance directly. As a result, the IV regression can provide more

reliable estimates of the causal impact of the firms’ green level on their performance.

Figure 2.3a shows a comparison of the CSR-part green commitment score between

listed firms located within 5 km and those located between 5 and 10 km from the nearest

monitoring station. Prior to 2017, the green commitment scores of both groups of firms

followed a similar trend. However, starting in 2017, the gap between the two groups

increased, suggesting that firms located closer to monitoring stations are facing greater

pressure to improve their green efforts.

For industrial firms, as shown in Figure 2.3b, the gap between the two distance

groups is even more pronounced. Given that industrial firms tend to produce more

pollutants, it is reasonable to expect that those located in close proximity to monitor-

ing stations would face more pressure and would need to invest more in green initiatives.

(a) all listed firms (b) industrial firms

Figure 2.3: CSR-part green commitment score within 10 km
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2.5.2 Two-stage-least-square regression

In the first stage, I employ the instrument variable After ×Distancei,j to predict the

firm’s green level, as specified in equation (2.4). The expected result is a negative coef-

ficient for the key variable β2. This is because after the transfer of monitoring stations

from local governments to the central government, firms located closer to monitoring

stations are likely to face more pressure from local governments to improve their green

efforts. The analysis will focus on firms within a 10 km distance from the monitoring

stations.

Greeni,t = α+β1Distancei,j+β2After×Distancei,j+Xi,t+Indi+Y ear+Monitorj+ ϵi,t

(2.4)

The control variables (Xi,t) include a state-owned dummy Statei,t, market capital-

ization ln(Mktcap)i,t, and tax contribution Tax contributioni,t. State-owned dummy

Statei,t equals 1 if the firm is a state-owned firm. State-owned firms’ behavior is a

signal of Chinese policy, and it is expected that they are more likely to be green if the

central government is truly committed to improving air quality. Large firms may have

more resources to invest in green projects, so it is expected that they are more likely

to be green. Tax contribution Tax contributioni,t is defined as the amount of tax paid

by firm i divided by the total tax paid by all listed firms located in the same city as

firm i at year t. It is included to control for the relationship between firms and local

governments. The aim of this specification is to test hypothesis H1, and it is expected

that the coefficient β2 is negative, indicating that firms closer to monitoring stations

experienced more pressure from local governments and are more likely to have a higher

green commitment score.

Based on this regression, I will test hypothesis H2 by addingHigh fixed asset ratioi,2014

and its interactions with other variables. The fixed asset ratio is a proxy for firms’ ability

to shift production. I will separate firms into two groups by comparing their fixed asset

ratio with the industry median fixed asset ratio in 2014. High fixed asset ratioi,2014

will equal to 1 if firm i’s fixed asset ratio is above the 2014-industry-median fixed asset

ratio. The detailed specification will be given in equation (2.5). With this specification,

hypothesis H2 can be tested. It is expected that β2 and β5 are positive.

Greeni,t = α+ β1Distancei,j + β2High fixed asset ratioi,2014

+ β3Distancei,j ×High fixed asset ratioi,2014 + β4After ×Distancei,j

+ β5After ×High fixed asset ratioi,2014

+ β6After ×Distancei,j ×High fixed asset ratioi,2014 +Xi,t + Indi

+ Y ear +Monitorj + ϵi,t

(2.5)
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In the second stage, the predicted green commitment score (Greeni,t) is used to

examine the impact of increased government enforcement efforts on firms’ performance.

The model specification is presented in equation (2.6). To test hypothesis H3, firms are

divided into two groups based on their green commitment score in 2016. The difference

in the impact of increased government enforcement efforts on the performance of firms

with and without early green actions can then be compared. The dependent variable

(Dep V ari,t) can be return on assets, return on equity, or earnings per share. It is

expected that the coefficient β1 for firms with early green actions is larger than that for

firms without green actions.

Dep V ari,t = α+β1 ˆGreeni,t+β2Distancei,j+Xi,t+Indi+Y ear+Monitori+ ϵi,t (2.6)



2.6. MAIN RESULTS 37

2.6 Main results

2.6.1 Government enforcement efforts and air pollution abatement ac-

tions

In this section, the focus is on testing the reasons why industrial firms choose to adopt

green practices, based on the two hypotheses H1 and H2 presented earlier. The re-

sults are summarized in Table 2.6, where year, industry, and monitoring station fixed

effects are controlled for. Summary statistics of key variables can be found in Table 2.A3.

In Table 2.6 columns (1) – (3), I test the relationship between local government

policy enforcement efforts and firms’ green commitment scores after the transfer of air

quality monitoring station control rights. Column (1) has no fixed effects or firm-level

controls, column (2) includes year, industry, and monitoring station fixed effects, and

column (3) includes both fixed effects and firm-level controls. The key coefficient is on

the interaction term After×Distance, which captures the effect of policy enforcement

efforts and monitoring instrument intensity after the transfer of control rights. The

coefficient is similar across columns (1), (2), and (3), with a significant negative coeffi-

cient of -0.084 in column (3). This supports my first hypothesis that firms will increase

pollution abatement activities in response to local government enforcement efforts and

monitoring instrument intensity.

In Table 2.6 column (5), I test the relationship between firms’ ability to shift produc-

tion and firms’ green commitment score. I separate firms into two groups by comparing

their fixed asset ratio with the industry median fixed asset ratio in 2014. High fixed ass-

et ratioi,2014 equals to 1 if firm i’s fixed asset ratio is above the 2014-industry-median

fixed asset ratio. The coefficient of the key variable, High fixed asset ratioi,2014, is

positive and significant (0.215). This suggests that firms with high fixed asset ratios are

more likely to engage in pollution abatement activities. The coefficient on the interaction

term After ×High fixed asset ratioi,2014 is also positive and significant (0.509), indi-

cating that after the transfer of monitoring stations, firms with high fixed asset ratios are

more likely to increase their green commitment score.17 The coefficients of Distancei ×
High fixed asset ratioi,2014 and After×Distancei ×High fixed asset ratioi,2014 are

negative but insignificant, indicating that the ability to shift production effect is weakly

affected by policy enforcement efforts.18 Overall, the result confirms my second hypoth-

esis that firms with low ability to shift production will take more green actions.

17Results are similar for regression without samples in 2014.
18The overall effects of these two variables are significant in the unreported test.



38 CHAPTER 2. WHY DO FIRMS GO GREEN?

Table 2.6: Industrial firms’ reasons to go green

Table 2.6 reports the regression analysis for industrial firms’ reasons to go

green. I run the following regression. Greeni,t = α + β1Distancei,j +

β2 ×High fixed asset ratioi,2014 + β3Distancei,j ×High fixed asset ratioi,2014 + β4After × Distancei,j +

β5After×High fixed asset ratioi,2014 + β6After×Distancei,j ×High fixed asset ratioi,2014 +Xi,t + Indi +

Y ear+Monitorj + ϵi,t. Distancei,j is the distance between firm i and its nearest monitoring station j. After is

a dummy variable that takes 1 if year is larger than or equals 2017. High fixed asset ratioi,2014 is a dummy

variable that takes 1 if its fixed asset ratio is larger than its industry median fixed asset ratio. Xi,t includes

state owned dummy Statei,t, firm size ln(Mktcap)i,t and tax contribution to the city Tax contributioni,t. The

difference between column (3) and column (4) is that I restrict the sample that High fixed asset ratioi,2014 is

not missing. Year fixed effect, industry fixed effect, and monitoring station fixed effect are included. Robust

standard errors are reported. The significant levels are 1%, 5%, and 10% respectively.

(1) (2) (3) (4) (5)

Greeni,t Greeni,t Greeni,t Greeni,t Greeni,t

Distancei
-0.017*** 0.023*** 0.037*** 0.021** 0.035***

(0.003) (0.008) (0.008) (0.010) (0.013)

After ×Distancei
-0.078*** -0.084*** -0.084*** -0.083*** -0.068***

(0.010) (0.009) (0.009) (0.011) (0.015)

High fixed asset ratioi,2014
0.215***

(0.083)

Distancei ×High fixed asset ratioi,2014
-0.023

(0.015)

After ×High fixed asset ratioi,2014
0.509***

(0.123)

After ×Distancei ×High fixed asset ratioi,2014
-0.024

(0.022)

Statei,t
0.369*** 0.244*** 0.242***

(0.048) (0.055) (0.056)

ln(Mktcap)i,t
0.306*** 0.343*** 0.338***

(0.025) (0.031) (0.031)

Tax contributioni,t

0.021 0.002 0.020

(0.124) (0.124) (0.124)

Year FE Yes Yes Yes Yes Yes

Ind FE No Yes Yes Yes Yes

Monitoring station FE No Yes Yes Yes Yes

N 10206 10206 10202 7902 7902

adj. R-sq 0.098 0.316 0.340 0.373 0.381
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Figure 2.4: Green commitment score of 2016-high-green-commitment-score and 2016-

high-green-commitment-score industrial firms from 2014 to 2020

2.6.2 Benefits of being green early

In this section, I test the long-term benefits of being green early with 2SLS regression

based on hypothesis H3. First, I classify industrial firms into two groups: those with

high green commitment scores in 2016 and those with low green commitment scores

in 2016. I then conduct a two-stage least squares regression to analyze the impact of

increased local government enforcement efforts on the performance of these two groups

of firms. Next, I examine the sources of the observed performance differences. Finally, I

confirm the benefits of being green early, even after considering the costs of early green

actions, using the propensity score matching method.

Classify firms into high and low green commitment score groups

In this step, I divide firms within each industry into two groups based on their green

commitment score in 2016. Firms with a green commitment score above the industry

median are assigned to the 2016-high-green-commitment-score group, while those with

a score below the median are assigned to the 2016-low-green-commitment-score group.

The average green commitment score for these two groups is plotted in Figure 2.4. The

figure reveals that until 2016, the average score of the 2016-low-green-commitment-score

industrial firms is not significantly different from zero.
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Policy enforcement effort and benefits of being green early

In this step, I test the long-term benefits of being green early. The results are pre-

sented in Table 2.7. Columns (1)-(4) and (5)-(8) report the results for 2016-high-

green-commitment-score industrial firms and 2016-low-green-commitment-score indus-

trial firms separately. In column (1) and column (5), the impact of policy enforcement

efforts on the industrial firms’ green commitment score is reported for the two groups

of firms. The key coefficients of After ×Distance are -0.093 and -0.071 for 2016-high-

green-commitment-score industrial firms and 2016-low-green-commitment-score indus-

trial firms, respectively. This suggests that, for each group, a firm being located 1 km

closer to the monitoring station within 10 km results in an increase in the green com-

mitment score by 0.093 and 0.071, respectively.

In columns (2)-(4), I report the results for the return on assets (ROA), return on

equity (ROE), and earnings per share (EPS) of 2016-high-green-commitment-score in-

dustrial firms. The key coefficient of ̂Green is positively significant. In column (2),

the coefficient of ̂Green is 0.035, suggesting that an increase of one point in the pre-

dicted green commitment score leads to a 3.5% increase in the ROA of 2016-high-green-

commitment-score industrial firms. Combining this with the first-stage results in column

(1), we can argue that being 1 km closer to the nearest monitoring station increases the

ROA of 2016-high-green-commitment-score industrial firms by 0.3255%. These results

are robust when using ROE and EPS as the performance measures. In columns (6)-(8),

I report the results for the ROA, ROE, and EPS of 2016-low-green-commitment-score

industrial firms. The key coefficients of ̂Green are insignificant for ROA and ROE and

weakly significant for EPS.

Overall, the results suggest that firms with early green actions perform better than

firms without early green actions in terms of dealing with increased government en-

forcement efforts. The result support my third hypothesis that firms can get long-term

benefit by being green early.

Policy enforcement effort and financial costs

In this step, I aim to explore the mechanism behind why firms with early green actions

can outperform firms without early green actions. As firms are likely to utilize debts

to fund their green transformation, I examine the debt channel by analyzing the overall

financial cost, which is measured by the ratio of financial expense to total liability, the

financial expense paid, and the total loans from financial institutions. The results of

this analysis are reported in Table 2.8.

In columns (1) and (4), I report the results for the ratio of financial expense to total
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Table 2.7: Policy enforcement effort and industrial firms’ profitability

Table 2.7 reports the 2SLS regression analysis for policy enforcement effort and industrial firms’ profitability. Col-

umn (1) reports the first-stage regression result. Columns (2)-(4) report results for 2016-high-green-commitment-

score industrial firms. Column (6)-(8) reports results for 2016-low-green-commitment-score industrial firms. The

first-stage regression isGreeni,t = α+β1Distancei,j+β2After×Distancei,j+Xi,t+Indi+Y ear+Monitorj+ϵi,t.

The second-stage regression is Dep V ari,t = α+β1
̂Greeni,t+β2Distancei,j+Xi,t+Indi+Y ear+Monitorj+ ϵi,t.

Dep V ari,t can be Return on assets ROAi,t, Return on equity ROEi,t, and Earnings per share EPSi,t. Control

variable Xi,t includes state owned dummy Statei,t, firm size ln(Mktcap)i,t and tax contribution to the city

Tax contributioni,t. Year fixed effect, industry fixed effect, and monitoring station fixed effect are included.

Robust standard errors are reported. The significant levels are 1%, 5%, and 10% respectively.

2016-high-green-commitment-score 2016-low-green-commitment-score

Greeni,t ROAi,t ROEi,t EPSi,t Greeni,t ROAi,t ROEi,t EPSi,t

(1) (2) (3) (4) (5) (6) (7) (8)

After ×Distancei,t
-0.093*** -0.071***

(0.016) (0.013)

̂Greeni,t

0.035*** 0.070*** 0.262*** 0.013 0.007 0.137*

(0.010) (0.021) (0.069) (0.010) (0.020) (0.074)

Distancei,t
0.016 0.002** 0.002 0.013* -0.005 0.001* 0.004** 0.012**

(0.019) (0.001) (0.002) (0.007) (0.013) (0.001) (0.002) (0.006)

Statei,t
0.194* -0.021*** -0.025** -0.094** 0.266*** -0.002 -0.001 -0.059*

(0.101) (0.005) (0.010) (0.036) (0.068) (0.004) (0.009) (0.032)

ln(Mktcap)i,t
0.368*** 0.012*** 0.029*** 0.167*** 0.237*** 0.021*** 0.054*** 0.216***

(0.047) (0.004) (0.009) (0.031) (0.035) (0.003) (0.006) (0.020)

Tax contributioni,t

-0.229 0.049*** 0.101*** 0.457*** 0.011 0.048*** 0.074*** 0.316***

(0.176) (0.009) (0.026) (0.076) (0.216) (0.012) (0.027) (0.067)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Ind FE Yes Yes Yes Yes Yes Yes Yes Yes

Monitor Station FE Yes Yes Yes Yes Yes Yes Yes Yes

N 4341 4254 4254 4270 4597 4486 4490 4516
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liability for 2016-high-green-commitment-score and 2016-low-green-commitment-score

industrial firms, respectively. The coefficient of ̂Green is -0.016 and -0.020, indicat-

ing that a 1-point increase in the green commitment score decreases the financial cost

of these firms by 1.6% and 2%, respectively.19 However, this result does not provide

evidence about the interest rate comparison of newly added loans, as financing cost

measures the aggregate cost for all liabilities. We can only argue that firms could get

access to lower-interest-rate loans compared with their previous loans. Empirical liter-

ature documents that firms with higher green levels receive a lower interest rate, which

suggests that the larger decrease in financial cost for 2016-low-green-commitment-score

firms is due to larger loan engagements.

In columns (2) and (5), I report the results for financial expenses. For 2016-high-

green-commitment-score industrial firms, the coefficient of ̂Green is -0.075, indicating

that a 1-point increase in the green commitment score decreases financial expenses by

0.075 billion CNY and 1 km closer to the nearest monitoring station decreases its finan-

cial expense by 6.975 million CNY.20 For 2016-low-green-commitment-score industrial

firms, ̂Green is insignificant, suggesting that the decrease in financial cost does not

decrease financial expenses. This could be because 2016-low-green-commitment-score

industrial firms take on more loans to support their green transformation, while 2016-

high-green-commitment-score industrial firms replace their existing debts with lower

interest rate debts.

In columns (3) and (6), I examine the impact of green pressure on firms’ total loans

from financial institutions. For 2016-high-green-commitment-score industrial firms, ̂Green

is insignificant, consistent with my conjecture that they do not engage in more loans

to support green transformations. In contrast, for 2016-low-green-commitment-score

industrial firms, the coefficient of ̂Green is 0.886, suggesting that a 1-point increase in

the green commitment score increases their total loan by 0.886 billion CNY and 1 km

closer to the nearest monitoring station would increase their total loan by 0.0629 billion

CNY.

In summary, the results suggest that early green actions can help firms handle gov-

ernment enforcement efforts more flexibly. Firms with early green actions can decrease

both their financial cost and financial expenses, while firms without early green actions

can only decrease their financial costs.

19It means that 1 km closer to the nearest monitoring station would decrease their financial cost by

0.15% and 0.14% respectively
20In Appendix Table 2.A7, firms that can decrease financial expenses are those with high fixed asset

ratio in 2014.
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Table 2.8: Policy enforcement effort and industrial firms’ financial cost

Table 2.8 reports the 2SLS regression analysis for policy enforcement effort and industrial firms’ profitability.

Columns (1)-(3) report results for 2016-high-green-commitment-score industrial firms. Column (4)-(6) reports

results for 2016-low-green-commitment-score industrial firms. Only second-stage regression results are reported.

The second-stage regression is Dep V ari,t = α+β1
̂Greeni,t+β2Distancei,j+Xi,t+Indi+Y ear+Monitorj+ ϵi,t.

Dep V ari,t can be financial cost Financial costi,t, financial expense Financial expensei,t, and total loan

Totalloani,t. Financial costi,t is measured by financial expense divided by total liabilities. Control vari-

able Xi,t includes state owned dummy Statei,t, firm size ln(Mktcap)i,t and tax contribution to the city

Tax contributioni,t. Year fixed effect, industry fixed effect, and monitoring station fixed effect are included.

Robust standard errors are reported. The significant levels are 1%, 5%, and 10% respectively.

2016-high-green-commitment-score 2016-low-green-commitment-score

Financial costi,t Financial expensei,t Total loani,t Financial loani,t Financial expensei,t Total costi,t

(1) (2) (3) (4) (5) (6)

̂Greeni,t

-0.016*** -0.075*** 0.500 -0.020*** -0.003 0.886*

(0.004) (0.026) (0.435) (0.005) (0.027) (0.479)

Distancei,t
-0.001*** -0.001 0.069 -0.001 0.004* 0.081**

(0.000) (0.003) (0.052) (0.000) (0.002) (0.037)

Statei,t
0.006** 0.062*** 1.442*** 0.005** -0.008 -0.215

(0.002) (0.017) (0.296) (0.002) (0.013) (0.164)

ln(Mktcap)i,t
0.005*** 0.137*** 2.390*** 0.005*** 0.080*** 1.997***

(0.002) (0.014) (0.243) (0.001) (0.009) (0.203)

Tax contributioni,t

-0.002 0.032 1.142** -0.002 -0.049** 0.082

(0.004) (0.036) (0.572) (0.005) (0.021) (0.505)

Year FE Yes Yes Yes Yes Yes Yes

Ind FE Yes Yes Yes Yes Yes Yes

Monitoring station FE Yes Yes Yes Yes Yes Yes

N 4271 4206 4001 4475 4536 4091

Long-term performance track with propensity score matching

While I demonstrate that firms with early green actions can outperform those without

when facing increased government enforcement efforts, it remains unclear whether the

benefits of going green early still exist when taking into account the transformation

costs borne by these firms for early green actions. To solve this concern, in this step, I

explore the performance evolution of firms with high and low green commitment scores

over time while controlling for industry classification, firm size, and growth potential

using the propensity score method.

First, I conduct a propensity score matching process to match 2016-high-green-

commitment-score industrial firms with 2016-low-green-commitment-score industrial firms

in 2014 based on firm size (ln(Mktcap)), market-to-book ratio, return on assets, distance

to the nearest monitoring station, and industry code. Before matching, there are 546

firms in the 2016-low-green-commitment-score firm group and 560 firms in the 2016-

high-green-commitment-score firm group. After matching, I obtain 308 paired firms.

Table 2.9 reports the comparison of size, market-to-book ratio, ROA, and distance be-

fore and after matching. After matching, all variables are insignificantly different from

each other.
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Table 2.9: Propensity score matching results

Table 2.9 reports propensity score matching results for 2016-high-green-commitment-

score industrial firms and 2016-low-green-commitment-score industrial firms in 2014. I

match the firm size (ln(Mktcap)), market-to-book ratio, return on asset, distance to the

nearest monitoring station, and industry code in 2014. Panel A reports t-test results

for each variable before matching. Panel B reports t-test results for each variable after

matching.

Panel A: Before matching

2016-high-green-commitment score 2016-low-green-commitment-score Difference

Size 22.592 22.498 0.094*

market to book 3.573 4.826 -1.254***

ROA 0.038 0.033 0.005*

distance 3.967 4.081 -0.115

Panel B: After matching

2016-high-green commitment score 2016-low-green-commitment-score Difference

Size 22.505 22.526 -0.021

market to book 3.408 3.599 -0.192

ROA 0.039 0.038 0.001

distance 4.326 4.092 0.235

Figure 2.5: Parallel trend
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In Figure 2.5, the evolution of size, market-to-book ratio, return on asset, and green

commitment score from 2012 to 2020 is plotted. The plot starts from 2012 to verify

parallel trends before 2014, as the green commitment score is calculated starting from

2014. From 2012 to 2016, both 2016-low-green-commitment-score and 2016-high-green-

commitment-score industrial firms show a similar trend in size, market-to-book ratio,

and return on asset. However, starting in 2017, the return on asset of the two groups

of firms diverges, with 2016-high-green-commitment-score industrial firms having larger

return on asset than 2016-low-green-commitment-score industrial firms. One possible

argument for this difference is that 2016-low-green-commitment-score firms put more

effort into increasing their green level and thereby had a greater impact on their return

on asset. But the trend of green commitment scores does not support this argument,

as both groups of firms show a similar trend in green commitment score except in 2016,

when the green commitment score of 2016-high-green-commitment-score industrial firms

started to increase earlier. The figure suggests that industrial firms’ green commitment

scores in 2014 are associated with their return on asset in the future. Overall, these

results confirm that early green actions can help firms build flexibility to handle green

pressure from governments.
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2.7 Further evidence: Policy enforcement efforts and pro-

duction shift

In this section, I aim to provide further evidence that the fixed asset ratio captures

firms’ ability to shift production. One potential counterargument is that the fixed asset

ratio merely reflects the need to invest more in air pollution abatement facilities, rather

than a lack of ability to shift production. If the fixed asset ratio indeed serves as a

proxy for the ability to shift production, I can draw the following inference: if firms

with low fixed asset ratios take fewer green actions because they have a higher ability to

shift production, I would expect them to shift production when local government policy

enforcement efforts increase.

In order to support this inference, I first verify that the fixed asset ratio can predict

lower levels of early green actions. Then, I show that only firms with less early green ac-

tions have their production process affected by increased local government enforcement

efforts. Thirdly, I demonstrate that the change in production is due to the shifting of

production. Finally, I provide evidence to show that within the group of firms with less

early green actions, it is specifically those with low fixed asset ratios that are more likely

to shift production.

2.7.1 Fixed asset ratio and green actions

In this step, I analyze the predictability of the fixed asset ratio on firms’ green actions.

I run a logit regression to analyze the probability that firms are assigned to the high

green commitment score group in equation (2.7). The group classification is the same

as section 2.6.2. The main variables are the fixed-asset ratio, R&D expenses, and the

kz index. Control variables (X) include state-owned dummy, market capitalization, and

tax contribution. The fixed-asset ratio is a proxy for firms’ difficulty level of shifting

production, R&D expenses measure firms’ ability to conduct green technology innova-

tion, and the kz index measures firms’ ability to get external financing.

Pr(High green score groupi,2016) = f(α+ β1Fixed asset ratioi,2016−j + β2R&Di,2016−j

+ β3KZi,2016−j +Xi,2016−j + Indi + ϵi,2016), j = 0, 1, 2

(2.7)

Table 2.10 reports the logit regression result. Columns (1) and (2) report the result for

2014, columns (3) and (4) report the result for 2015, and columns (5) and (6) report the

result for 2016. The coefficient of Fixed asset ratioi,2016−j is positive across all specifi-

cations. Firms with a high fixed-asset ratio are more likely to take green actions early.

It suggests that the production shift ability can affect firms’ decision of taking green
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action early. The coefficient of R&Di,2016−j is insignificant across all specifications. The

coefficient of firms KZi,2016−j is positive across all specifications. Firms with a high kz

index are less likely to take green actions early. It suggests that firms’ external financing

ability will limit their ability to take early green actions.

Table 2.10: Logit regression of high and low green commitment score groups

Table 2.10 reports the logit regression analysis for high and low green commitment score groups. The regression

models the probability that the firm is in the high-green-commitment-score group in 2016. The logit model

is Pr(High green score groupi,2016) = f(α+ β1Fixed asset ratioi,2016−j + β2R&Di,2016−j + β3KZi,2016−j +

Xi,2016−j+Indi+ϵi,2016), j = 0, 1, 2. Control variableX includes state owned dummy State, firm size ln(Mktcap)

and tax contribution to the city Tax contribution. Industry fixed effect is included. The significant levels are

1%, 5%, and 10% respectively.

Pr(High green score groupi,2016)

(1) (2) (3) (4) (5) (6)

j=2 j=1 j=0

Fixed asset ratioi,2016−j

1.645*** 1.441*** 1.821*** 1.722*** 1.896*** 2.009***

(0.266) (0.323) (0.268) (0.335) (0.254) (0.315)

R&Di,2016−j

-0.097 -0.091 -0.056 -0.052 -0.113 -0.128

(0.091) (0.099) (0.073) (0.077) (0.077) (0.086)

KZi,2016−j

-0.051*** -0.054*** -0.056*** -0.057*** -0.051*** -0.041**

(0.019) (0.020) (0.019) (0.020) (0.020) (0.021)

Statei,2016−j

0.145 0.169* 0.156* 0.189** 0.120 0.161*

(0.089) (0.096) (0.086) (0.093) (0.083) (0.089)

ln(Mktcap)i,2016−j

0.060 0.060 0.040 0.050 0.131** 0.153**

(0.056) (0.060) (0.061) (0.065) (0.061) (0.066)

Tax contributioni,2016−j

0.019 -0.080 -0.053 -0.096 -0.006 -0.063

(0.163) (0.175) (0.175) (0.184) (0.179) (0.190)

Ind FE No Yes No Yes No Yes

N 1016 1000 1034 1025 1167 1154

2.7.2 Policy enforcement effort and production process

In this step, I aim to explore whether the production process for firms with different

early green actions will be affected differently by increased green actions. To do so, I

analyze firms’ operating revenue, operating costs, assets under construction, and em-

ployee salaries. Table 2.11 presents two-stage-least-square regression results between

policy enforcement efforts and firms’ production process variables. Panel A and Panel

B report results for 2016-high-green-commitment-score industrial firms and 2016-low-

green-commitment-score industrial firms, respectively.

In Table 2.11, Panel A (columns 1-4) and Panel B (columns 1-4), the relationship

between predicted green commitment score ( ̂Green) and firms’ production process vari-
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ables is presented. For Panel A, the key coefficients of ̂Green are insignificant for all

variables, indicating that government policy enforcement effort does not have an impact

on the production processes of 2016-high-green-commitment-score industrial firms. In

contrast, for Panel B, the key coefficients of ̂Green are significant for 2016-low-green-

commitment-score industrial firms. In column (1) for operating revenue, the coefficient

is positively significant at 3.298, together with the first-stage results from Table 2.7,

suggesting that a decrease of 1 km to the nearest monitoring station results in an in-

crease in operating revenue by 234.158 million CNY. For operating costs in column (2),

the coefficient is also positively significant at 2.644, indicating that a decrease of 1 km

to the nearest monitoring station leads to an increase in operating costs by 187.724

million CNY. While the results for assets under construction and employee salaries are

weakly significant, it is notable that a decrease of 1 km to the nearest monitoring station

increases assets under construction and employees’ salaries by 18.247 million CNY and

11.644 million CNY, respectively. Overall, these results suggest that increased policy

enforcement efforts result in 2016-low-green-commitment-score industrial firms produc-

ing more, while doesn’t affect the production of 2016-high-green-commitmment-score

industrial firms.

2.7.3 Policy enforcement effort and production shift

In this step, I aim to investigate how the production process of firms with low green com-

mitment scores in 2016 is affected, specifically whether it’s due to production shifting.

To achieve this, I leverage the availability of both consolidated and parent-firm finan-

cial reports for firms and examine changes in the production processes at both parent

firm level and subsidiary level for 2016-low-green-commitment-score firms. I estimate

the accounting indicators of listed firms’ subsidiaries by subtracting their parent-firm

accounting indicators from their consolidated accounting indicators. The results are

presented in Table 2.12, where Panel A shows the results for the entire sample, and

Panel B shows the results for firms with a kz index lower than the industry median in

2014, representing firms with high financing ability. Exploring firms with different kz

index is an extension of the study by Bartram et al. (2022), which shows that firms with

low financing ability will shift production. Columns (1)-(4) report the results for parent

firms, while columns (5)-(8) report the results for subsidiaries.

In Panel A, the coefficients for ̂Green are insignificant for parent firms, while they

are significant for estimated subsidiaries, with magnitudes similar to those at the overall

firm level. A 1 km proximity to a monitoring station leads to an increase in new assets

under construction of subsidiaries by 16.432 million CNY. The increased production

occurs at the subsidiary level, leading to an increase in their operating costs, revenue,

and employees’ salaries by 0.171 billion CNY, 0.207 billion CNY, and 9.249 million CNY.
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Table 2.11: Policy enforcement effort and industrial firms’ production process

Table 2.11 reports the 2SLS regression analysis for policy enforcement effort and industrial firms’ produc-

tion process. Panel A reports the result for 2016-high-green-commitment-score industrial firms. Panel B re-

ports the result for 2016-low-green-commitment-score industrial firms. Firms will be assigned to the 2016-

high-green-commitment-score group if it has a green commitment score, which is larger than the industry

median green commitment score in 2016. Otherwise, it will be assigned to the 2016-low-green-commitment-

score. Column (2)-(5) report second-stage regression results. The second-stage regression is Dep V ari,t =

α + β1
̂Greeni,t + β2Distancei,j +Xi,t + Indi + Y ear +Monitori + ϵi,t. Dep V ari,t can be operating revenue

Revenuei,t, operating cost Costi,t, assets under construction Constructioni,t, and employee’s salary Salaryi,t.

Control variable Xi,t includes state owned dummy Statei,t, firm size ln(Mktcap)i,t and tax contribution to the

city Tax contributioni,t. Year fixed effect, industry fixed effect, and monitoring station fixed effect are included.

Robust standard errors are reported. The significant levels are 1%, 5%, and 10% respectively.

Panel A: 2016-high-green-commitment-score industrial firms

Revenuei,j Costi,j Constructioni,j Salaryi,j

(1) (2) (3) (4)

̂Greeni,t

1.085 0.853 -0.082 0.060

(0.97) (0.838) (0.115) (0.100)

Distancei,j
-0.517*** -0.426*** 0.005 -0.059***

(0.134) (0.113) (0.015) (0.012)

Statei,t
3.872*** 3.720*** 0.447*** 0.441***

(0.591) (0.501) (0.087) (0.054)

ln(Mktcap)i,t
7.591*** 5.822*** 0.716*** 0.704***

(0.512) (0.441) (0.062) (0.051)

Tax contributioni,t

6.939*** 5.339*** 0.122 -0.054

(1.795) (1.459) (0.167) (0.094)

Year FE Yes Yes Yes Yes

Ind FE Yes Yes Yes Yes

Monitoring station FE Yes Yes Yes Yes

N 4297 4306 4099 4322

Panel B: 2016-low-green-commitment-score industrial firms

Revenuei,j Costi,j Constructioni,j Salaryi,j

(1) (2) (3) (4)

̂Greeni,t

3.298*** 2.644*** 0.257** 0.164*

(1.111) (0.932) (0.111) (0.091)

Distancei,j
0.061 0.039 0.012 0.010

(0.092) (0.075) (0.011) (0.008)

Statei,t
1.378** 1.463*** -0.129** 0.259***

(0.548) (0.462) (0.062) (0.046)

ln(Mktcap)i,t
6.264*** 4.464*** 0.380*** 0.552***

(0.434) (0.337) (0.039) (0.045)

Tax contributioni,t

11.475*** 10.288*** 0.167 0.794***

(2.144) (1.867) (0.148) (0.18)

Year FE Yes Yes Yes Yes

Ind FE Yes Yes Yes Yes

Monitoring station FE Yes Yes Yes Yes

N 4502 4519 4206 4501
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Table 2.12: Policy enforcement effort and 2016-low-green-commitment-score industrial

firms’ production shift

Table 2.12 reports the 2SLS regression analysis for policy enforcement effort and 2016-low-green-commitment-

score industrial firms’ production in parent and subsidiaries. Panel A reports the result for all 2016-low-green-

commitment-score industrial firms. Panel B reports the result for 2016-low-green-commitment-score industrial

firms with a low kz index, which equals to or below the industry median kz index in 2014. Columns (1)-(4) report

results with accounting data for parent firms. Columns (5)-(8) report results with accounting data for estimated

subsidiaries. I estimate listed firms’ subsidiaries’ accounting indicators by deducting parent-firm accounting

indicators from consolidated accounting indicators. Only second-stage regression results are reported. The second-

stage regression is Dep V ari,t = α+β1
̂Greeni,t+β2Distancei,j+Xi,t+Indi+Y ear+Monitorj+ϵi,t. Dep V ari,t

can be operating revenue Revenuei,t, operating cost Costi,t, assets under construction Constructioni,t, and

employee’s salary Salaryi,t. Control variable Xi,t includes state owned dummy Statei,t, firm size ln(Mktcap i, t)

and tax contribution to the city Tax contributioni,t. Year fixed effect, industry fixed effect, and monitoring

station fixed effect are included. Robust standard errors are reported. The significant levels are 1%, 5%, and

10% respectively

Panel A: 2016-low-green-commitment-score industrial firms

Parent firm Estimated subsidiaries

Revenuei,t Costi,t Constructioni,t Salaryi,t Revenuei,t Costi,t Constructioni,t Salaryi,t

(1) (2) (3) (4) (5) (6) (7) (8)

̂Greeni,t

-0.036 -0.156 0.027 -0.027 3.100*** 2.226*** 0.183* 0.132**

(0.336) (0.278) (0.034) (0.026) (0.957) (0.657) (0.108) (0.061)

Distancei,t
0.080*** 0.046* 0.005 -0.000 0.035 0.006 0.005 0.000

(0.030) (0.025) (0.003) (0.002) (0.077) (0.062) (0.011) (0.006)

Statei,t
0.480*** 0.545*** 0.039** 0.028** 1.530*** 1.681*** -0.001 0.269***

(0.154) (0.136) (0.016) (0.013) (0.486) (0.409) (0.055) (0.033)

ln(Mktcap)i,t
1.600*** 1.296*** 0.062*** 0.131*** 3.491*** 2.390*** 0.328*** 0.343***

(0.143) (0.109) (0.009) (0.013) (0.311) (0.249) (0.040) (0.026)

Tax contributioni,t

1.817*** 1.674*** 0.296*** 0.276*** 4.371*** 4.289*** 0.045 0.222***

(0.576) (0.519) (0.108) (0.069) (1.226) (1.118) (0.113) (0.071)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Ind FE Yes Yes Yes Yes Yes Yes Yes Yes

Monitoring station FE Yes Yes Yes Yes Yes Yes Yes Yes

N 4206 4090 3249 4434 4208 4094 3230 4434

Panel B: 2016-low-green-commitment-score industrial firms with low kz index

Parent firm Estimated subsidiaries

Revenuei,t Costi,t Constructioni,t Salaryi,t Revenuei,t Costi,t Constructioni,t Salaryi,t

(1) (2) (3) (4) (5) (6) (7) (8)

̂Greeni,t

-0.559** -0.616*** 0.011 -0.026 1.864*** 1.213*** 0.110 0.113***

(0.269) (0.206) (0.032) (0.020) (0.558) (0.383) (0.097) (0.035)

Distancei,t
0.129** 0.081* 0.013*** 0.011*** -0.380*** -0.332*** -0.092*** -0.014*

(0.053) (0.044) (0.004) (0.003) (0.105) (0.086) (0.027) (0.007)

Statei,t
-1.056*** -0.655** 0.049** -0.064** -0.183 -0.157 0.033 0.157***

(0.363) (0.305) (0.025) (0.028) (0.570) (0.501) (0.071) (0.044)

ln(Mktcap)i,t
2.403*** 1.768*** 0.072*** 0.148*** 2.577*** 1.845*** 0.478*** 0.195***

(0.219) (0.164) (0.016) (0.016) (0.275) (0.226) (0.063) (0.020)

Tax contributioni,t

0.398 0.323 0.021 0.017 -1.233** -0.824 0.137 -0.051

(0.438) (0.344) (0.085) (0.030) (0.592) (0.511) (0.164) (0.043)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Ind FE Yes Yes Yes Yes Yes Yes Yes Yes

Monitoring station FE Yes Yes Yes Yes Yes Yes Yes Yes

N 1889 1842 1502 1998 1866 1816 1495 1980
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In Panel B, I exclude firms with a kz index above the industry median, which cor-

responds to less ability to conduct green transformation. As shown, the key coefficient

of ̂Green for predicting revenue and cost is negatively significant for parent firms, while

it is positively significant for estimated firms in predicting revenue, cost, and salary.

Different from Bartram et al. (2022), I show that firms that shift production are those

with high financing ability.

Overall, these findings support my hypothesis that 2016-low-green-commitment-

score industrial firms shift their production from parent firms to subsidiaries in response

to increased local government enforcement efforts. Notably, this shift in production does

not necessarily conflict with the central government’s air quality improvement targets.

On one hand, if the increased production is closely monitored by another local govern-

ment and does not violate local environmental policies, it can reflect the market’s ability

to adjust to climate transition risk. On the other hand, the emission of SO2, NOX, and

dust is different from CO2 emissions, as they are not treated at the global aggregate level.

2.7.4 Fixed asset ratio and production shift

In the final step, I aim to demonstrate that among the 2016-low-green-commitment-score

industrial firms, those that shift their production are the ones with a low fixed asset ratio

in 2014. This suggests that fixed asset ratio can capture firms’ ability to shift production.

To provide evidence for this claim, I divide the 2016-low-green-commitment-score indus-

trial firms into two groups based on their fixed asset ratio relative to the industry median

in 2014. Specifically, if a firm’s fixed asset ratio was higher than the industry-median

fixed asset ratio in 2014, it is assigned to the high fixed asset ratio group, otherwise, it

is assigned to the low fixed asset ratio group, within each industry.

The results of the production shift analysis for the low and high fixed-asset ratio

groups are presented in Table 2.13. In Panel A, columns (5) and (6), the coefficients for

revenue and cost are significant for subsidiaries. However, in Panel B, the coefficients for

revenue and cost are insignificant. These results suggest that, when faced with increased

local government enforcement efforts, firms with a low fixed asset ratio are more likely

to shift production.

In summary, my study provides evidence that firms with low fixed asset ratios in

2014 are less inclined to take early green actions compared to those with high fixed asset

ratios, as the former have a higher ability to shift production. Moreover, in response to

increased local government enforcement efforts after 2016, these firms are more likely to

shift production. These findings suggest that fixed asset ratio is a reliable indicator of

a firm’s production-shifting ability.



52 CHAPTER 2. WHY DO FIRMS GO GREEN?

Table 2.13: fixed asset ratio and production shift for 2016-low-green-commitment-score

firms

Table 2.13 reports the 2SLS regression analysis for production shift ability and production shift for 2016-

low-green-commitment-score firms. Panel A reports the result for 2016-low-green-commitment-score indus-

trial firms with 2014-low-fixed-asset ratio. Panel B reports the result for 2016-low-green-commitment-score

industrial firms with 2014-high-fixed-asset ratio. Columns (1)-(4) report results with accounting data for

parent firms. Columns (5)-(8) report results with accounting data for estimated subsidiaries. I estimate

listed firms’ subsidiaries’ accounting indicators by deducting parent-firm accounting indicators from consoli-

dated accounting indicators. Only second-stage regression results are reported. The second-stage regression is

Dep V ari,t = α + β1
̂Greeni,t + β2Distancei,j + Xi,t + Indi + Y ear + Monitorj + ϵi,t. Dep V ari,t can be

operating revenue Revenuei,t, operating cost Costi,t, assets under construction Constructioni,t, and employee’s

salary Salaryi,t. Control variable Xi,t includes state owned dummy Statei,t, firm size ln(Mktcap)i,t and tax

contribution to the city Tax contributioni,t. Year fixed effect, industry fixed effect, and monitoring station fixed

effect are included. Robust standard errors are reported. The significant levels are 1%, 5%, and 10% respectively

Panel A: Low fixed-asset ratio (equal to or below the industry median in 2014)

Parent firm Estimated subsidiaries

Revenuei,t Costi,t Constructioni,t Salaryi,t Revenuei,t Costi,t Constructioni,t Salaryi,t

(1) (2) (3) (4) (5) (6) (7) (8)

̂Greeni,t

-0.424 -0.474 0.049 -0.004 3.266*** 2.424*** 0.161 0.124

(0.454) (0.368) (0.144) (0.072) (1.137) (0.831) (0.127) (0.088)

Distancei,t
0.075 0.070 0.034 -0.035** 0.064 -0.024 -0.004 0.004

(0.083) (0.075) (0.029) (0.016) (0.205) (0.164) (0.030) (0.016)

Statei,t
0.607* 0.858*** 0.368*** 0.158** 2.709*** 2.404*** -0.253** 0.366***

(0.318) (0.299) (0.137) (0.062) (0.930) (0.854) (0.101) (0.060)

ln(Mktcap)i,t
1.714*** 1.486*** 0.627*** 0.470*** 3.814*** 3.052*** 0.374*** 0.392***

(0.194) (0.169) (0.076) (0.039) (0.439) (0.372) (0.057) (0.040)

Tax contributioni,t

3.422*** 2.819*** 0.060 -0.117 4.439** 4.103** -0.087 0.241*

(0.973) (0.877) (0.178) (0.098) (1.861) (1.656) (0.170) (0.124)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Ind FE Yes Yes Yes Yes Yes Yes Yes Yes

Monitoring station FE Yes Yes Yes Yes Yes Yes Yes Yes

N 2075 1999 1965 2011 2055 1990 2064 2181

Panel B: High fixed-asset ratio (above the industry median in 2014)

Parent firm Estimated subsidiaries

Revenuei,t Costi,t Constructioni,t Salaryi,t Revenuei,t Costi,t Constructioni,t Salaryi,t

(1) (2) (3) (4) (5) (6) (7) (8)

̂Greeni,t

-0.316 -0.323 -0.066 -0.039 1.503 0.831 0.025 0.034

(0.416) (0.269) (0.054) (0.027) (1.150) (0.645) (0.099) (0.065)

Distancei,t
0.154*** 0.086*** -0.064*** 0.015*** 0.018 0.210*** -0.036** 0.003

(0.047) (0.032) (0.023) (0.003) (0.099) (0.065) (0.016) (0.006)

Statei,t
1.138*** 1.109*** 0.001 0.049*** 0.871 1.125* 0.018 0.110***

(0.239) (0.199) (0.036) (0.015) (0.638) (0.588) (0.039) (0.037)

ln(Mktcap)i,t
1.630*** 0.923*** 0.067*** 0.093*** 2.750*** 1.831*** 0.351*** 0.239***

(0.242) (0.114) (0.024) (0.012) (0.361) (0.272) (0.054) (0.028)

Tax contributioni,t

0.028 0.140 0.012 0.005 3.243** 2.715* -0.093 0.160**

(0.325) (0.246) (0.084) (0.023) (1.648) (1.493) (0.092) (0.079)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Ind FE Yes Yes Yes Yes Yes Yes Yes Yes

Monitoring station FE Yes Yes Yes Yes Yes Yes Yes Yes

N 1475 1435 1645 1579 1498 1448 1518 1599
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2.8 Conclusion

To explore the reasons for firms going green, I develop a green commitment score by

analyzing standardized green information from Chinese listed firms’ annual reports. The

score is robust to Thomson Reuters Refinitiv green score and reflects the improvement

of air quality around firms. With the same methodology, the score can be extended to

capture other types of pollution abatement commitments.

Using the green commitment score, I investigate the factors driving firms to go green.

I find that local government policy enforcement intensity, distance to monitoring sta-

tions, and firms’ low ability to shift production are positively associated with a firm’s

green commitment score. Furthermore, I find that firms with low green commitment

scores and high ability to shift production will shift production when local governments

increase policy enforcement.

Additionally, my study explores the benefits of early green actions. Firms with high

green commitment scores can decrease their financial expenses and increase their per-

formance when local governments increase policy enforcement. However, firms with low

green commitment scores cannot reap the same benefits. I further demonstrate that this

result remains even when considering the early green transformation cost.

Future research can explore the role of market competition in firms’ decisions to go

green. Firms may hesitate to go green if they believe it will result in a competitive dis-

advantage. However, in the long run, firms will be forced to go green due to increasing

policy enforcement. Thus, early green actions may provide firms with a competitive

advantage. It would also be interesting to analyze whether it is efficient for firms to

remain “brown” to maintain a competitive advantage.

My study makes a significant contribution to understanding the reasons why firms

decide to adopt green practices. While previous literature has explored the instant costs

and benefits of taking green actions, the incentives for firms to take early green actions

have been underexplored. My study highlights that firms’ early green actions can be

attributed to their ability to shift production. Additionally, the findings suggest that

firms with early green actions can reap long-term benefits if the government increases

its enforcement efforts.

Finally, my study contributes to the understanding of climate policy and firm be-

havior. As firms can shift production across their subsidiaries, more attention should

be given to those firms with high production shift ability to design more effective and

targeted climate policies.
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2.9 Appendix

Table 2.A1: Number of firms from 2014 to 2020

Year Number of firms

2014 2549

2015 2770

2016 2999

2017 3433

2018 3541

2019 3747

2020 4144

Table 2.A2: Dictionary for air pollution information

AQI PM2.5 SO2 NO2 O3

Pollutant

particulate matter SO2 NO2 O3

Soot Sulfuric acid mis NOX VOCs

Dust Methane (CH4)

Ammonia Benzene

Toluene

Xylene

Facility

Environmental smoke collection Desulfurization Denitrification Plasma Photocatalysis

Exhaust gas collection (recovery) Acid mist purification low nitrogen burner VOC Treatment System

Dust collection (suppression/filter) Waste acid tower RTO

Low-temperature plasma Acid production system

Cyclone separator Sulfuric acid mist collection

Activated carbon adsorption

Waste gas tower

Ultra-clean emission renovation



2.9. APPENDIX 55

Table 2.A3: Summary statistics for firms within 10 km (in billions)

Table 2.A3 reports summary statistics for financial variables and control variables used in regressions for firms

within a distance of 10 km. Panel A and panel B report the whole sample and industrial firms respectively.

Industrial firms include firms that belong to the manufacturing industry, and the electricity, heat, gas, water

production, and supply industry. All the financial variables, including revenue, cost, fixed asset ratio, assets

under construction, financial expenses, and financial cost, are trimmed at 1% and 99% levels annually. Similar

result can be got with winsorize.

Panel A: All firms

N Min P10 Median P75 P90 Max Mean STD

Revenue 16553 0.028 0.380 1.948 5.507 14.840 157.200 6.540 14.040

Cost 16551 0.015 0.210 1.319 4.088 11.900 128.600 5.153 11.800

Fixed asset ratio 17408 0.000 0.013 0.144 0.274 0.427 0.954 0.188 0.166

Construction 14950 0.000 0.001 0.081 0.325 1.126 16.090 0.491 1.322

Financial expense 16645 -0.156 -0.010 0.018 0.089 0.295 2.997 0.110 0.275

Financial cost 16690 -0.218 -0.018 0.012 0.026 0.038 0.091 0.010 0.026

State 17412 0.000 0.000 0.000 1.000 1.000 1.000 0.369 0.483

Size 17409 11.140 14.700 15.700 16.420 17.210 21.280 15.860 1.040

Tax contribution 17412 0.000 0.000 0.003 0.027 0.160 1.000 0.069 0.190

Distance 17412 0.048 1.174 3.267 5.231 7.689 9.986 3.857 2.406

Panel B: Industrial firms

N Min P10 Median P75 P90 Max Mean STD

Revenue 10065 0.028 0.392 1.851 5.003 13.830 157.200 6.209 13.700

Cost 10083 0.017 0.222 1.260 3.707 10.870 124.100 4.864 11.470

Fixed asset ratio 10213 0.000 0.062 0.190 0.305 0.450 0.954 0.226 0.155

Construction 9461 0.000 0.003 0.094 0.334 1.040 13.520 0.472 1.247

Financial expense 10001 -0.156 -0.010 0.016 0.077 0.256 2.997 0.098 0.254

Financial cost 9991 -0.218 -0.020 0.014 0.028 0.039 0.091 0.011 0.028

State 10213 0.000 0.000 0.000 1.000 1.000 1.000 0.323 0.468

Size 10210 13.090 14.670 15.620 16.300 17.040 20.850 15.760 0.948

Tax contribution 10213 0.000 0.000 0.005 0.036 0.236 1.000 0.085 0.215

Distance 10213 0.048 1.206 3.731 5.896 8.278 9.986 4.191 2.538
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Table 2.A4: Compare Refinitiv ESG score with average pollutant emission across entities

within the listed company

SO2 NOX Dust

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Emission Score
34.934*** 33.247*** 10.203**

(10.462) (10.632) (5.020)

Environment score
39.726*** 29.349** 7.288

(11.100) (11.368) (5.260)

ESG score
49.117*** 35.878** 9.847

(15.155) (15.347) (7.141)

Year FE Yes

Industry FE Yes

N 438 438 438 461 461 461 381 381 381

adj. R-sq 0.040 0.044 0.038 0.179 0.173 0.170 0.523 0.519 0.519
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Table 2.A5: The control right transfer of monitoring stations and firms’ green commit-

ment score

Panel A: CSR-part green commitment score

All firms Industrial firms Other firms

Green Green Green Green Green Green Green Green Green

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Distance
-0.008*** -0.002 0.007 -0.017*** 0.023*** 0.037*** -0.005* -0.005 -0.001

(0.002) (0.005) (0.005) (0.003) (0.008) (0.008) (0.003) (0.006) (0.006)

After ×Distance
-0.027*** -0.033*** -0.034*** -0.078*** -0.084*** -0.084*** -0.012 -0.013* -0.014*

(0.007) (0.006) (0.006) (0.010) (0.009) (0.009) (0.008) (0.008) (0.008)

State
0.275*** 0.369*** 0.173***

(0.028) (0.048) (0.023)

ln(Mktcap)
0.202*** 0.306*** 0.059***

(0.015) (0.025) (0.011)

Tax Contribution
0.151 0.021 0.306

(0.105) (0.124) (0.217)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Ind FE No Yes Yes No Yes Yes No Yes Yes

Monitoring station FE No Yes Yes No Yes Yes No Yes Yes

N 17397 17390 17386 10206 10206 10202 7191 7184 7184

adj. R-sq 0.063 0.310 0.328 0.098 0.316 0.340 0.028 0.317 0.326

Panel B: non-CSR-part green commitment score

All firms Industrial firms Other firms

Green Green Green Green Green Green Green Green Green

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Distance
-0.001 0.002 0.005 -0.018*** 0.007 0.009 0.008 -0.013** -0.010

(0.004) (0.004) (0.004) (0.005) (0.006) (0.005) (0.006) (0.006) (0.006)

After ×Distance
-0.000 -0.004 -0.004 -0.002 -0.008 -0.008 0.005 0.006 0.005

(0.005) (0.004) (0.004) (0.007) (0.005) (0.005) (0.008) (0.006) (0.006)

State
0.108*** 0.068*** 0.133***

(0.016) (0.022) (0.025)

ln(Mktcap)
-0.015*** -0.026*** 0.001

(0.006) (0.009) (0.007)

Tax Contribution
0.113** 0.220*** 0.043

(0.046) (0.057) (0.063)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Ind FE No Yes Yes No Yes Yes No Yes Yes

Monitoring station FE No Yes Yes No Yes Yes No Yes Yes

N 17397 17390 17386 10206 10206 10202 7191 7184 7184

adj. R-sq 0.000 0.408 0.410 0.005 0.385 0.387 0.000 0.510 0.514
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Table 2.A6: Production shift ability and production shift for 2016-high-green-

commitment score firms

Panel A: Low fixed-asset ratio (equal to or below industry median)

Parent firm Estimated subsidiaries

Revenue Cost Construction Salary Revenue Cost Construction Salary

(1) (2) (3) (4) (5) (6) (7) (8)

̂Green
0.276 0.259 -0.152 0.042 2.409** 1.683* 0.215 0.051

(0.340) (0.295) (0.111) (0.046) (1.180) (0.905) (0.151) (0.095)

Distance
-0.042 0.090** 0.049*** -0.018* -0.069 -0.194 0.076*** -0.017

(0.054) (0.038) (0.015) (0.010) (0.175) (0.148) (0.029) (0.016)

State
0.173 0.006 0.038 0.093*** 5.136*** 3.951*** 0.437*** 0.511***

(0.330) (0.270) (0.047) (0.032) (0.964) (0.815) (0.111) (0.075)

ln(Mktcap)
1.216*** 0.971*** 0.164*** 0.099*** 3.482*** 2.450*** 0.400*** 0.383***

(0.165) (0.140) (0.055) (0.023) (0.519) (0.358) (0.077) (0.048)

Tax contribution
1.940*** 1.419*** 0.216* 0.327*** 0.109 1.266 -0.055 0.006

(0.634) (0.487) (0.119) (0.071) (1.351) (1.100) (0.202) (0.123)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Ind FE Yes Yes Yes Yes Yes Yes Yes Yes

Monitoring station FE Yes Yes Yes Yes Yes Yes Yes Yes

N 1782 1708 1412 1880 1798 1714 1796 1885

Panel B: High fixed-asset ratio (above industry median)

Parent firm Estimated subsidiaries

Revenue Cost Construction Salary Revenue Cost Construction Salary

(1) (2) (3) (4) (5) (6) (7) (8)

̂Green
0.781** 0.476 -0.066 0.050 0.609 0.512 0.049 -0.004

(0.386) (0.376) (0.054) (0.037) (1.130) (0.992) (0.144) (0.072)

Distance
-0.197** -0.313*** -0.064*** -0.021** -1.145*** -0.841*** 0.034 -0.035**

(0.077) (0.082) (0.023) (0.009) (0.267) (0.226) (0.029) (0.016)

State
-0.062 -0.664** 0.001 -0.001 -0.892 -0.945 0.368*** 0.158**

(0.309) (0.284) (0.036) (0.026) (1.198) (1.075) (0.137) (0.062)

ln(Mktcap)
1.736*** 1.576*** 0.067*** 0.133*** 6.335*** 4.615*** 0.627*** 0.470***

(0.248) (0.233) (0.024) (0.022) (0.790) (0.658) (0.076) (0.039)

Tax contribution
0.857 -0.174 0.012 0.061 2.501 1.031 0.060 -0.117

(0.699) (0.659) (0.084) (0.049) (2.244) (1.818) (0.178) (0.098)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Ind FE Yes Yes Yes Yes Yes Yes Yes Yes

Monitoring station FE Yes Yes Yes Yes Yes Yes Yes Yes

N 1921 1869 1645 2006 1917 1889 1965 2011
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Table 2.A7: Production shift ability and financial costs

Panel A: 2016-low-green-commitment-score industrial firms

Low fixed asset ratio High fixed asset ratio

Financial cost Financial expense total loan Financial cost Financial expense Total loan

(1) (2) (3) (4) (5) (6)

̂Green
-0.016** -0.029 1.656** -0.023*** -0.017 0.218

(0.007) (0.042) (0.816) (0.008) (0.038) (0.463)

Distance
-0.001 -0.001 0.067 0.001 0.015*** 0.039

(0.001) (0.006) (0.102) (0.001) (0.004) (0.060)

State
0.005 -0.015 -0.837** 0.000 0.013 -0.187

(0.003) (0.027) (0.335) (0.003) (0.013) (0.178)

ln(Mktcap)
0.004** 0.098*** 2.145*** 0.004** 0.058*** 1.839***

(0.002) (0.013) (0.291) (0.002) (0.010) (0.275)

Tax contribution
0.007 -0.056 -0.104 0.003 -0.028 -1.386***

(0.006) (0.041) (0.820) (0.007) (0.027) (0.453)

Year FE Yes Yes Yes Yes Yes Yes

Ind FE Yes Yes Yes Yes Yes Yes

Monitoring station FE Yes Yes Yes Yes Yes Yes

N 2204 2256 2081 1598 1595 1505

Panel B: 2016-high-green-commitment-score industrial firms

Low fixed asset ratio High fixed asset ratio

Financial cost Financial expense total loan Financial cost Financial expense Total loan

(1) (2) (3) (4) (5) (6)

̂Green
-0.019*** -0.068 0.766 -0.011*** -0.093** -0.069

(0.007) (0.041) (0.666) (0.004) (0.037) (0.540)

Distance
0.002* 0.022*** 0.260** -0.001 -0.011 -0.055

(0.001) (0.008) (0.114) (0.001) (0.008) (0.113)

State
0.011*** 0.095*** 2.835*** -0.002 0.024 0.018

(0.004) (0.031) (0.500) (0.003) (0.032) (0.714)

ln(Mktcap)
0.008** 0.129*** 2.236*** 0.004** 0.166*** 2.630***

(0.004) (0.024) (0.367) (0.002) (0.021) (0.437)

Tax contribution
0.009 0.082 0.434 -0.005 -0.019 1.470*

(0.008) (0.066) (0.843) (0.004) (0.049) (0.799)

Year FE Yes Yes Yes Yes Yes Yes

Ind FE Yes Yes Yes Yes Yes Yes

Monitoring station FE Yes Yes Yes Yes Yes Yes

N 1887 1842 1771 2039 2016 1926



Chapter 3

Investors’ preference on green

firms and green bonds - evidence

from green bond certification

Joint with Sophie Moinas (TSE)

3.1 Introduction

In recent years, there has been a growing investor concern regarding environmental is-

sues, and the impact of investment decisions on the environment. To encourage the

private sector to address climate change through innovative financing and investments,

institutions like the European Investment Bank and the International Finance Corpo-

ration of the World Bank began issuing “green bonds” in the late 2000s. These fixed

income securities were intended to finance investments with environmental or climate-

related benefits. Following their success, the financial industry began issuing corporate

green bonds in 2013.

Studies suggest that stock prices react positively to the announcement of green bond

issuance (Baulkaran, 2019; Tang and Zhang, 2020; Flammer, 2021), and that certain

green bonds trade at a premium compared to conventional bonds (Ehlers and Packer,

2017; Zerbib, 2019; Hyun et al., 2020; Kapraun et al., 2021). Our objective is to un-

derstand what drives these results. Two different mechanisms may exist. First, the

results reflect an abnormal demand from investors who are willing to pay a higher price

for green assets due to their preferences. These preferences could stem from investors

who are willing to accept lower returns to induce firms to shift towards cleaner assets

or socially responsible funds that need to report to their investors the proportion of

their investments in green assets in a verifiable manner. This channel is in line with the

model prediction of Baron (2007) that CSR firms can coexist with value-maximizing

firms because investors have preferences for them. Second, the results reflect that in-

60
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vestors receive a positive signal to firms’ future performance. Investors believe that

brown assets will yield lower returns in the long run if regulators take actions to penal-

ize carbon emissions or if consumers demand environmentally friendly products. Green

bond issuance provides information on firms’ ability to handle environmental-related

risks. Both of the two mechanisms are important. The demand effect suggests that

investors are ready to pay for the green transition, which supports the existence of

CSR firm. The information effect provide direct evidence to convince firms to inter-

nalize environmental damage. Understanding which mechanism take effect can help us

understand how investors perceive green firms, as well as the profitability of green assets.

We analyze a sample of green bonds issued by firms from the U.S., Mainland China,

and Hong Kong between 2013 and 2019. Our research is divided into two parts, in which

we separately analyze the perspectives of stock investors and bond investors.

For stock investors, the standard approach is to examine the announcement effect of

green bond issuance. However, it is difficult to attribute the positive stock price reac-

tion solely to shareholders’ preference for firms that engage in green actions, as it also

reflects shareholders’ confidence in the firms’ future ability to manage environmental-

related risks. Therefore, we need a method that can separate firms’ green status from

their engagement in green actions. The Climate Bonds Initiative’s (CBI) three-tier cer-

tification system, which certifies green bond issuance, offers a unique perspective to

solve this issue, as a company’s green status is disclosed before the first green bond

issuance. The three-tier system consists of green bond framework verification, use of

proceeds verification, and CBI certification. Green bond framework verification is con-

ducted before green bond issuance and only concerns firms’ green status, as it does not

provide information on specific green projects, but signal the firms’ green status to the

market. Use of proceeds verification and CBI certification are performed together or

after the green bond issuance, and they ensure the quality of greenness. Our findings

indicate that the stock market reacts positively to the announcement of green issuance

only when the green bond framework is not verified. This suggests that sharehold-

ers don’t react to the fact that firms issue green bonds to fund green project, but they

react to the fact that firms become green. Shareholders have a preference on green firms.

The analysis for bond investors is more complex, as they may have a preference for

both green bonds and conventional bonds issued by green firms. The preference for

green bonds issued by green firms is at the bond level, while the preference for conven-

tional bonds issued by green firms is at the firm level. Previous studies attempting to

demonstrate the existence of the ”greenium” have focused on comparing green bonds

with synthetic conventional bonds issued by the same entity (Zerbib, 2019; Hyun et al.,

2020; Kapraun et al., 2021). This approach involves using conventional bonds issued

before and after the green bond issuance to construct a synthetic conventional bond
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that does not actually exist. However, this approach fails to consider whether bond

investors have a preference for conventional bonds issued by green firms. To determine

whether bond investors have a preference for green firms and green bonds, inspired by

Tang and Zhang (2020), we develop a two-step matching method to construct our sam-

ple. Firstly, we match green firms with brown firms based on firm size, market-to-book

ratio, previous year liquidity, and industry code. Then, we match each conventional

bond and green bond issued by green firms with conventional bonds issued by matched

brown firms based on bond size, time to maturity, callable type, and bond seniority.

To ensure that we have enough conventional bonds issued by brown firms to match, we

keep four closest brown firms in the firm match stage. After the matching process, we

conduct a difference-in-differences analysis to compare green bonds as well as conven-

tional bonds issued by green firms with conventional bonds issued by brown firms. We

find that neither green bonds nor conventional bonds issued by green firms are traded

at a negative premium relative to conventional bonds issued by brown firms. However,

when we include information on CBI’s certification, we find that green bonds with CBI

certification are traded at a premium of -108 bp. This suggests that bond investors have

a preference for green bonds with CBI certification but not for green firms.

Overall, our analysis supports the demand effect of stock investors on green firms

and the demand effect of bond investors on green bonds, while it does not support the

channel that green assets can outperform in the future. However, the results do not

necessarily imply that investors believe green assets will yield lower returns in the long

run. This may be due to the limited impact of funding with green bonds on firms’ future

cash flow, while building green projects can still have a positive effect on firms’ future

cash flow.

Our paper contributes to the literature in the following ways. First, it helps us better

understand the mechanism of shareholders’ positive reactions to green bond issuance.

Flammer (2021) first finds that green bonds yield positive announcement returns. She

also documents improvements in long-term value and operating performance, which may

explain the positive price reaction. Tang and Zhang (2020) compile a comprehensive

international green bond dataset covering 28 countries during 2007-2017 and document

that stock prices and stock liquidity positively respond to green bond issuance. Our

research complement to these studies by showing that the positive reactions around an-

nouncement come from the bonds without green bond framework verification.

Second, Our paper contributes to the literature on the mechanism of greenium. A

new but growing body of literature has examined the existence of a greenium for green

bonds issued by green firms (Östlund, 2014; Petrova, 2016; Ehlers and Packer, 2017;

Zerbib, 2019; Hyun et al., 2020; Kapraun et al., 2021; Lin and Su, 2022; Sun et al.,

2022). These studies have consistently found a small but significant greenium, which is
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particularly pronounced for green bonds with certification or traded on exchanges with

a dedicated green bond segment. Lin and Su (2022) also find that although labeled

and non-labeled green bonds meet the same green certification standard, only officially

certified labeled green bonds can effectively reduce the yield spread. Our results sup-

port their findings by demonstrating that the greenium only exists for green bonds with

certification. Furthermore, we show that there is no greenium for conventional bonds

issued by green firms.

The structure of this paper is as follows. Section 2 presents green bond certification

process. Section 3 outlines hypothesis development. Section 4 presents the dataset.

Section 5 shows the two-step matching method. Section 6 conducts the analysis for

stock investors. Section 7 conducts the analysis for bond investors. Section 8 concludes

the paper.

3.2 Green bonds and their certification

Sustainable investors may be concerned about “greenwashing,” which refers to the op-

portunity for issuers to label a bond as green even if its proceeds are not used to directly

finance environmentally friendly assets. To reduce information asymmetries, a growing

need for a taxonomy and certification process has emerged, either from investors who

want to screen the bonds for their “greenness” or from issuers who want to signal it.

3.2.1 How to identify a “green” bond?

While the notion of “green” bond is conceptually easy to understand, it is in practice

more difficult to assess whether a bond actually falls into this category. A first indicator

is whether the issuing firm self-labels its bond as “green”, which suggests that the bond

is intended to be environmentally beneficial. Other labels may also be eligible, as for

instance “climate”, “environmental”, “solar”, “sustainable”, “eco-efficient”.

Compliance of the Uses of Proceeds.

When a bond is labeled as such, investors and financial intermediaries who want to un-

derstand whether the issue actually aims at financing environmentally friendly projects

screen its uses of proceeds (UoP) to understand the main goal of the emission. They

analyze in particular the compliance of the uses of proceeds with the bond’s label, which

refers to whether the firm commits to deploying funds towards projects and activities

that favor energy transition and low carbon emissions, and what percentage of the uses

of proceeds fall into this category. Sometimes, specific exclusions for the use of proceeds

of green bonds may additionally be imposed, such as those involving coal and nuclear,

or excluding fossil fuel energy but including clean coal.
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To assist investors in this screening process, there are some public and private in-

stitutions that have provided a taxonomy of eligible assets or projects. For instance,

Climate Bonds Initiative (CBI) develops the Climate Bonds Taxonomy based on the

latest climate science research from institutions such as the Intergovernmental Panel on

Climate Change (IPCC) and the International Energy Agency (IEA). Also the People’s

Bank of China (PBoC) collaborated with the Green Financial Bond Directive to develop

the Green Bond-Endorsed Project Catalogue.

Reporting

Second, analyzing the project descriptions at the time of issuance may not be sufficient

to guarantee the “greenness” of the Uses of Proceeds over the lifespan of a bond. The

proceeds from the bond could be re-used to finance new projects, which may not be

compliant with the bond’s label. To ensure compliance, investors and financial interme-

diaries investigate the management of proceeds for the bond, such as the issuer’s project

selection process and commitment to report on future use of the proceeds.

Green bonds standards

Because of the importance of these two elements, namely compliance and reporting of

the Uses of Proceeds, some public and private institutions provide a standard to issue

green bonds that includes both. A standard consists in (i) guidelines to point to specific

conditions that have to be met for the bond’s uses of proceeds to be assessed as compli-

ant with climate-aligned projects and assets, as well as (ii) transparency requirements

on the management of proceeds and reporting before and after the issuance. These

standards are voluntary, but they help investors understand how issuers of green bonds

define and select projects, use and track proceeds, and verify and disclose information.

Guidelines provide both issuers and investors guidance on the key components involved

in launching a green bond or evaluating the environmental impact of their Green Bond

investments. Due to the lifespan of a bond, the objective of pre- and post-issuance

transparency requirements is to enable investors to ensure that the green credentials

are guaranteed over time. The main existing standards are comparable to each other.

I put the comparision between the Green Bond Principles (GBP) developed by the In-

ternational Capital Market Association (ICMA) and the policies issued by the Chinese

authority in the appendix 3.9.1.

3.2.2 Certification process

Green bond certification requires two preliminary checks. First, the firm must follow

the requirements of a specific standard to issue green bonds: its framework must ensure

that environmental-friendly projects will be financed by the uses of proceeds and include

transparent reporting procedures. The issuer may engage an “external verifier” to give

assurance that this is indeed the case. Second, the issued green bond’s uses of proceeds
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need to be clearly identified and fall into the green taxonomy. An issuer may engage

the same or another intermediary to verify that the uses of proceeds of the bond are

appropriately allocated to eligible green projects. In addition to these two verification

processes, the issuer may initiate a certification process for a specific bond, either before

issuing the bond, or during the life of the bond.

The verification/certification market

Before describing what is verified in more details, we first present the parties involved

in the verification/certification process.

Who initiates the verification/certification process and why

Generally, neither verification nor certification are a formal pre-requisite for green bond

issuance. Yet issuers may have incentives to initiate these processes. First, issuers may

voluntarily be willing to increase their own credibility to investors. This may be all

the more the case as they issue bonds in foreign markets. Second, it may also increase

their credibility to regulators. For instance, Chinese firms willing to issue bonds in

Mainland China need to get approved by the government. The probability of approval

naturally increases if the issuers is able to document that external parties have verified

that the firm’s green bond issuance process is in line with a specific framework and/or

the bond’s proceeds aim at financing green projects, and even more if the issue is pre-

certified. Finally, some bond markets impose a preliminary verification or certification

as a mandatory requirement. This is for instance the case of LGX, that requires the

opinion from a independent third-party before listing a green bond.1.

Who verifies/certifies

Typically, two types of intermediaries are involved in the green verification or certifica-

tion process. First, some institutions like Sustainalytics, CICERO, DNV-GL, and Vigeo

EIRIS, are specialized in evaluating companies’ sustainability performance and provide

research, analysis and services related to environmental and sustainable growth (ESG).

Second, traditional accounting/auditing organizations, like Ernst & Young (hereafter

EY) or Deloitte, have transitioned from a traditional accounting/auditing business and

extended their services from accounting verification to green project verification.

Three shades of green

We now describe the three shades of green, that are (i) verification of the firm’s green

bond framework, (ii) verification of the green bond’s uses of proceeds, and (iii) certifi-

cation of the green bond.

Verification on the firm’s green bond framework

1https://www.bourse.lu/documents/brochure-LGX-GB emerging markets-Amundi.pdf
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Before issuance, the issuer may contact an external verifier. The verifier analyzes the

firm’s green bond framework, which is the guideline used by a firm when it issues a

green bond, and guarantees that this framework follows specific standards, that is, ei-

ther the Green bond principles (GBP) or the Green Financial Bond Directive. To this

end, the verifier reviews the firm’s Environmental Priorities and ESG Performance, the

criteria applied by the company on the uses of proceeds to filter projects that would be

financed by a green bond issuance, its project selection process, and its transparency in

the management of proceeds and reporting. Based on this analysis, the external verifier

forms a view on whether the issuance of green bonds by the company is robust and

credible, and issues a “second party opinion” report describing the elements and facts

it has reviewed to form this opinion.

The guidelines followed by firms and to which external verifiers refer to in their sec-

ond party opinion report depend on the country in which the company is incorporated

and/or listed, as well as on the bond market in which the company is willing to issue

its green bonds. External verifiers and issuers in the U.S. typically follow the GBP of

the ICMA. For instance, the Sustainalytics’s report on Apple Inc. green bonds written

on February 16, 2016 provides an opinion on Apple’s green bond framework and its

alignment with the Green Bond Principles 2015. By contrast in Mainland China, the

external verifiers retained by issuers usually follow the rules set in the Chinese Green

Bond Directive. For example, EY issued on April 9, 2019 a certification report at the

request of Bank of Jiangsu for a green bond prior to its expected issuance date on April

18, 2019. The corresponding report specifies that EY followed the rules set in by the

Chinese Green Bond Directive and the eligible project list comes from the Green Bond-

Endorsed Project Catalogue.

Verification of compliance of the bond’s uses of proceeds

Before or after the issuance, the issuer may also request a verification that the uses

of proceeds of a specific green bond issue are compliant with the eligibility criteria

and appropriately allocated to eligible green projects. This verification may be done

by the external verifier who has written a “second party opinion” report, or by other

intermediaries such as “independent accountants”. Issuers may also engage into compli-

ance verification without having its framework being verified prior to issuance. While

framework verification at the firm level follows clear guidelines that are similar across

countries, the compliance verification at the bond level is much less standardized. This

service may for instance be provided by local subsidiaries of an accounting/auditing firm,

and practices of the same company may vary across U.S., Mainland China and Hong

Kong. Finally in Hong Kong, the process may depend on whether the bond is issued

in the Mainland Chinese bond market or not. For example, EY issued a certification

report on February 26, 2018 at the request of Huarong Xiangjiang Bank for a green bond

that was supposed to be issued on the mainland China bond market on March 13, 2018,
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and EY also followed the rules set by PBoC. By contrast, Deloitte issued a certifica-

tion (via its Shanghai entity) at the request of CGNPC International Ltd on November

21, 2017 before CGNPC’s first green bond issuance on December 11, 2017, but followed

the rules set by Green bond principles (GBP) of the ICMA, instead of those set by PBoC.

The practice of verification of the compliance of the uses of proceeds differs across

regions. In the U.S., we noticed that issuers often engage an independent accountant

to verify the uses of proceeds of a specific bond after issuance. For example, EY issued

a report of independent accountants at the request of Alexandria Real Estate Equities,

Inc., a U.S. company, to certify that the net proceeds of their 4% Senior Notes due

2024 is appropriately allocated to eligible green projects.2 The report specifies that

the accountants have followed the rules set by American Institute of Certified Public

Accountants. There may consequently be variations in the timing of the verification

process, in practices, and in the set of rules followed by companies across markets.

Green Bond certification

Some intermediaries provide a green bond formal certification. Among those, the Cli-

mate Bonds Standard Board seems to be the market leader with its Climate Bonds

Certification.

Since the launch of the first version of CBI Standards in 2011, investors have relied

on the inclusion in the CBI green bonds’ list as a signal of the “environmental integrity”

of a green bond. The criteria followed by CBI for inclusion are indeed among the most

restrictive. From their description, the CBI only includes the bonds such that (i) the

label of the bond indicates that it is intended to be environmentally friendly, (ii) at least

95% use of proceeds financing or refinancing green/environmental projects in line with

the GBP, (iii) the use of proceeds is aligned with the Climate Bonds Taxonomy, which

identifies assets and projects deliver a low carbon economy and gives GHG emissions

screening criteria consistent with the 2-degree global warming target set by the COP 21

Paris Agreement 3, (iv) the bond issue meets transparency requirements, (v) the use of

proceeds is not subject to CBI’s exclusion criteria, and (vi) whenever necessary, after a

review by external experts (second party opinion). A bond which satisfies the standards

can be awarded the “climate bond certified” stamp by CBI. Along the years, CBI has

upgraded its standards to clarify the pre-issuance and post-issuance certification process

and requirements, and released the third version in December 2019.

2https://www.are.com/cr/GreenBondReportJune2019.pdf
3https://www.climatebonds.net/cbi/pub/data/bonds
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3.3 Hypothesis development

Our target is to understand whether the positive reaction of the announcement of green

bond issuance and the greenium are attributable to information or investor preferences.

For stock investors, we analyze the stock price reaction around the announcement of

a green bond. There are two types of firms on the announcement date of green bond

issuance: those whose green bond framework has been verified and those whose green

bond framework has not been verified. They are different from each other in terms of

whether their green status has been released to the market or not. For firms without a

green bond framework, the announcement of green bond issuance implies that a brown

firm is transitioning to a green firm and issuing bonds to fund green projects, which

may impact their future cash flow. In contrast, for firms with a green bond framework,

the announcement only indicates the issuance of bonds to fund green projects. Based

on this difference, we can propose the following hypothesis.

H1a: If stock investors value firms’ transition to green but do not consider the im-

pact of funding green projects with green bonds on future cash flow, we would expect

to see a positive market reaction only for firms without a green bond framework on the

announcement date. This corresponds to a demand effect.

H1b: If stock investors believe that funding green projects with green bonds has a

positive impact on future cash flow, we would expect that both firms with and without

green bond framework verification experience a similar positive effect on the announce-

ment date. This corresponds to an information effect.

H1c: If stock investors value both a firm’s transition to green and the positive im-

pact of funding green projects with green bonds on future cash flow, we would expect

that on the announcement date, firms without green bond framework verification will

experience a larger positive effect than firms with green bond framework verification.

This corresponds to both an information effect and a demand effect.

Literature has shown that green bonds with certification will be traded at a negative

premium (Hyun et al., 2020). Bond investors pay a high price for green bonds with

certification issued by green firms, which can be attributed to five layers. Firstly, they

have a preference for investing in green firms. Secondly, they believe that investing in

green projects will decrease firms’ credit risk. Thirdly, they have a preference for green

bonds issued by firms with green bond framework verification. Fourthly, they have a

preference for green bonds with use of proceeds verified. Finally, they have a preference

for certified green bonds. The first layer is captured by the difference between the yields

of conventional bonds issued by green firms and those issued by brown firms. The second

layer is represented by the difference between the yields of green bonds issued by green
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firms and those of conventional bonds issued by green firms. Thirdly, the third layer is

captured by the difference between the yields of green bonds issued by firms with green

bond framework verification and those issued by firms without green bond framework

verification. Fourthly, the fourth layer is captured by the difference between the yields

of green bonds with use of proceeds verified and those without use of proceeds verified.

Finally, the fifth layer is captured by the difference between the yields of green bonds

with certification and those without certification. Based on this analysis, we propose

our hypothesis.

H2a: If bond investors value firms’ transition to green, the yields of conventional

bonds issued by green firms are lower than those of conventional bonds issued by brown

firms. This corresponds to a demand effect at firm level.

H2b: If bond investors believe investing in green projects will decrease firms’ credit

risk, the yields of green bonds issued by green firms are lower than those of conventional

bonds issued by green firms. This corresponds to an information effect at bond level.

H2c: If bond investors have a preference for green bonds issued by firms with green

bond framework verification, the yields of green bonds issued by firms with green bond

framework verification are lower than those of green bonds issued by firms without green

bond framework verification. This corresponds to a demand effect at firm level.

H2d: If bond investors have a preference for bonds with use of proceeds verified, the

yields of green bonds with use of proceeds verified are lower than those of green bonds

without use of proceeds verified. This corresponds to a demand effect at bond level.

H2e: If bond investors have a preference for certified green bonds, the yields of green

bonds with certification are lower than those of green bonds without certification. This

corresponds to a demand effect at bond level.
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3.4 Data and summary statistics

3.4.1 Variables of interest

The existing empirical literature suggests that green bonds would trade at a premium

(higher prices, lower yields) relative to traditional bonds, but only when the “greeness”

of the bond is certified by a second party. To disentangle whether whether the greenium

is attributable to information or investor preferences, we proceed in two steps. First,

we analyze the stock price reaction around the announcement of a green bond. Our

objective is to investigate the informational content of a green bond issuance by analyz-

ing the determinants of the firm’s cumulative abnormal returns. Second, we develop a

two-step matching procedure to compare the bond yields of firms which have issued a

green bond and engaged into green investments, relative to those which have not. This

procedure enables us to evaluate the impact of green bond issuance on the yields of the

firm’s conventional bonds. In both parts of the analysis, we aim at understanding the

impact of verification/certification on stock and bond prices.

Abnormal stock returns around the announcement date

We conduct an event study to analyze the stock price reaction to the firm’s bond an-

nouncement. We calculate the issuing firm’s cumulative abnormal return (CAR) around

the announcement date based on the one-factor CAPM model, as shown in equation

(3.1).

Ri − rf = αi + βi(Rm − rf ) + ϵ, (3.1)

where rf is the risk-free rate, Ri is the stock return of firm i, and Rm is the return of

the stock market portfolio. To estimate the beta over the period [-252,-30] trading days,

we run a regression for each stock. Then, we use the estimated beta to calculate the

daily abnormal return for each day from 10 days prior to the issuance day to 10 days

after the issuance day, that is, over an event window of [-10,10].

Matching bond yield

To determine whether bonds issued by green firms are traded at a premium, we utilize a

diff-in-diffs approach. Specifically, we compare the bond yields received by green firms,

which have issued green bonds, with those of brown firms, which have not issued green

bonds. To conduct this analysis, we employ a double matching process. Firstly, we

match each green firm (g) with a brown firm (b) based on several dimensions, including

industry, market capitalization (as a proxy for firm size), liquidity (measured by the

one-year lagged Amihud measure), and market to book ratio. Additionally, we ensure

that the brown firm issued at least one bond in the same or following year as the green

firm’s first green bond, similar to previous research (Tang and Zhang, 2020). We retain

four candidate firms for each treated firm g ∈ G, based on their propensity score being
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closest to the treated firms.

Next, we match each bond (jg) issued by a green firm (g) with a conventional bond

(jb) issued by one of the four closest brown firms (b). We select the bond (b∗) with the

highest propensity score, based on criteria such as bond size, time to maturity, callable

type, and bond seniority. The bonds matched are conventional bonds issued before green

bond issuance, green bonds and conventional bonds after each green bond issuance.4

Typically, literature compares the green bond premium with synthetic bonds fol-

lowing Zerbib (2019). This approach employs the synthetic bonds constructed from

conventional bonds issued by the same issuer. It requires (1) the conventional bonds are

issued a maximum of six years before or six years after the green bond issuance, (2) the

conventional bonds’ issue amount is less than four times the green bond’s issue amount

and greater than one-quarter of this amount. However, this approach does not consider

the impact of the green bond issuance on conventional bonds. If the issuer’s conven-

tional bond is less (or more) in demand due to the green bond issuance, the green bond

premium will be overestimated (or underestimated). Alternatively, Tang and Zhang

(2020) employ another approach. They try to compare the same issuer’s green bond

yield with the same issuer’s conventional bond yield without considering that both the

conventional bonds and green bonds could be affected. Following the spirit of their

approach, our approach aims to provide a better understanding of the conventional and

green bond yields of green firms by matching with conventional bonds yields of matched

brown firms.

Main explanatory variables: verification and certification dummies

Our study aims to understand whether stock and bond prices react differently to green

bond issuances, depending on whether the firm’s framework or the bond’s uses of pro-

ceeds have been verified by an external party, or the bond has been certified by CBI. To

capture these pieces of information and our three shades of green, we use the following

dummy variables:

• a dummy D frameworkg that equals one if the green bond framework of the

bond issuer g has been verified by an external verifier whose report express a

second party opinion prior to the bond’s issuance;

• a dummy D UoP jg that equals one if the uses of proceeds of the bond jg issued by

firm g have been verified by an independent party prior to the bond’s issuance and

4To minimize the impact of matched firms before and after the green bond issuance, we ensure that

the brown firms matched to conventional bonds issued after the green bond issuance are the same firms

matched to conventional bonds issued before the green bond issuance. Specifically, we first match the

bonds issued after the green bond issuance and generate a list of matched firms. We then restrict the

bonds issued by brown firms before the green bond issuance to only those issued by the firms on the

generated list of matched firms.
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are compliant with the green bonds’ framework (which requires the firm’s green

bond framework to have been verified);

• a dummy D CBI certifiedjg that equals one if the bond jg issued by firm g is

certified by CBI (which requires the firm’s green bond framework and the green

bond’s uses of proceeds to have been verified).

3.4.2 Public data sources

Our objective is to analyze the determinants of stock markets’ reaction and bond yields

to the issuance of green bonds for firms in Mainland China, the U.S. and Hong Kong.

The sample period starts on Nov 21, 2013 for the U.S., and on May 08, 2014 for China.5

We collect data on firms’ characteristics, stock prices and bonds’ prices and character-

istics until December 2019.

Bonds and issuers

We collect corporate bond data from Thomson Reuters Refinitiv, which includes the

characteristics of the bonds (issuer, amount, maturity, coupon, coupon frequency, issue

price, issue date, callability), as well as a green bond tag. These variables allow us to

calculate the issuance yield for each bond.6 We also obtain the announcement date of

bond issuances from Bloomberg.

Matching bond issuers with listed firms

Within the universe of bonds (including bills and notes) reported in Refinitiv, we focus

on those issued by listed firms. For Mainland China, we use the Thomson Reuters

RSearch function to search for the names of Refinitiv’s green bond issuers and identify

the issuer’s local listed code, while for the U.S., we match bond and stock data using the

Trace-WRDS link. Our initial sample consists of 1,090 listed firms in Mainland China

(and 106 in Hong Kong) who issued 41,861 (and 12,516) different debt securities, as well

as 1,585 listed firms in the U.S. who issued 76,788 securities.

Data on Firms

After identifying the listed issuers of the bonds, we collect information on the firms’

characteristics (balance sheet data including leverage ratio or Return on Assets (ROA),

credit risk, corporate events) from Compustat for U.S. firms, CSMAR for Mainland

China firms, and Datastream for Hong Kong firms. These variables will be used as

controls in our analysis.

5For China, the starting date is the first green bond issuance date, while for U.S., it is the second

green bond issuance date. The first U.S. bond issuance indeed took place on Sep 1, 1985 and is excluded

from our sample.
6For simplicity, we do not price the option value of the callability, but we will control for it in our

analysis.
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Market data

We obtain daily stock returns, daily stock trading volumes, market returns, and interest

rates for different regions from various data sources. For the U.S., we collect daily cum-

dividend individual stock returns and daily stock trading volumes from CRSP, while

the market risk premia and the risk-free rates are downloaded from Kenneth French’s

website. For Mainland China, we obtain daily cum-dividend returns, annual Amihud

measures, and market risk premiums (for total A shares) from CSMAR.7 The CSMAR

manual indicates that these risk premia are computed using the 3-month deposit rate

as the risk-free rate, and we therefore obtain the latter rate from Thomson Reuters

Datastream. For Hong Kong, we collect daily cum-dividend returns of individual stocks,

daily stock trading volumes, the Hang Seng index, and the 3-month government bond

yield as a proxy for the risk-free rate from Thomson Reuters Datastream.

3.4.3 Sample selection

Green Bonds

We select all the bonds labeled as “green” (Green Bond) in Refinitiv for issuers (Issuer

Name) listed in the U.S. or China from the universe of corporate bonds. According to

Refinitiv’s manual, Thomson Reuters uses the Climate Bond Initiative (CBI) database

to identify green bonds.8

Listed firms related to green bonds’ issuers

After identifying the “green bonds,” we manually browse the issuer’s name in the Re-

finitiv database to determine whether the entity issuing the bond is a listed company,

a subsidiary, or an indirect subsidiary of a listed company. Refinitiv provides informa-

tion on the parent company and all its subsidiaries for each name, which enables us to

identify whether the issuer is (i) a single listed firm, (ii) the subsidiary of a listed firm,

or (iii) the indirect subsidiary of a listed firm.9

We identify 25 unique listed firms for 30 entities issuing green bonds in the U.S. and

40 unique listed firms for 57 entities in China.10 As the Mainland China and Hong Kong

stock markets are partially segmented, we separate the Chinese firms into those listed

in Mainland China and those listed in Hong Kong. In the Mainland China sample, we

identify 19 unique listed firms for 32 entities, and in the Hong Kong sample, we identify

7For Mainland China, CSMAR provides us with the annual Amihud measure directly, so we do not

need to download daily stock trading volume.
8https://www.refinitiv.com/content/dam/marketing/en us/documents/brochures/esg-research-

brochure.pdf
9An indirect subsidiary of a listed firm refers to the subsidiary of the subsidiary of a listed firm.

10A listed firm may have several (indirect) subsidiaries issuing green bonds, or both the listed firm

itself and its (indirect) subsidiary issued green bonds.
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21 unique listed firms for 25 entities.11

Green and Brown Firms

We label “green firms” (G) as the listed firms that are related to entities that have

issued a green bond at least once – reported in Panel B of Table 3.A2. By contrast,

we label “brown firms” (B) as all the other listed firms in our sample that do not issue

green bonds.

After identifying green and brown firms, we split the sample of bonds into two sub-

samples: one composed of green and conventional bonds issued by green firms, and one

composed of conventional bonds issued by brown firms.12 We then filter the bond data

and drop: (i) bills with less than one year of maturity, (ii) bonds with zero issuance

amount, (iii) bonds for which we cannot find complete data on the coupon rate, coupon

frequency, time to maturity, and issue price, and (iv) bonds related to ST firms in Main-

land China.13 Details are reported in Table 3.A3 of Appendix.

3.4.4 Collection of verification and certification data

The first step of our analysis involved collecting information on green bond verification

from CBI.14 The CBI data includes the unique identification code (ISIN) and issuer’s

name for each bond, which allowed us to merge the CBI dataset with the Thomson

Reuters Refinitiv data.15 The CBI database indicates whether each bond included in

their dataset has undergone an external review, and in the latter case, provides a link

to the report issued by the second party.

Second, we supplemented this data source by manually collecting certification infor-

mation for each green bond. We searched for information related to bonds issued by

financial institutions in the Mainland Chinese inter-bank market on the website of the

China Central Depository & Clearing Co., Ltd. (CCDC) by searching issuer names.16

For all firms, we also collected information from the listed firm’s websites and checked

11Details are reported in Table 3.A2 of Appendix.
12Within our sample, 127 green bonds are issued by a single name, namely Tesla, whose business

model is environmentally friendly. We excluded this outlier from our analysis.
13ST firms are firms that have profitability issues and risk being delisted. The ST information is

downloaded from CSMAR.
14We would like to acknowledge Miguel and Aneil from the Climate Bond Initiative for providing us

with the CBI green bond and certification data.
15We matched the issuers by ISIN code, and for the bonds without an ISIN, we manually cross-checked

the two files using the issuer names.
16The website of CCDC is https://www.chinabond.com.cn/. For example, documents re-

lated to issuance following a search on the name “ABC Financial Leasing Co Ltd”

(a subsidiary of Agriculture Bank of China) can be found at the following address:

https://www.chinabond.com.cn/cb/eng/sy/qtfxfs/20190529/151681512.shtml.
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for the availability of any other public information on the internet.17 When CBI pro-

vides a second party opinion, we also searched for the external reviewer’s report.18

The complete list of our hand-collected verification data, including the report or

letter reference, issuer, and issuance date, is available upon request. This data al-

lows us to determine the values of our three verification dummies. The first dummy,

D frameworkg, equals one when we find a second-party opinion report confirming that

the issuer’s green bond issuance framework complies with a standard prior to the green

bond issuance.The second dummy, D UoPjg , equals one when we find an Independent

Accountants’ report or letter confirming that the bond’s use of proceeds complies with

the standard prior to issuance. Finally, the third dummy, D CBI certifiedjg , takes a

value of one if the green bond is certified by CBI prior to issuance.

3.4.5 Summary statistics

Evolution of green bond issues

Since 2013, the issuance of green bonds has gained popularity in the U.S., Mainland

China, and Hong Kong. Table 3.1 presents the growth in the number of green bonds

issued by listed firms, their parents, or subsidiaries in our sample, along with the cor-

responding outstanding amount.19 We categorize these statistics: i. by stock market

(U.S., Mainland China, or Hong Kong), and ii. based on whether the bond’s issuer has

initiated a verification or certification process with an independent verifier.

The last column (Total) shows that between 2013 and 2019, the number of green

bonds issued by listed firms increased from 1 to 43 per year, and the outstanding amount

rose from USD 500 million to more than USD 24,318.09 million.

When comparing green bond issuances by region, we note that U.S. firms began

issuing green bonds two years earlier than firms in Mainland China and Hong Kong.

However, in recent years, firms in Mainland China and Hong Kong have issued more

17Some firms have a section on their website dedicated to green bond relevant information. For

example, the Hong Kong and China Gas CO,. Ltd,. (HKCG) has all the green financing information

on its website: https://www.towngas.com/en/Social-Responsibility/Health,-Safety-and-Environmental-

Management/Green-Financing
18Some websites collect these reports. For example, you can find all the certification reports from China

bond rating here: https://www.chinaratings.com.cn/CreditRating/RatingInfo/GreenBond/. Some

external reviewers also directly provide their certification reports on their website. For exam-

ple, the certification report that Sustainalytics provides to Verizon Communications Inc. is avail-

able here: https://www.sustainalytics.com/wp-content/uploads/2019/02/Verizon-Green-Bond-Second-

Party-Opinion.pdf.
19The sample of the Table 3.1 sample reports here is the same as we used in event study part. The

sample in the DID part is slightly different, but almost the same, as they have slightly different filter

procedures.
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Table 3.1: Summary of green bond issuances

Table 3.1 reports the summary of green bond issuances for three areas. Panel A reports the number

of green bonds issued, and panel B reports the size of green bonds issued. “Ind verif” means that the

bond process or the bond uses of proceeds have been verified or certified prior to bond’s issuance.

Panel A: number of green bonds issued

US Mainland China Hong Kong

Total
No Ind verif Ind verif No Ind verif Ind verif No Ind verif Ind verif

2013 1 0 0 0 0 0 1

2014 4 0 0 0 0 0 4

2015 11 0 1 3 0 0 15

2016 6 1 0 10 1 8 26

2017 2 2 0 13 0 14 31

2018 10 1 2 16 3 11 43

2019 14 4 1 17 0 7 43

Total 48 8 4 59 4 40 163

Panel B: Amount of green bonds issued (in millions USD)

US Mainland China Hong Kong

Total
No Ind verif Ind verif No Ind verif Ind verif No Ind verif Ind verif

2013 500.00 0.00 0.00 0.00 0.00 0.00 500.00

2014 1,700.00 0.00 0.00 0.00 0.00 0.00 1,700.00

2015 5,750.00 0.00 300.00 985.25 0.00 0.00 7,035.25

2016 2,801.39 1,500.00 0.00 8,014.32 142.92 2,643.35 15,101.98

2017 850.00 1,600.00 0.00 8,687.91 0.00 1,762.47 12,900.38

2018 6,353.47 400.00 200.09 14,090.60 914.39 2,894.99 24,853.54

2019 8,050.00 3,562.65 71.46 10,987.40 0.00 1,646.58 24,318.09

Total 26,004.86 7,062.65 571.56 42,765.47 1,057.31 8,947.39 86,409.25
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green bonds, both in terms of the number of bonds and the outstanding amount.

The breakdown of green bond issuances by whether the bond’s framework and uses

of proceeds have been verified or certified by an independent party suggests that issuers’

willingness to engage in the certification process varies across regions and over time. U.S.

firms have issued most of their green bonds without verification (85.71%). In contrast,

most firms from Mainland China and Hong Kong have issued their green bonds after

an independent verification (93.65% and 90.91% respectively). This is consistent with

the fact that any green bond issuance in the Mainland Chinese bond market needs

government approval, which may be easier to obtain if the firm’s green bond framework

or the bond’s uses of proceeds have been verified by an independent party. Furthermore,

the size of the verified bonds is on average larger than that of the unverified ones across

the three areas, suggesting that larger green bonds may need second-party assurance to

attract investors.

Verified and certified bonds

To gain a better understanding of the role and significance of the verification process, we

have provided a breakdown in Table 3.2 of the number of green bonds issued by region

based on the characteristics of the verification process. Specifically, we analyze whether

the issuer’s green bond framework has been verified, whether the green bond’s uses of

proceeds’ compliance have been verified in addition to the framework, and whether the

bond has been certified by CBI. Additionally, when there is an independent verifier,

we indicate whether the verifier is approved by CBI or not. The last category, labeled

“unverified,” includes all cases for which we could not find any verification report.

Table 3.2 indicates that firms often request both verification of their green bond

framework and uses of proceeds when engaged in a verification process, and typically

choose a verifier certified by CBI. Additionally, out of the 163 bonds in our sample, 21

are certified by CBI.
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Table 3.2: Green bond issuance details by verification types

Table 3.2 reports the statistics of green bond details by verification types. An Independent verification

consists in either the verification of the green firm’s green bond framework, or both the verification of

the green firm’s green bond framework and the green bond’s uses of proceeds, or a CBI certification.

We detail observations depending on whether the verifier is certified by CBI or not. Issuances for which

we could not find any verification report are labelled as ”unverified”. Panel A reports the verification

status for the first green bond issuance, while Panel B reports the verification status for later green bond

issuances.

Panel A: First Issuance

U.S. Mainland China Hong Kong

Independent verification

Framework verified by:

CBI verifiers 2 2 9

non-CBI verifiers 0 1 2

Framework & Compliance verified by:

CBI verifiers 1 19 7

non-CBI verifiers 0 0 0

CBI Certification 1 5 0

Unverified 27 3 4

Panel B: Later Issuance

U.S. Mainland China Hong Kong

Independent verification

Framework verified by:

CBI verifiers 4 0 10

non-CBI verifiers 0 8 3

Framework & Compliance verified by:

CBI verifiers 0 7 9

non-CBI verifiers 0 2 0

CBI Certification 0 15 0

Unverified 21 1 0
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3.5 Two-step matching for bonds issued by green firms

3.5.1 First step: firm matching process

Following the identification of green and brown firms in Table 3.A3 of section 3.4.3, we

first match each green firm with the four closest brown firms, as explained in section

3.4.1.

Propensity score matching

We perform a propensity score matching between green firms and brown firms using

firm size, market to book ratio, previous year liquidity, and industry sector as matching

variables. For each green firm, we compute its propensity score, compare it with the

propensity score of all brown firms, and keep the four brown firms with the closest score

(with replacement). The first-step’s propensity score matching results are reported in

Table 3.3. For the U.S. (resp. Mainland China and Hong Kong), 39 (resp. 34 and 31)

observations in the treated group have matched observations. The matched group has

148 (resp. 136 and 63) firm-year observations.20 The p-value of a Student test of the

propensity score difference between the control group and the treated group is 0.7921

(resp. 1.0000 and 0.3462), indicating that the treated and control groups are not signif-

icantly different from each other.

Table 3.3: First step propensity score matching of green and brown firms

Table 3.3 reports the propensity score comparison of the treated group of green firms and in the control

group of brown firms after the first-step firm matching process for three areas. The p-value of the

Student test is reported in the last column.

Location

Treated group Control group

Mean Difference P-value
N Mean STD N Mean STD

U.S. 39 0.8014 0.3905 148 0.7825 0.3987 0.0189 0.7921

Mainland China 34 1.0000 0.0000 136 1.0000 0.0000 0.0000 1.0000

Hong Kong 31 0.1564 0.0545 63 0.1457 0.0497 0.0107 0.3462

Parallel trends

Figure 3.1 displays the parallel trends of the one-to-many matching of firms after the

first step of the matching process.

20For the U.S. (resp. Mainland China and Hong Kong), we expect to have 156 (resp. 136 and 124)

matched observations, while not all the firms in the control group can find four matched firms in the

same industry.
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Figure 3.1: Parallel trend of control firms and treated firms after the first step firm

matching

Figure 3.1 reports the parallel trend of control firms and treated firms after the first step firm matching.

The trends are shown along the dimensions of firm size (ln(Marketcap)), Market to book ratio, Lag one

period liquidity (Amihud), and Leverage.
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3.5.2 Second step: bond matching process

For each green firm successfully matched with a brown firm, we identify the first two

conventional bonds issued after their green bond issuance and three conventional bonds

issued prior to the first green bond issuance. Table 3.4 describes the sample of bonds

issued by matched firms before the bond matching process. For the U.S. (resp. Mainland

China and Hong Kong), our sample consists of 56 (resp. 65 and 42) green bonds, 46

(resp. 48 and 22) conventional bonds issued before the firms became green, and 57 (resp.

43 and 16) conventional bonds issued after the firms became green. The bonds issued

after the green bond issuance are matched first. The bonds issued by green firms after

the green bond issuance will be matched with 16,126 (resp. 333 and 188) conventional

bonds issued by matched brown firms.

Table 3.4: Bond sample before the second step bond matching process

Table 3.4 reports the number of observations in the bond sample used for the second stage bond matching

process for three areas. The green bonds and conventional bonds issued by green firms are reported

separately.

Location

U.S. Mainland China Hong Kong

Green
Conventional

Green
Conventional

Green
Conventional

Before After Before After Before After

Bonds issued by green firms 56 46 57 65 48 43 42 22 16

Bonds issued by brown firms - 11,380 16,122 - 223 333 - 159 188

The second step of our double-matching process consists of a one-to-one propensity

score matching of bonds issued by green firms with bonds issued by brown firms in

the same year or in the following year, based on bond size, time to maturity, callable

type, and bond seniority.21 Table 3.5 Panel A reports the second-step’s propensity score

matching results for matching after green bond issuance. For the U.S. (resp. Mainland

China and Hong Kong), 46 (resp. 57 and 32) green bonds and 49 (resp. 27 and 11)

conventional bonds issued by green firms are matched with 95 (resp. 84 and 43) con-

ventional bonds issued by brown firms. The p-value of a Student test on the propensity

score difference between the control group and the treated group is 1.0000 (resp. 0.5402

and 0.7190), which means they are insignificantly different from each other.

We then restrict the bonds issued by brown firms before the green bond issuance,

with the constraint that these bonds are issued by brown firms matched after the green

bond issuance, as shown in Table 3.4. For the U.S. (resp. Mainland China and Hong

Kong), there are 11,380 (resp. 223 and 188) conventional bonds issued by the limited

matched brown firms. Table 3.5 Panel B reports the propensity score matching result

21For perpetuity-type bonds, we assign 100 years as their time to maturity.
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for matching before the green bond issuance. For the U.S. (resp. Mainland China and

Hong Kong), 30 (resp. 31 and 15) conventional bonds issued by green firms are matched

with conventional bonds issued by brown firms. The p-value of a Student test on the

propensity score difference between the control group and the treated group is 0.8768

(resp. 0.7989 and 0.5717), indicating that they are insignificantly different from each

other.

Table 3.5: Second step propensity score matching of bonds issued by green and brown

firms

Table 3.5 reports the propensity score comparison of the treated group of bonds issued by green firms

and the control group of conventional bonds issued by brown firms after the second-step bond matching

for three areas. The p-value of the Student test is reported in the last column.

Location

Treated group Control group

Mean Difference P-value
N Mean STD N Mean STD

Panel A. Propensity score of bonds matched after the green firm’s first green bond issuance

U.S. 95 0.9789 0.1443 95 0.9789 0.1443 0.0000 1.0000

Mainland China 84 0.0673 0.0265 84 0.0648 0.0249 0.0024 0.5402

Hong Kong 43 0.1221 0.0110 43 0.1229 0.00907 -0.0008 0.7190

Panel B. Propensity score of bonds matched before the green firm’s first green bond issuance

U.S. 30 0.0646 0.0279 30 0.0657 0.0274 -0.0011 0.8768

Mainland China 31 0.0417 0.0072 31 0.0413 0.0061 0.0004 0.7989

Hong Kong 15 0.1309 0.0828 15 0.1479 0.0796 -0.0170 0.5717

3.5.3 Matched sample exploration

Firm similarity

The second-step matching of bonds reduces the sample of brown firms with which treated

green firms are matched. We reproduce the analysis of the propensity scores in Table 3.3

and the parallel trends of Figure 3.1 using the matched brown firms of the final sample

in Table 3.6 and Figure 3.2, respectively.

The differences in propensity scores after the one-to-one final matching of firms are

not significantly different. Additionally, the trends of market capitalization, market to

book ratio, liquidity, and leverage are parallel before the issuance of bonds.
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Table 3.6: Final propensity score of green firms and brown firms issuing matched con-

ventional bonds

Table 3.6 reports the firm propensity score comparison of the treated group of green firms and the control

group of brown firms issuing conventional bonds that have been matched with green firms’ bonds in the

bond matching process for three areas. The p-value of the Student test is reported in the last column.

Location

Treated group Control group

Mean Difference P-value
N Mean STD N Mean STD

Panel A. Propensity score of firms matched after the green firm’s first green bond issuance

U.S. 95 0.7680 0.4134 95 0.7619 0.4201 0.00605 0.9204

Mainland China 84 1.0000 0.0000 84 1.0000 0.0000 0.0000 1.0000

Hong Kong 43 0.1554 0.0500 43 0.1465 0.0476 0.00898 0.396

Panel B. Propensity score of firms matched before the green firm’s first green bond issuance

U.S. 30 0.8907 0.2980 30 0.8812 0.3012 0.0095 0.9023

Mainland China 31 1.0000 0.0000 31 1.0000 0.0000 0.0000 1.0000

Hong Kong 15 0.1553 0.0396 15 0.1412 0.0310 0.0141 0.2881

Figure 3.2: Parallel trend of control firms and treated firms after the second step bond

matching

Figure 3.2 reports the parallel trend of control firms and treated firms after the second step bond

matching. The trends are shown along the dimensions of firm size (ln(Marketcap)), Market to book

ratio, Lag one period Liquidity (Amihud), and Leverage.
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Bond similarity

We calculate the yield to maturity at the issuance date for each bond by using the

coupon rate, coupon frequency, time to maturity, and issue price. (For simplicity, we do

not price the option value of callable bonds, but as callable type is our matching criteria,

this will not affect our analysis. We also include a control in our regressions.) Table

3.7 compares the yields at the issuance date of green and conventional bonds issued by

green firms with the yields of their matched conventional bonds issued by brown firms.

Table 3.7: Descriptive statistics on the yields of matched bonds at the issuance

Table 3.7 reports the bond issue yields on green bonds and conventional bonds issued by green firms

and matched conventional bonds issued by brown firms for three areas and the overall samples. The

p-value of the Student test is reported in the last column.

Location

Treated group Control group

Mean Difference P-value
N Mean Standard N Mean Standard

U.S.

Green bonds 46 0.0358 0.0162 46 0.0407 0.0190 -0.0049 0.1850

Conventional bonds
Before 30 0.0301 0.0140 30 0.0316 0.0153 -0.0015 0.6895

After 49 0.0338 0.0138 49 0.0333 0.0172 0.0006 0.8554

Mainland China

Green bonds 57 0.0309 0.0162 57 0.0446 0.0113 -0.0136 < .0001

Conventional bonds
Before 31 0.0457 0.0107 31 0.0478 0.0139 -0.0021 0.5093

After 27 0.0461 0.0115 27 0.0501 0.0120 -0.0040 0.2168

HK

Green bonds 32 0.0462 0.0167 32 0.0495 0.0131 -0.0033 0.3849

Conventional bonds
Before 15 0.0436 0.0169 15 0.0510 0.0173 -0.0074 0.2465

After 11 0.0537 0.0137 11 0.0493 0.0164 0.0043 0.5084

Total

Green bonds 135 0.0362 0.0173 135 0.0444 0.0150 -0.0082 < .0001

Conventional bonds
Before 76 0.0391 0.0151 76 0.0420 0.0173 -0.0029 0.2700

After 87 0.0402 0.0150 87 0.0405 0.0176 -0.0004 0.8829

In this univariate analysis, we do not find any significant premium on conventional

bonds issued by green firms listed in the U.S., Mainland China, and Hong Kong relative

to conventional bonds issued by brown firms. We also do not find any significant pre-

mium on green bonds issued by green firms listed in the U.S. and Hong Kong relative

to conventional bonds issued by brown firms. However, green bonds issued by Mainland

Chinese listed green firms are found to be issued at a discount (i.e., have a lower yield to

maturity) relative to matched conventional bonds issued by matched brown firms. The

premium is as large as 136 bp. This indicates that the Mainland China market is unique,

which may be due to i) the general practice of verifying green bonds before the green

bond issuance, or ii) Mainland China firms issuing green bonds in the Eurobond market.
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3.6 Stock investors and green bond issuance

As previously described, there are two types of verification protocols for green bonds.

Firstly, external verifiers provide a second-party opinion on the firm’s green bond is-

suance process. Secondly, independent accountants or verifiers may analyze the uses of

proceeds of a given bond issue and verify that they comply with the standard. Addition-

ally, issuers may request certification. In the following analysis, we investigate whether

the type of verification or certification affects the stock market reaction around the bond

announcement.

3.6.1 Event cleaning

For our event study on the stock price reaction around the green bond issue date, we

focus on the issuance of green bonds, which includes 57 observations in the U.S., 82 in

Mainland China, and 53 in Hong Kong (see Table 3.A3). We then apply a standard

process to prepare our event study by dropping 11 bonds where the stock listing date

is after the bond issuance date and 18 bonds where other events potentially impact the

listed firms’ stock price around the bond issuance date.22

3.6.2 Univariate analysis

Prior studies by Flammer (2021) and Tang and Zhang (2020) find a positive stock price

reaction to the announcement of green bonds. As a preliminary step to our analysis,

we conducted an event study as described in section 3.4.1 to check whether we find

consistent results in our sample. We analyzed the cumulative abnormal stock returns

around the firm’s green bond announcement.

Figure 3.3 shows the evolution of the CAR over the [−10, 10] period, depending on

whether the bond is verified by an independent reviewer or not. We observe that at day

3 after the announcement, the CAR for the first unverified green bond is 2.66%, while

for subsequent unverified green bonds it is -0.67%. In contrast, the CAR for the first

verified green bond is -0.39%, while for subsequent verified green bonds it is only slightly

positive at 0.01%. These results suggest that the stock market reaction is associated

with the status of the independent reviewer and the timing of the issuance.23

3.6.3 Multivariate analysis

In this section, we build on prior literature and investigate the determinants of stock

market reaction in a panel regression. Our independent variable is the CAR around

22We checked for corporate events in Refinitiv for U.S. firms, in Shanghai and Shenzhen Stock (resp.

Hong Kong) exchange databases for Mainland China (resp. Hong Kong) firms. We excluded financial

report events, earnings announcement events, preferred stock issuance events, other bond issuance events,

and top management team events. Details are reported in Table 3.A4 of Appendix.
23The evolution of the CAR by area can be found in Figure 3.A1 of Appendix.
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Figure 3.3: CAR around the green bond announcement date depending on the verifica-

tion status

Figure 3.3 reports the CAR around the green bond announcement date depending on the verification

process by first issuance and later issuance. The estimation is based on (one factor) CAPM model. The

estimation window is [-252,30] and the reported event window is [-10,10].

the announcement of a bond issued by a green company in the time window of [-10,3],

which captures the stock market reaction. Apart from estimating green bonds, we also

estimate the conventional bonds issued before the first green bond issuance and the

first conventional bonds issued after the first green bond issuance.24 Table 3.8 reports

the CAR around the bond announcement day. The first green bonds have a significant

0.86% CAR, while the later green group’s CAR is insignificant at -0.17%. The conven-

tional bonds issued before the first green bond issuance experience an average CAR of

-0.31%, which is also insignificant. Surprisingly, the first conventional bonds issued after

the first green bond issuance have a significant 2.9% CAR.25

We run the following regression model on the sample of bonds jf for which the issuer

is related to firm f :

CAR[−10, 3]jf ,t =β0 + β1Postjf + β2D Green bondjf + β3D First Greenjf +X + ϵjf ,t

(3.2)

We include several control variables at both the bond and firm levels in our panel re-

24It’s possible that there are several conventional bonds issued after the first green bond issuance on

the same issuance date.
25Even if we only count once for the days that have several bonds issued, the CAR is significant and

has the same level of significance.
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Table 3.8: Cumulative abnormal return [-10, 3] around bond announcement day

Table 3.8 reports the stock cumulative abnormal return around the bond announcement day with the

time window [-10,3]. Green bonds are separated into two groups, first green bond issuance group and

later green bond issuance group. Conventional bonds are separated into two groups, before first green

bond issuance group, and first conventional bond issuance after first green bond issuance group.

N Mean STD P-value

Green bonds
First 83 0.0086 0.0414 0.0618

Later 80 -0.0017 0.0393 0.6923

Conventional bonds
Before 63 -0.0031 0.0403 0.5486

After 93 0.0290 0.0400 0.0000

gression analysis. The binary variable D Eurobondjf accounts for the fact that some

Chinese firms issue green bonds in the Eurobond market, which may lead to lower cost of

debt but also require CBI certification. ln(Bond Sizejf ) controls for differences in bond

size. The variable Issuance date − Green date tests whether the CAR for green firms

decays over time. Firm-level controls include ln(Firm sizef ), Market to book ratiof ,

Amihudf , Leveragef , and Profitabilityf . We also include area fixed effects to account

for potential heterogeneity in investor preferences across regions, industry fixed effects,

and year fixed effects.26

Our explanatory variables of interest are as follows. To test whether the market re-

acts differently for conventional bonds issued before a firm becomes green, we include the

dummy variable Postjf , which equals 0 if the bond is issued before the first green bond

issuance, otherwise 1. The variable D Green bondjf is used to test whether the market

reacts differently for conventional bonds and green bonds issued after the firms become

green. The literature suggests that the first issuance of green bonds yields a stronger

stock market price reaction. Therefore, we include a dummy variable D First Green

that equals one for the first time a listed firm or its related subsidiary issues a green bond.

In a second specification, we want to test the impact of verification. When the

bond has been verified or certified prior to the green bond issuance, we include the

dummy D Green bond × Frameworkjf that equals one if the issuer or intermediaries

26We use the SIC code as the industry code for U.S. firms and the industry code based on the 2012

guidance from the China Securities Regulatory Commission for Mainland China firms. We assign the

industry code to Hong Kong listed firms based on the 2012 guidance as well. We classify SIC code 32,

36, and 37 as manufacturing firms, SIC code 48 and 49 as utility firms, and SIC code 60, 61, 62, 63,

and 67 as financial firms for all U.S. firms. For all Mainland China firms, we classify industry code C

as manufacturing firms, industry code D and N as utility firms, industry code J as financial firms, and

industry code K, L, and E as real estate firms. For all Hong Kong firms, we classify industry code C as

manufacturing firms, industry code D, N, and G as utility firms, industry code J as financial firms, and

industry code K, L, and E as real estate firms, thus unifying the industry codes for all areas.
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have released any verification report or certification prior to the issue date, and zero

otherwise (that is, whether no report is available or whether the report became available

after the issuance). We also include the interaction of dummy D First Green with our

main variableD Green bond × Frameworkjf . Further, we break down the impact of

verification into three more detailed dummy variables that capture the nature of the

verification, namely, the dummy D framework that captures whether the firm’s green

bond framework has be verified prior to issuance, the dummy D UoP that captures

whether the bond’s uses of proceeds have additionally been verified, and the dummy

D CBI certified that captures whether the bond is certified by CBI.

CAR[−10, 3]jf ,t =β0 + β1Postjf + β2D Green bondjf + β3D Green bond× Frameworkjf

+ β4D First Greenjf + β5D First Green× Frameworkjf +X + ϵjf ,t
(3.3)

Table 3.9 reports the regression analysis for stock reactions CAR to green firm bond

announcement. First, the dummy Post is significantly positive through three specifi-

cations, with a coefficient larger than 3%. It suggests that relative to the conventional

bonds issued before the firms become green, conventional bonds issued after experience

a positive CAR as suggested in the univariate analysis part. Second, relative to con-

ventional bonds issued after the first green bond issuance, the dummy D Green bond

suggests that the green bonds have smaller CAR. If we add up the impact of Post and

D Green bond, we can find that later issued green bond’s announcement CAR is insignif-

icantly positive. If we add up the impact of Post, D Green bond and D First Green,

the first issued green bonds’ announcement CAR is significantly positive. It is consis-

tent with the literature that the first green bond issuance has positively stock market

reaction, while the second one doesn’t. Surprisingly, we find that the market has even

higher reaction to the first conventional bonds issued after the first green bond issuance.

Table 3.10 reports the regression analysis for stock reactions CAR to green firm bond

announcement with verification details. First, the sum impact of Post, D Green bond

and D First green are positive with the coefficient 0.0313 in specification (3). It sug-

gests that relative to conventional bonds issued before the firms become green, first

unverified green bonds has positive CAR around the announcement day. The market

reaction to fist unverified green bonds has similar magnitude to the first conventional

bonds issued after the first green bond issuance.

Second, the interaction coefficient between the two dummies, D First Green and

Framework, is significantly negative. However, the sum of coefficients, Post, D Green,

D First Green, and D First Green × Framework, is not significantly different from

zero. This suggests that there is no reaction to the first green bond issued by a firm

with green bond framework verified. It supports our hypothesis H1a that stock investors

have a preference on firms that make a transition to green, while do not consider the

impact of funding green projects with bonds on future cash flow.
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Table 3.9: Regression analysis for the stock reactions to green firm bond announcement

Table 3.9 reports the regression analysis for the stock reactions around the green firms’ bond announce-

ment. The regression is specified in equation (3.2). CAR is the cumulative abnormal return during the

time window [-10,3] around the bond announcement day. Post equals one if the bond issued after the

firm’s first green bond issuance. D Green bond equals one if the bond is a green bond. D First Green

equals one if it is the green firm’s first issued green bond. D Eurobond equals one if the bond is issued

in Eurobond market. Issuancedate −Greendate is the difference between the bond issuance date and

the firm’s first green issuance date. Controls include Bond size defined as the amount that the bond

issued in USD, Firm size defined as market capitlaization, Market to book ratio, Amihud, Leverage, and

Profitability. Area, industry and Year fixed effects are included. Industry and year fixed effects. The

significance levels are at 1%, 5% and 10% respectively.

Conventional only Conventional and first green Whole sample

(1) (2) (3)

CAR CAR CAR

Post 0.0356*** 0.0356*** 0.0317***

(0.0085) (0.0089) (0.0079)

D Green bond -0.0180** -0.0269***

(0.0076) (0.0073)

D First Green 0.0087

(0.0071)

D Eurobond 0.0098 0.0135*

(0.0095) (0.0070)

Ln(Bond Size) 0.0010 0.0016 0.0012

(0.0015) (0.0014) (0.0013)

Issuance date - Green date -0.0077* -0.0080* -0.0051*

(0.0044) (0.0042) (0.0030)

Ln(Firm Size) 0.0104*** 0.0058*** 0.0056***

(0.0028) (0.0021) (0.0018)

Market to book ratio 0.0126*** 0.0081** 0.0043

(0.0045) (0.0039) (0.0032)

Amihud 0.0001 0.0001 -0.0000

(0.0003) (0.0002) (0.0002)

Leverage 0.0150 0.0297 0.0285*

(0.0327) (0.0202) (0.0161)

Profitability -0.3940** -0.3236** -0.1879

(0.1765) (0.1535) (0.1234)

Area fixed effect Yes

Industry fixed effect Yes

Year fixed effect Yes

N 156 239 319

adj. R-sq 0.408 0.263 0.204
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Table 3.10: Regression analysis for stock reactions to green firm bond announcement

with verification process
Table 3.10 reports the regression analysis for the stock reactions around the green firm’s bond announce-

ment date with verification process. The regression is specified in equation (3.3). CAR is the cumulative

abnormal return during the time window [-10,3] around the bond issuance day. D framework equals

one if the firm’s green bond framework has be verified prior to issuance, D UoP equals one if the uses of

proceeds have been verified, D CBI certified equals one if the bond is certified by CBI. D First Green

equals one if it is the green firm’s first issued green bond. D Eurobond equals one if the bond is issued

in Eurobond market. Issuancedate −Greendate is the difference between the bond issuance date and

the firm’s first green issuance date. Controls include Bond size defined as the amount that the bond

issued in USD, Firm size defined as market capitlaization, Market to book ratio, Amihud, Leverage, and

Profitability. Area, industry and Year fixed effects are included. The significance levels are at 1%, 5%

and 10% respectively.

Conventional and first green Whole sample

(1) (2) (3) (4)

CAR CAR CAR CAR

Post 0.0362*** 0.0366*** 0.0324*** 0.0315***

(0.0088) (0.0088) (0.0077) (0.0079)

D Green bond -0.0030 -0.0024 -0.0358*** -0.0365***

(0.0089) (0.0090) (0.0101) (0.0102)

D Green bond× Framework -0.0303*** -0.0262* 0.0096 0.0072

(0.0099) (0.0134) (0.0111) (0.0132)

D Green bond× UoP -0.0081 0.0098

(0.0136) (0.0138)

D Green bond× CBI certified 0.0140 -0.0158

(0.0171) (0.0155)

D First green 0.0347*** 0.0359***

(0.0111) (0.0112)

D First green× Framework -0.0405*** -0.0347**

(0.0130) (0.0163)

D First green× UoP -0.0179

(0.0174)

D First green× CBI certified 0.0266

(0.0218)

D Eurobond 0.0152 0.0125 0.0144** 0.0165**

(0.0095) (0.0100) (0.0070) (0.0079)

Ln(Bond Size) 0.0010 0.0009 0.0010 0.0009

(0.0014) (0.0014) (0.0013) (0.0013)

Issuance date - Green date -0.0085** -0.0085** -0.0055* -0.0050

(0.0041) (0.0042) (0.0030) (0.0030)

Ln(Firm Size) 0.0066*** 0.0066*** 0.0061*** 0.0062***

(0.0020) (0.0021) (0.0017) (0.0018)

Market to book ratio 0.0078** 0.0077** 0.0038 0.0036

(0.0038) (0.0039) (0.0032) (0.0032)

Amihud 0.0000 0.0000 -0.0001 -0.0001

(0.0002) (0.0002) (0.0002) (0.0002)

Leverage 0.0266 0.0279 0.0303* 0.0308*

(0.0198) (0.0201) (0.0158) (0.0163)

Profitability -0.2874* -0.2830* -0.1631 -0.1549

(0.1511) (0.1537) (0.1214) (0.1247)

Area fixed effect Yes

Industry fixed effect Yes

Year fixed effect Yes

N 239 239 319 319

adj. R-sq 0.290 0.286 0.231 0.226
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The results of specification (4) confirms this conjecture, as investors mainly react to

the verification of the firm’s green bond framework instead of the use of proceeds or CBI

certification. Because only green bond framework is verified before knowing the details

of the green bond.

Overall, our findings suggest that there is a demand effect in investors that value

firms with green bond framework verified, leading to higher stock prices for green firms.

However, it remains unclear why investors also treat the first conventional bond issuance

after a firm becomes green as a positive signal.
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3.7 Bond investors and green bond issuance

This section investigates the impact of the “greeness” of the bond or of the firm on bond

prices. Our variable of interest is the bond yield difference analysis between any bond

jg issued by the green firm g and the matched bond jb∗ issued by the matched brown

firm b∗, as defined in equation (3.4).

Our baseline regression is as follows:

Y TMjf ,t =α0 + α1Postjf + α2D Green firmj + α3Post×D Green firmj+

α4Green Bondjf (×Post) +X + ϵj,t,
(3.4)

where Y TM is the bond yield, Post is a dummy that takes value one if firm g issues a

bond after having issued a first green bond (the green bond issue included), Greenfirm

is a dummy takes value one if the firm is a green firm, and GreenBond is a dummy that

takes value one if the bond issued by the green firm is green. Our explanatory variables

of interest in regression (3.4) are the following:

• α1 captures whether matched conventional bonds issued by brown firms after the

first green bond issuance trade at a different yield than matched conventional

bonds issued by brown firms before green firms issue its first green bond;

• α2 captures whether conventional bonds issued by green firms trade at a different

yield than the conventional bonds issued by brown firms;

• α3 captures whether conventional bonds issued by green firms after green firms

issue its first green bond trade at a different yield than the conventional bonds

issued after green firms issue its first green bond;

• α4 captures whether green bonds issued by green firms trade at a different yield

than the conventional bonds issued by green firms after green firms issue green

bonds;

If α3 is significantly negative, it supports our hypothesis H2a that there exists a de-

mand effect at the firm level. If α4 is significantly negative, it supports our hypothesis

H2b there exists an information effect at the bond level.

Table 3.11 reports difference in difference analysis result for understanding the

change of green firms’ bond yield. Our results are reported in three groups, conventional

bonds and matched conventional bonds group, green bonds and matched conventional

bonds group, and all the green firms’ bonds and matched conventional bonds group.

Each group has three specifications. From the specifications that only include fixed

effect, we we sequentially differences in bond size, time to maturity and whether the

bonds are callable as bond controls (specification 2), and differences in firm size, (lag)

Amihud liquidity ratio, market-to-book ratio, leverage and profitability as firm controls

(specification 3).
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Table 3.11: Differences-in-differences analysis for bond yields

Table 3.11 reports the results of the diff-in-diffs analysis on bond yields in the baseline model. The

regression is specified in equation (3.4). The independent variable Y TM is the yield to maturity at the

issuance date of the bond. The dependent variables of interest consist in Post, a dummy that takes

value one if the firm has issued a green bond in the past or is issuing a green bond, D Green firm

is a dummy that takes one if the firm has or will issue a green bond, and D Green Bond, a dummy

that equals one if the bond issued is a green bond. We introduce control variables sequentially in three

different specifications for each subsample. Controls for bonds include: Callable bond, a dummy that

equals one if the bond is callable, the difference in bond size, defined as the amount issued in USD (in

log), the difference in time to maturity of the matched bonds, and a dummay that equals one if the

bond is issued in Eurobond market. Controls for differences across matched firms include: the market

capitalization in USD (in log), the lagged one period standard annual Amihud illiquidity measure, the

market to book ratio defined as the market value of the equity divided by the book value of the equity,

the leverage, and the profitability. All specifications include Area, Industry and year fixed effects. The

significance levels are at 1%, 5% and 10% respectively.

Conventional bonds only Green bonds only All bonds

(1) (2) (3) (4) (5) (6) (7) (8) (9)

YTM YTM YTM YTM YTM YTM YTM YTM YTM

Post 0.0000 -0.0006 0.0004 0.0002 0.0003 0.0002

(0.0021) (0.0019) (0.0018) (0.0019) (0.0017) (0.0016)

Green firm -0.0023 -0.0025 -0.0023 -0.0027 -0.0032 -0.0030

(0.0021) (0.0018) (0.0018) (0.0023) (0.0020) (0.0019)

Post*Green firm 0.0031 0.0025 0.0034 0.0021 0.0011 0.0024

(0.0028) (0.0025) (0.0024) (0.0029) (0.0025) (0.0024)

Green bond -0.0081*** -0.0023 -0.0024 -0.0063*** 0.0012 -0.0005

(0.0018) (0.0018) (0.0018) (0.0019) (0.0019) (0.0019)

ln(Bond Size) -0.0018*** -0.0014*** -0.0040*** -0.0033*** -0.0028*** -0.0020***

(0.0004) (0.0004) (0.0007) (0.0007) (0.0004) (0.0004)

Callabe bond 0.0136*** 0.0118*** 0.0307*** 0.0262*** 0.0185*** 0.0156***

(0.0020) (0.0019) (0.0040) (0.0041) (0.0017) (0.0017)

Time to maturity 0.0001** 0.0001** -0.0003*** -0.0002*** -0.0000 -0.0000

(0.0001) (0.0001) (0.0001) (0.0001) (0.0000) (0.0000)

D Eurobond -0.0136*** -0.0122*** -0.0135*** -0.0103***

(0.0023) (0.0024) (0.0022) (0.0021)

ln(Firm Size) -0.0022*** -0.0019*** -0.0027***

(0.0007) (0.0006) (0.0004)

Lag(Amihud) 0.0002 0.0006** 0.0003*

(0.0003) (0.0003) (0.0002)

Market to book ratio 0.0011** 0.0003 0.0007*

(0.0005) (0.0006) (0.0004)

Leverage -0.0094 0.0111* 0.0055

(0.0061) (0.0063) (0.0043)

Profitability -0.0531* -0.0472 -0.0330

(0.0319) (0.0419) (0.0251)

Area fixed effect Yes

Industry fixed effect Yes

Year fixed effect Yes

N 324 324 320 270 270 270 594 594 590

adj. R-sq 0.417 0.530 0.578 0.232 0.454 0.518 0.296 0.461 0.517
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For conventional bonds and matched conventional bonds group, not surprisingly,

across three specifications, the coefficients are insignificant. It suggests that our match-

ing process works well. We have the same findings as in the descriptive statistics of

Table 3.7. Being a green firm doesn’t affect a firm’s cost of conventional debt.

For green bonds and matched conventional bonds group, with only fixed effects,

the coefficient of D Green bond is negatively significant as suggested by the descrip-

tive statistics. But when we include bond level controls, it becomes insignificant. The

variable that absorb the impact of D Green bond is D Eurobond. It’s true that the

green bonds issued in Eurobond market has lower YTM than the matched conventional

bonds in local market, as we didn’t match conventional bonds issued Eurobond market

by matched local market listed companies. It suggests that the green bond YTM is

insignificantly different from the matched conventional bond YTM.

For both the green firms’ bonds and the matched conventional bonds group, the

coefficients α3 for Post × Green Firm and α4 for Greenbond are both insignificant.

Therefore, the results do not support hypotheses H2a and H2b. This indicates that

there is no demand effect at the firm level and no information effect at the bond level

for bond investors.

Overall, our results suggest that green firms don’t benefit from lower cost of debt on

neither both conventional bonds nor green bonds. We depart from prior literature by

analyzing both conventional bonds and green bonds, while existing papers have com-

puted the greenium by matching green and conventional bond issued by the same firm

independently of whether it is issued prior or after the green bond. Bond investors treat

green firms’ conventional bonds and green bonds indifferent from the situations that

they hasn’t issued any green bonds.

Next, we expand the baseline model (3.4) to analyze how the firm and bond’s ver-

ification processes impact the bond yield. To this end, we break down green firms

depending on whether their green bond framework has been verified or not, and green

bonds depending on whether the bond’s uses of proceeds are unverified, verified or cer-

tified. Table 3.12 reports the estimates of the following regression (3.5), introducing

explanatory variables sequentially:

Y TMjf ,t =α0 + α1Postjf + α2D Green firmj + α3Post×D Green firmj

+ α4D Green Bondjf (×Post) + α5D Green bond ∗ Frameworkjf

+ α6D Green bond ∗ UoPjf + α7D Green bond ∗ CBI certifiedjf+

X + ϵj,t,

(3.5)

where D frameworkg is a dummy that takes value one if the green firm g’s green

bond framework has been verified, D UoP is a dummy that takes value one if firm g’s



3.7. BOND INVESTORS AND GREEN BOND ISSUANCE 95

green bond framework and the green bond jg’s uses of proceeds have been verified, and

D CBI certified is a dummy that takes value one if firm g’s green bond framework and

the green bond jg’s uses of proceeds have been verified and if bond jg has been certified

as green by CBI.

The main coefficients we are interested in are α5, α6, and α7. If α5 is negatively

significant, it suggests a demand effect at firm level that bond investors prefer green

bonds issued by firms with green bond framework verification. It corresponds to our

hypothesis H2c. If α6 or α7 is negatively significant, it suggests a demand effect at

bond level that bond investors prefer green bonds with use of proceeds verified or CBI

certification. It corresponds to our hypotheses H2d and H2e.

Table 3.12 reports the difference in difference analysis results with verification pro-

cess. The first two specifications are with green bonds and matched conventional bonds

only. The third two specification are with all the bonds issued by green firms and

matched conventional bonds.

Our key result is as follows. Green firms’ conventional and green bonds generally

trade at the same yield as brown firms’ conventional bonds, with the notable difference

of certified green bonds: coefficients α1 to α6 are not significantly different from zero,

while the coefficient α7 is significantly negative. While green bonds do not benefit from

a lower yield relative to issued conventional bonds issued by a green firm, bonds that

have been certified by CBI benefit from a lower yield: the certification of a given bond

decreases its yield. This supports our hypothesis H2e that there exists a demand effect

at the bond level.27

It is worth noting that some of the CBI certification is taken by Mainland China

firms that issue bonds in Eurobond market. It could be the fact that they want to get

more credit in a non-local market. It is the reason that the coefficient of D Eurobond

decreases from -0.0116 (-0.0096) in specification 1 (3) to -0.0086 (-0.0067). But even we

control for the impact of D Eurobond, Bond with CBI certification is still significantly

negative.

27Baker et al. (2018) indeed report that green bonds are disproportionately held by socially-oriented

investors: for the average green bond in their subsample, 13.5% of par outstanding can be associated with

a socially-responsible fund through the fund’s name, while the proportion drops to 0.6% for an average

ordinary bond. Also it is consistent with the fact that asset managers are motivated to integrate ESG

factors into their investment strategies in response to increased client demand for sustainable products

(McCahery et al., 2022).
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Table 3.12: Differences-in-differences analysis for bond yields with verification process

Table 3.12 reports the results of the diff-in-diffs analysis on bond yields for the extended model specified

in equation (4). The independent variable Y TM is the yield to maturity at the issuance date of the

bond. The dependent variables of interest consist in Post, a dummy that takes value one if the firm has

issued a green bond in the past or is issuing a green bond, D Green firm is a dummy that takes one

if the firm has or will issue a green bond, and D Green Bond, a dummy that equals one if the bond

issued is a green bond.D framework equals one if the firm’s green bond framework has be verified prior

to issuance, D UoP equals one if the uses of proceeds have been verified, D CBI certified equals one

if the bond is certified by CBI. Controls for bonds include: Callable bond, a dummy that equals one

if the bond is callable, the difference in bond size, defined as the amount issued in USD (in log), the

difference in time to maturity of the matched bonds, and a dummay that equals one if the bond is issued

in Eurobond market. Controls for differences across matched firms include: the market capitalization

in USD (in log), the lagged one period standard annual Amihud illiquidity measure, the market to book

ratio defined as the market value of the equity divided by the book value of the equity, the leverage,

and the profitability. All specifications include Area, Industry and year fixed effects. The significance

levels are at 1%, 5% and 10% respectively.

Green bonds only All bonds

(1) (2) (3) (4)

YTM YTM YTM YTM

Post 0.0002 0.0001

(0.0016) (0.0016)

Green firm -0.0029 -0.0029

(0.0019) (0.0019)

Post*Green firm 0.0024 0.0023

(0.0024) (0.0024)

Green bond 0.0000 -0.0004 0.0014 0.0009

(0.0023) (0.0023) (0.0023) (0.0023)

Green bond*Framework -0.0043 -0.0023 -0.0035 -0.0024

(0.0027) (0.0033) (0.0024) (0.0031)

Green bond*UoP -0.0006 0.0006

(0.0030) (0.0029)

Green bond*CBI certified -0.0127*** -0.0108***

(0.0034) (0.0032)

ln(Bond Size) -0.0033*** -0.0034*** -0.0020*** -0.0020***

(0.0007) (0.0007) (0.0004) (0.0004)

Callabe bond 0.0267*** 0.0253*** 0.0154*** 0.0151***

(0.0041) (0.0040) (0.0017) (0.0017)

Time to maturity -0.0002*** -0.0002*** -0.0000 -0.0000

(0.0001) (0.0001) (0.0000) (0.0000)

D Eurobond -0.0116*** -0.0086*** -0.0096*** -0.0067***

(0.0024) (0.0026) (0.0022) (0.0025)

ln(Firm Size) -0.0017** -0.0018*** -0.0026*** -0.0026***

(0.0007) (0.0006) (0.0004) (0.0004)

Lag(Amihud) 0.0007** 0.0006** 0.0003* 0.0003

(0.0003) (0.0002) (0.0002) (0.0002)

Market to book ratio 0.0002 0.0000 0.0007* 0.0007

(0.0006) (0.0006) (0.0004) (0.0004)

Leverage 0.0114* 0.0151** 0.0052 0.0065

(0.0062) (0.0062) (0.0043) (0.0043)

Profitability -0.0420 -0.0272 -0.0320 -0.0255

(0.0419) (0.0411) (0.0251) (0.0250)

Area fixed effect Yes

Industry fixed effect Yes

Year fixed effect Yes

N 270 270 590 590

adj. R-sq 0.521 0.544 0.518 0.526
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3.8 Conclusion

We conduct a deep analysis to understand the drivers of positive stock market reaction

to green bond issuance and the greenium for certain green bonds. We utilize the fact

that CBI’s three-tier verification system for green bond can isolate firms’ green status

from their engagement in green actions to separate the information effect and the de-

mand effect.

We find that, on the announcement date of the first green bond issuance, stock in-

vestors react positively only to green bonds issued by firms that have not yet undergone

green bond framework verification. This suggests that stock investors value firms’ green

status, which can be conveyed to the market when a firm’s green bond framework is

verified, or when the first green bond is issued if the firm has not verified its green bond

framework. Our results suggest the presence of a demand effect among stock investors,

indicating that they value firms’ green status. However, we do not find any evidence of

an information effect among stock investors.

For bond investors, we develop an innovative method that compares the yields of

green bonds, with or without CBI certification, and conventional bonds issued by green

firms with the yields of conventional bonds issued by brown firms. We find no evidence

supporting the existence of a greenium for other green bonds, except for those with CBI

certification. We also do not find any cost of debt benefit for conventional bonds issued

by green firms. The results suggest that for bond investors, there is no demand effect

at the firm level, while a demand effect does exist at the bond level. Also, we don’t find

evidence of an information effect among bond investors.

Our research is important as we confirm the existence of stock investors’ preference

on green firms and bond investors’ preference on certain type of green bonds. Investors’

preference can contribute the existence of CSR firms, and push more firms to adopt

green actions.
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3.9 Appendix

3.9.1 Comparision between GBP and China policies

Let us first compare the principle related to the use of proceeds. In its GBP, the ICMA

proposed ten supporting green categories, which are renewable energy, energy efficiency,

pollution prevention and control, environmentally sustainable management of living nat-

ural resources and land use, terrestrial and aquatic biodiversity, clean transportation,

sustainable water and wastewater management, climate change adaptation, eco-efficient

and/or circular economy adapted products, production technologies and processes, and

green buildings.28 China policies employ six categories and thirty-one sub-categories

proposed by the Green Finance Committee (GFC), China Society for Finance & Bank-

ing. The six categories include energy saving, pollution prevention, resource saving and

recycling, clean transportation, clean energy, ecological protection and climate change

adaptation.29 Cross-checking the description of categories and sub-categories of China

policies, those could actually easily be mapped with the ten GBP categories. The main

difference is that the China policy rules’ categories take into account the Chinese indus-

try classification which enables Chinese firms to more easily fit into a category.

Second, regarding the process for project evaluation and selection, the two standards

are similar. The China policy rules additionally require the issuer to declare these pieces

of information in the prospectus, and to commit to invest the proceeds in green projects.

Third, regarding the management of proceeds, the GBP standard requires the firm

to trace the use of proceeds, for instance by setting up a sub-account. Temporary place-

ment of unallocated proceeds should be released to the public. China policy rules include

various principles depending on the issuer’s regulator. For instance, firms issuing green

bonds in the interbank market are requested to set up a special account or a special

ledger to track the use of proceeds, and are allowed to invest unallocated proceeds in

green bonds issued by non-financial business or money market instrument with good

credit rating and liquidity.30 Firms issuing bonds in other financial markets must set

up a specific account, and the trustee of the account is responsible for monitoring the

uses of proceeds.31

Fourth, regarding reporting standards, the GBP standard requires to release infor-

mation annually. When significant developments happen, the information should be

released on a timely basis. By contrast, the China policy rules require a more fre-

28https://www.icmagroup.org/assets/documents/Regulatory/Green-Bonds/June-2018/Green-Bond-

Principles—June-2018-140618-WEB.pdf
29http://www.gov.cn/xinwen/2015-12/22/5026636/files/d400bce25c9f42b3a2707dd4cb57d4bd.doc
30https://www.icmagroup.org/assets/documents/Regulatory/Green-Bonds/PBOC-Announcement-

No-39-2015.pdf
31http://www.csrc.gov.cn/pub/newsite/flb/flfg/bmgf/fx/gszj/201805/P020180515572638143453.pdf
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quent information release. In the interbank market, financial institutions are required

to release information quarterly and to submit an annual report and a special audi-

tor report to PBoC, while non-financial institutions are required to release information

semi-annually.32 But outside of the interbank market, rules only require the trustee

of the account to disclose information in the annual entrusted affair report and do not

state clearly the frequency of reporting.

Finally, both standards encourage the issuers to engage a second party service and

get a certification, but those services are not mandatory.

32http://www.nafmii.org.cn/ggtz/gg/201703/P020170322639776098176.pdf
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Table 3.A1: Comparison between GBP and China policies

Table 3.A1 compares the green bond principle (GBP) proposed by ICMA and the green bond issuance rules proposed by Chinese government. The comparison is taken based on the four

core principles of GBP, which are the use of proceeds, the process for project evaluation and selection, the management of proceeds, and the reporting on the uses of proceeds. In addition,

we report the attitudes of the two rules towards second party opinion.

Green prin-

ciples

Use of pro-

ceeds

Process for project evaluation and selection Management of proceeds Reporting second party

opinion

ICMA

Green

bond

principles

10 categories

1.The environmental sustainability objec-

tives

1. Sub-account or other

trackable method

1. Annually update

Encourage
2. The process by which the issuer deter-

mines how the projects fit within the eligible

Green Projects categories identified above

2. Temporary placement for

unallocated proceeds should be

released

2. In case of material

developments, update on a timely

basis

3. The related eligibility criteria, including,

if applicable, exclusion criteria or any other

process applied to identify and manage po-

tentially material environmental and social

risks associated with the projects.

China four

policy rules

6 categories

and 31

sub-categories

1. The prospectus shall include project cat-

egories, project selection criteria, decision-

making procedures, environmental benefits,

use and management of green financial bond

proceeds

Interbank market

1. Used within

given time frame Interbank market

For financial green

bonds, quarterly

release and submit

the annual report

and special auditor

report to PBoC

Encourage

2.Special account

or ledger

3. Unallocated

procceds is in-

vestable

For non-financial

green bonds,

disclose semi-

annually

Public market
1. Procceds could

be used to finance

the constrution,

operatoin or ac-

quisition of green

projects or pay

back the bank

loan of green

projects

Public market
1. The issuer

should disclose the

use of the pro-

ceeds, the progress

of the green

projects and envi-

ronmental benefits

following relevant

regulations or the

commitment

2. Commitment of investing proceeds in

green projects

2. Specific ac-

count and moni-

tor of the account

trustee

2. The green bond

trustee should

disclose the same

above information

in the annual

entrusted affair

report
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3.9.2 Other tables and figures

Table 3.A2: Green bonds’ issuers and relations to listed firms

Table 3.A2 reports the statistics of linkages between green bond issuers and listed firms in three areas.

The issuer could be (i) a single listed firm, (ii) the subsidiary of a listed firm, (iii) the indirect subsidiaries

of a listed firm. Panel A reports the statistics of entities linked to listed firms issuing green bonds. Panel

B reports the statistics of the corresponding listed firms to which the entities issuing green bonds are

linked.

U.S. Mainland China Hong Kong

Panel A: entities issuing green bonds

- Issuers that are related to listed firms 30 32 25

- Issuers that are listed firms 13 14 14

- Issuers that are not listed but whose direct parent is a listed firm 17 18 9

- Issuers that are not listed but whose indirect parent is a listed firm 0 0 2

Panel B: listed firms related to entities issuing green bonds

- Listed firms related to green bond’s issuer 25 19 21

- Listed firms that directly issued green bonds 13 14 14

- Listed firms whose subsidiaries issued green bonds 16 8 9

- Listed firms whose indirect subsidiaries issued green bonds 0 0 1

Figure 3.A1: CAR around the green bond announcement date for three areas

Figure 3.A1 reports the Cumulative Abnormal Returns (CAR) around the green bond announcement

date for the U.S., Mainland China and Hong Kong. The estimation is based on (one factor) CAPM

model. The estimation window is [-252,30] and the reported event window here is [-10,10].
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Table 3.A3: Green and brown firms

Table 3.A3 reports the number of bills/notes/bonds related to “green” or “brown” firms in our sample

by area, and the corresponding number of firms and firm-year observations. The filter process consists

of dropping: (i) bills with less than one year of maturity, (ii) bonds with zero issuance amount, (iii)

bonds for which we cannot find complete data on the coupon rate, coupon frequency, time to maturity,

and issue price, and (iv) bonds related to ST firms in Mainland China.

U.S. Mainland China Hong Kong

Panel A: green firms

# Firms 25 19 21

# Firm-year observations 39 30 31

# Green bonds issued by the firm or a subsidiary 58 84 53

- After filtering 57 82 53

# Conventional bonds/notes/bills issued by green firms 9,936 17,877 3,963

- After filtering 7,752 341 86

Panel B: brown firms

# Firms 1,558 963 90

# Firm-year observations 3,728 2,404 255

- After filtering 3,407 2,049 207

# Conventional bonds/notes/bills issued by brown firms 66,818 23,948 8,529

- After filtering 39,802 3,128 481

Total # of bonds/notes/bills 76,788 41,861 12,516

- After filtering 47,611 3,570 626

Table 3.A4: Number of green bonds in the event study

Table 3.A4 reports the number of bonds employed in the event study. The filter process consists of

dropping: i. bonds issued before stock listing date, ii. bonds issued when other events happened, which

potentially impact the stock price

U.S. Mainland China Hong Kong Total

# green corporate bonds in Refinitiv 57 82 53 192

- issue before listing 0 8 3 11

- other event taking place 1 11 6 18

# green corporate bonds in the event study 56 63 44 163



Chapter 4

Interplay between passive funds

and active funds

4.1 Introduction

In recent decades, passive funds have grown substantially, leading to a division of the

equity mutual fund industry into two groups: passive and active. Passive funds seek to

track an index and deliver market returns, and can be in the form of exchange-traded

funds (ETFs) or index funds. Conversely, active funds strive to beat the index and

generate higher returns. Between 2000 and 2016, active funds increased from 8.19%

to 11.38% of the total U.S. stock market capitalization, while passive funds’ ownership

of stocks grew from almost 0% to 8.21%. The Investment Company Institute’s annual

report reveals that ETFs have witnessed rapid growth, with an annual growth rate of

more than 22% between 2008 and 2017.1 Passive funds have become increasingly popular

among individual investors as they provide a means to avoid the information asymme-

try issues faced by institutional investors when investing in single stocks. Furthermore,

individual investors tend to hold passive funds for the long run (Da Dalt et al., 2019).

The rapidly growing prevalence of passive ownership is fundamentally altering the

ownership structure and monitoring practices of firms. Unlike active funds, passive

funds can only intervene in corporate governance through the voice channel. Mutual

funds have two channels through which they can intervene in corporate governance as

shareholders: the exit channel, where mutual funds may follow the “Wall Street walk”

or employ the threat of exit (Admati and Pfleiderer, 2009); and the voice channel, where

mutual funds may directly affect corporate governance through voting. However, passive

funds are required to hold shares based on index weight and cannot sell shares based

on their discretion. Therefore, the only option left for passive funds is to vote in firms’

voting meetings.

1https://www.ici.org/doc-server/pdf%3A2019 factbook.pdf
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Though the literature has shown that passive funds are active voters, there are mixed

results regarding their voting impacts. Firstly, the voting records of passive funds are

easily accessible in their NPX files, which mutual funds are required to disclose by

submitting them to the SEC. There are over 8 million passive funds’ voting records

available in the SEC EDGAR database, indicating that they actively exert their voting

rights. Secondly, previous research has established a causal relationship between pas-

sive funds’ stake and firms’ voting results, but the conclusions vary. Studies by Appel

et al. (2016), Schmidt and Fahlenbrach (2017), and Heath et al. (2020) have employed

Russell index reconstitution as an exogenous shock to passive ownership to examine

the causal relationship between passive ownership and firms’ governance choices. These

studies have found that passive mutual funds can improve firms’ value by enhancing

board independence, opposing takeover defenses, removing unequal voting rights, and

avoiding excessive awards, which are all essential corporate governance issues (Appel

et al., 2016). However, Heath et al. (2020) find evidence that passive funds lead to less

board independence and worse pay-performance sensitivity at their portfolio companies.

Furthermore, when it comes to complex voting issues, such as board appointments and

mergers and acquisitions decisions, passive funds can decrease firm value (Schmidt and

Fahlenbrach, 2017).

The central question to understand the impact of passive funds’ voting is to deter-

mine where their voting incentives originate. Previous research has focused on passive

funds’ internal incentives and argued that these may not be sufficient to encourage ac-

tive monitoring. One possible internal incentive for passive funds is to improve overall

market performance (Appel et al., 2016). If the market performs well, passive funds’ as-

sets under management would increase, which could attract more investors to buy their

shares. This may explain why passive funds have established voting protocols and use

voting services from other entities, such as ISS. However, there are two potential issues

with this incentive. First, it may not yield immediate profits for passive funds. Second,

the funds may face a free-rider problem, as the benefits of overall market improvement

would be shared by all passive funds. As a result, passive funds may be hesitant to bear

the costs of active monitoring without receiving more direct and immediate benefits.

Given the lack of internal incentives for passive funds to actively monitor, I aim to

address this question by examining the external incentives of passive funds. To achieve

this, I analyze a sample of mutual funds’ voting records in the US spanning from 2005 to

2016. Passive funds’ positions in firms where they have a voting record were valued at

USD 2.026 trillion in 2016, with 86.44% of these positions being voted on in situations

where the same fund family’s active funds also had a voting record at the meeting. I

label the fact that the same fund family’s passive funds and active funds have voting

records at the same meeting as “co-present”. Accordingly, my main objective is to inves-

tigate whether the voting behavior of passive funds is influenced by the voting decisions
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made by the “co-present” active funds within the same fund family. This could serve as

one of the external incentives for passive funds to vote.

I explore the impact of the same fund family’s active funds on the voting behavior of

“co-present” passive funds in three steps. First, I develop and empirically test two prox-

ies that capture active funds’ incentives to influence the same fund family’s passive funds.

The first proxy is based on the value-maximization channel, which analyzes the behavior

of active funds using the incentive compatibility constraint. If the alignment benefits

outweigh internal communication costs, active funds may try to influence the voting of

the same fund family’s passive funds. I show that the alignment incentive provided by

the same fund family’s active funds can be proxied by the product of passive ownership

and active ownership (Ownershipf
p

j,t ×Ownershipf
a

j,t). The second proxy is based on the

beat-the-market channel. Active funds aim to outperform the market, so they are more

likely to align passive funds’ voting when active shares exceed passive shares. I show

that the alignment incentive can be proxied by max((Ownershipf
a

j,t −Ownershipf
p

j,t , 0)).

After developing these proxies, I empirically test their effectiveness. I use the prob-

ability of voting against ISS company recommendations when the ISS company and the

management team have different recommendations to infer passive funds’ voting atti-

tudes. If passive funds solely rely on the ISS company’s service and do not conduct their

own research or make their own voting choices, they will always vote with ISS company

recommendations. However, this is not the case, especially when the ISS company and

the management team have different recommendations. This suggests that when ISS

company and the management team have different recommendations, passive funds are

more likely to conduct their own research and pay attention to different firms. I find that

the product of passive ownership and active ownership (Ownershipf
p

j,t ×Ownershipf
a

j,t)

can predict the behavior of passive funds, which supports the value-maximization chan-

nel.

Second, I investigate how active funds adjust their portfolios based on the holdings

of the same fund family’s passive funds, which ultimately affects their incentives to in-

fluence passive funds’ voting decisions. To examine this, I use the average fund inflow of

passive funds’ individual clients in the same fund family as an exogenous shock to active

funds’ portfolios. I find that active funds do adjust their portfolios in response to the

average fund inflow from passive funds’ individual clients in the same fund family, which

supports the idea that active funds are influenced by the holdings of passive funds. I also

use Russell index reconstitution as an exogenous shock as a robustness check and find

similar results.2 To rule out the concern of potential effects of the correlation between

passive funds’ inflow and active funds’ inflow, I also examine the reaction of active funds’

2I don’t use Russell index as my main analysis, as the Russell index reconstitution method can only

generate local results, while I aim to achieve generalizability across all firms.
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portfolios to the same fund family’s average fund inflow from active funds’ individual

clients, but find no significant reaction. Additionally, since passive funds’ portfolio also

positively react to the same fund family’s average fund inflow from passive funds’ individ-

ual clients, I find that the active funds’ incentive proxy (Ownershipf
p

j,t ×Ownershipf
a

j,t)

will also exhibit a positive reaction.

Finally, I test how passive funds’ voting is affected by the same fund family’s active

funds’ incentives. Specifically, I use the active funds’ incentive predicted by the same

fund family’s average fund inflow from passive funds’ individual clients to explain passive

funds’ voting behavior. The increase of predicted incentive will decrease the probability

that passive and active funds vote with ISS company recommendations.

This paper provides an important contribution to the literature by shedding light

on the voting incentives of passive funds, which will enable us to better understand

the potential impact of the growing trend of passive ownership on corporate governance

(Appel et al., 2016; Schmidt and Fahlenbrach, 2017; Heath et al., 2020; Hshieh et al.,

2021). The findings provide consistent evidence of the interplay between passive and

active funds within the same fund family. Specifically, the findings suggest that same

fund family’s active funds tend to increase their ownership in firms when passive funds

have large shares, and passive funds’ voting behaviors are influenced by the same fund

family’s active funds’ voting alignment incentive. While passive funds themselves may

serve as passive monitors, they can transfer control to the same fund family’s active

funds. This is advantageous for active funds, as they do not need to purchase additional

shares and thus can lower their governance costs.

The structure of this paper is as follows. Section 2 outlines the hypothesis devel-

opment. Section 3 presents the dataset. Section 4 explores the voting behavior of “co-

present” passive funds. Section 5 validates the proxy of active funds’ incentive on the

voting of “co-present” passive funds. Section 6 examines the voting interplay between

passive and active funds using two-stage least square regression. Section 7 conducts a

robustness check. Finally, Section 8 concludes the paper.
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4.2 Hypothesis development

Passive funds’ large stakes in firms make them a valuable target for alignment by the

same fund family’s active funds. This is due to two primary reasons. First, active funds

directly benefit from the improvement of the firm’s performance, and aligning passive

funds’ voting is one way to achieve this goal. Second, fund managers within the same

fund family compete with each other, creating a strong incentive to intervene in firms’

governance (Kempf and Ruenzi, 2008). By aligning passive funds’ voting with their

own, active funds can exert influence on the firms’ governance. Many prominent fund

families, such as BlackRock and Vanguard, have both passive and active funds, and are

among the top 5 shareholders of almost 70% of the largest 2,000 listed firms in the U.S.

(Anton et al., 2018).

Mutual fund families are known to support the value-enhancing actions of their active

funds. However, the families do not have a uniform voting attitude, and there is a sig-

nificant divergence in voting within them (Angela et al., 2011). Nonetheless, they have

an incentive to utilize the passive stakes to help improve the active stakes’ performance.

Gaspar et al. (2006) find that mutual fund families strategically transfer performance

across member funds to favor those more likely to increase overall family profits. In

a clinical case study, Becht et al. (2009) find that the fund family increases stakes in

companies that its index tracker fund has already invested in and actively engages in the

firms’ operations. To measure the incentives of active funds within fund families, this

paper proposes two candidate channels for verification: the value-maximization channel

and the beat-the-market channel.

4.2.1 Value maximization channel

Active funds are expected to maximize their portfolio value, which can be achieved by

taking value-enhancing actions. Assuming the existence of a value-enhancing proposal

that could increase the firm’s value by ∆V , active funds have two options: vote by them-

selves or align the passive funds to vote together with them. Aligning passive funds’

voting could incur an internal communication cost of c. Furthermore, it is assumed that

the probability of the value-enhancing proposal’s passage is a linear and monotonically

increasing function of the supporters’ ownership. This assumption can be formally writ-

ten as follows.

Assuming:

• A value-enhancing proposal would increase firm value by ∆V

• An internal communication cost of c if active funds align passive funds’ voting

attitude
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• The probability of the proposal passing is a linear and monotonically increasing

function of supporters’ ownership, expressed as Pr(Pass = 1) = α×Ownership

To justify the behavior of active funds aligning passive funds’ voting, the benefits gained

from taking such actions must outweigh the benefits of not taking any action. Therefore,

the incentive compatibility constraint (IC) for active funds is given by Equation (4.1):

Pr(Pass = 1|align)×Ownershipf
a

j,t×∆V−c ≥ Pr(Pass = 1|not align)×Ownershipf
a

j,t×∆V

(4.1)

After rearranging equation (4.1), I obtain equation (4.2):

[Pr(Pass = 1|align)− Pr(Pass = 1|not align)]×Ownershipf
a

j,t ≥
c

∆V
(4.2)

Assuming that Pr(Pass = 1) = α×Ownership, the change of the probability (Pr(Pass =

1)) is thus α×Ownershipf
p

j,t . Then the IC constraint can be expressed as equation (4.3):

α×Ownershipf
p

j,t ×Ownershipf
a

j,t ≥
c

∆V
(4.3)

Therefore, the incentive for active funds to align passive funds’ voting depends on the

product of their respective stakes in the firm, Ownershipf
p

j,t × Ownershipf
a

j,t . If this

product is less than c
α∆V , active funds are not motivated to change the passive funds’

voting behavior. If both active and passive funds hold substantial stakes in the firm,

active funds will likely align passive funds’ voting with theirs. However, if active funds

hold a high stake and passive funds hold a low stake, active funds may not see the benefit

in aligning passive funds’ voting behavior due to the communication cost outweighing

the potential increased benefits. If passive funds hold a large stake and active funds do

not, active funds may choose to increase their stake and align passive funds’ voting to

increase the probability of the value-enhancing proposal passing and to obtain increased

benefits. This is consistent with the observation that as passive fund stakes increase

around the cutoff points of the Russell 1000 and Russell 2000 indexes, the active fund

stakes increase even more.
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4.2.2 Beat the market channel

In addition to maximizing their portfolio value, active funds are also motivated to beat

the market and achieve a higher return. This incentive is positively correlated with the

active stakes they hold in the firm, as they stand to benefit more from value-enhancing

actions. However, higher passive ownership can also improve the index performance

through such actions. Since the overall performance of active funds is measured by

comparing with the index performance, their incentives may be compromised if passive

stakes are higher in the firms. To simplify their decision-making process, active funds

may base their decisions on the passive shares within their fund families, rather than

considering the entire market’s passive shares. Obtaining information on other passive

funds may be costly, and they can estimate total passive funds’ share based on their

passive fund market share. As a result, the active funds’ incentives are likely to depend

on the relative positive ownership between active and passive shares. When active funds

have higher ownership than passive funds, they are more likely to beat the market if

they take value-enhancing actions.

I measure the active funds’ incentive with the expressionmax(Ownershipf
a

j,t−Ownershipf
p

j,t , 0).

When this difference is high, active funds stand to gain significantly from aligning passive

funds’ voting attitudes and executing value-enhancing projects without being concerned

about being outperformed by the market. When the difference is low, both passive and

active funds could benefit similarly from active funds’ voting alignment actions and the

value-enhancing projects, which could make it more challenging for active funds to out-

perform the market.
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4.3 Data sources

The objective of this analysis is to examine the incentive for passive funds’ voting be-

havior. The analysis relies on mutual fund ownership data, mutual fund voting records,

and passive fund identifiers. Mutual funds are required to report their voting records

through NPX files for the most recent 12 months ending on June 30th of each year3.

The sample period for this analysis covers the years 2005 to 2016.

Mutual fund ownership

The ownership data for mutual funds is obtained from Thomson Reuters S12, which

provides details on the shares owned by each fund, stock prices, and common shares

outstanding at the end of each quarter. Using this data, the stake of each fund in each

firm can be calculated. The dataset covers the period from 2005 to 2016 and contains

35,688,244 observations.4 To link this dataset with CRSP mutual fund source data, the

MFLINKS database is used, which provides the CRSP fund number, Thomson Reuters

fund number, and the WFICN that links both of them. MFLINKS focuses on a target

universe of domestic equity funds, exchange traded funds, and target-date equity funds,

covering around 92% of the target funds and 96% of the assets.5 After merging the

Thomson Reuters fund number and file date with the MFLINKS database, there are

24,540,208 ownership records for U.S. mutual funds.

Mutual fund information, mutual fund asset and investment return

The CRSP mutual fund database provides information such as fund name, fund ticker,

index fund tag, ETF tag, open-to-investor status, and institution share dummy in the

end of each quarter. From 2005 to 2016, there are 1,310,549 observations. Using the in-

dex fund and ETF tags, I can identify the passive funds. The data in the CRSP mutual

fund database is at the fund share class level, and funds may have various share classes,

such as A-D shares, Adv shares, Inst shares, Investor shares, M shares, N shares, No

load shares, Retirement shares, S shares, T shares, and other shares.6. These data will

be aggregated to the fund level when merged with mutual fund ownership and voting

records. After merging with the MFLINKS database, there are 744,811 CRSP mutual

fund share-level data with paired ticker and WFICN codes.7 The CRSP mutual fund

database also provides monthly total net assets and monthly returns of each fund share.

Using this dataset, I can track monthly fund flows.

Mutual fund voting records and Fund family identification

Mutual fund voting records are collected from the Institutional Shareholder Services

3https://www.sec.gov/reportspubs/investor-publications/investorpubsmfproxyvotinghtm.html
4Records without CUSIP identifiers are removed, and if multiple files exist for the same reported

dates, only the first file date is kept.
5https://wrds-www.wharton.upenn.edu/documents/317/Guide for Mutual Fund Links MFLINKS.pdf
6https://morningstardirect.morningstar.com/clientcomm/Share Class Types.pdf
7Observations without tickers are deleted.
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(ISS) database, which provides details on each voting item such as the meeting date,

voting by each fund, voting recommendations from the top management team and from

the ISS company, institution id, and NPX file id. These variables allow us to track

the voting behavior of each fund for each specific voting item. The institution id is

used as the fund family identification. From 2005 to 2016, the original dataset contains

64,925,715 voting records for U.S. listed companies.8

I utilize the SEC EDGAR database to obtain the ticker for each fund in the ISS

database, as the ISS database does not provide a fund identifier that can be used to link

funds to other datasets. By using the NPX file id, I am able to retrieve the original NPX

file from the SEC official website.9 In the NPX files, mutual fund tickers are provided.

By matching the NPX file ID and fund name, a ticker is assigned to the fund in the ISS

database.10 After merging with the mutual fund information dataset by ticker, there

are 30,220,318 voting records with WFICN and institution ID.11

By combining the mutual fund ownership data and voting records, the final sam-

ple consists of 22,865,969 observations, which contain fund ownership, portfolio weight,

active fund indicator, passive fund indicator, ISS recommendation, management team

recommendation, and firm market capitalization.12

8Voting records without NPX file id are removed.
9I have downloaded and analyzed all the NPX files with a SAS program, which can be shared upon

request.
10The fund names in the ISS voting records come from the main part of the NPX file, while the ticker

and the fund name mapping linkages are in the head part of the NPX file. Due to the fact that there are

some abbreviations of the fund names in both parts, a manual mapping check between the fund name

in the head part and the fund name in the main part is necessary. This check increases the final sample

size significantly.
11There are 55,991 paired NPX file ID and ISS fund ID in the original dataset, while there are 27,809

paired NPX file ID, ISS fund ID, and WFICN in the final sample. This is mainly due to the fact that

some funds do not have a ticker and that the fund name in the main part and the head part cannot be

matched.
12Ownership exceeding 100% is deleted.
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4.4 Exploring the voting behavior of “co-present” passive

funds

4.4.1 Prevalence of passive funds co-presenting with active funds

Passive funds and active funds from the same fund family may both participate in the

same voting meetings for listed firms. As passive funds generally cover a diverse range

of companies, it is likely that active funds from the same fund family invest in some

of the same firms as the passive funds. In such cases, passive and active funds from

the same fund family may attend the same voting meetings and cast their votes either

similarly or differently.

To capture the extent to which passive funds have co-presenters in voting meet-

ings, I classify passive funds into three groups: “All co-present” passive funds, “All

single-present” passive funds, and “Partially co-present” passive funds. For each voting

meeting in which a passive fund participates, I classify it as an “All co-present” passive

fund if there is at least one active fund from the same fund family present at the meeting.

If there are no active funds from the same fund family present, I classify the passive

fund as an “All single-present” passive fund. Otherwise, I classify the passive fund as

a “Partially co-present” passive fund, meaning that it may co-present with active funds

from the same fund family at some meetings but not at others.

By a symmetric definition, I can also classify active funds as “All co-present” active

funds, “All single-present” active funds, and “Partially co-present” active funds.

It is common for passive funds to be “co-present” in voting meetings. Table 4.1 shows

the number and total net assets of the three types of passive funds. The largest category

of passive funds, in terms of both fund number and total net assets, is the “Partially

co-present” category. The “All co-present” category has the smallest number of funds

but the largest average total net assets.13 In 2016, approximately 37% of passive funds

are classified as “All single-present” passive funds, but this category has the smallest

average total net assets among the three types. This suggests that large passive funds

are typically owned by large fund families, such as “Vanguard”, “Black Rock”, and

“State Street”.

4.4.2 Pattern of passive funds co-presenting with active funds

A passive fund is more likely to co-present with active funds when it holds a higher

position in the firm, which is calculated as the number of shares held by passive funds

in the company that held the voting meeting multiplied by the stock price. Table 4.2

panel A shows all the positions held by passive funds in each category from 2005 to

13Average total net asset is calculated as the total net asset divided by the number of passive funds.
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Table 4.1: Number and total net asset (in billions) of three types of passive funds

Table 4.1 reports the number and the total net asset of three types of passive funds from 2005 to 2016.

N is the number of the passive funds, and TNA is the summation of the total net asset for all the passive

funds in each category.

year
Partially co-present All Co-present All Single-present

N TNA N TNA N TNA

2005 86 311.40 9 70.56 59 85.63

2006 87 213.37 11 215.22 73 115.63

2007 99 437.54 24 114.72 122 155.32

2008 159 352.01 26 278.62 122 114.91

2009 168 327.04 40 209.71 152 133.58

2010 175 517.86 33 177.12 139 90.16

2011 189 790.07 33 368.65 101 76.40

2012 204 1052.07 30 125.68 101 106.15

2013 177 1009.96 41 498.79 86 76.80

2014 189 1678.25 43 399.94 102 86.25

2015 172 1879.86 37 434.61 119 156.89

2016 177 1807.22 41 574.34 115 216.58

2016, with “co-present” passive funds accounting for 86.44% of the total positions in

2016. Moreover, the total positions are much higher when “Partially co-present” funds

are “co-present” passive funds than when they are “single-present” passive funds, sug-

gesting that when passive funds have a higher position in a firm, it is more likely that

one or more active funds will also be present at the voting meeting.

In addition, passive funds are more likely to co-present with active funds when they

hold a higher ownership in the firm. Table 4.2 Panel B reports the mean of the average

ownership across all companies from 2005 to 2016, with “Partially co-present” funds

being “co-present” passive funds having a much higher average ownership than “single-

present” passive funds. Moreover, in most cases, “all co-present” passive funds have a

higher average ownership in companies than “all single-present” funds.

Overall, the data suggests that active funds and passive funds are more likely to co-

present in firms with larger index weights, potentially due to large fund families’ active

funds being attracted to these firms or trying to utilize the advantages of the large

passive ownership in them. This finding provides an angle to investigate the voting

incentives of passive funds.
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Table 4.2: Position and average ownership by passive funds from 2005 to 2016

Table 4.2 reports the position and average ownership by passive funds from 2005 to 2016. The position

is the shares of passive funds in the company, which held the voting meeting, times the stock price.

Panel A reports all the positions by passive funds in each category. Average ownership is the mean of

ownership across all passive funds in the company. Panel B reports the mean of the average ownership

across all the companies.

Panel A: position by passive funds in each category

Year

Partial co-present passive funds All Co-present All Single-present

Co-present Single-present passive funds passive funds

2005 39.44 2.91 6.78 2.36

2006 170.64 15.91 186.91 15.37

2007 351.93 13.04 77.99 130.36

2008 177.28 78.17 173.44 59.48

2009 264.13 33.96 177.60 64.77

2010 351.59 72.58 167.72 16.08

2011 335.45 108.61 166.72 48.77

2012 787.46 119.81 5.67 8.82

2013 713.48 108.33 423.24 12.01

2014 1227.49 159.48 279.73 22.99

2015 1100.06 95.41 42.71 99.53

2016 1245.13 185.05 506.38 89.80

Panel B: Average ownership by passive funds in each category

Year

Partial co-present passive funds All Co-present All Single-present

Co-present Single-present passive funds passive funds

2005 0.12% 0.06% 0.10% 0.06%

2006 0.20% 0.05% 0.18% 0.09%

2007 0.23% 0.05% 0.44% 0.15%

2008 0.17% 0.04% 0.17% 0.27%

2009 0.29% 0.06% 0.17% 0.25%

2010 0.31% 0.17% 0.05% 0.06%

2011 0.18% 0.15% 0.24% 0.10%

2012 0.24% 0.18% 0.01% 0.04%

2013 0.34% 0.19% 0.78% 0.06%

2014 0.39% 0.20% 0.26% 0.08%

2015 0.40% 0.14% 0.17% 0.10%

2016 0.50% 0.22% 0.31% 0.06%
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4.4.3 Voting behavior of “co-present” passive funds

Passive funds actively participate in voting meetings, regardless of whether they are

“co-present” or “single-present” passive funds. Table 4.3 reports the total number of

meetings attended by passive funds and the average number of firms voted on by each

passive fund from 2005 to 2016. In most years, “Partially co-present” passive funds

participate in over 30,000 meetings, whether they are “co-present” or “single-present”

passive funds. Each fund vote on more than 200 firms. “All co-present” and “All single-

present” passive funds vote on more than 100 firms, which is much smaller than the

number of firms voted on by “Partially co-present” passive funds. This observation is

consistent with the fact that passive funds actively participate in voting meetings, par-

ticularly for large passive funds.

The extent to which mutual funds follow the ISS company recommendation is in-

dicative of their voting behavior. Using the ISS service is a convenient option for mutual

funds to cast their votes. When the costs of conducting research are high, relying on ISS

recommendations is a cost-effective way for mutual funds to vote. The voting with ISS

company recommendations strategy is widely adopted by mutual funds and significantly

impacts shareholder votes (Malenko and Shen, 2016). However, the ISS company has

its own cost-benefit considerations. It provides standardized recommendations for many

voting proposals. As “one-size-fits-all” approaches are not always optimal for corporate

governance, voting against ISS recommendations can help sway shareholder votes to-

wards value-maximizing outcomes (Iliev and Lowry, 2015).

For the most part, passive funds tend to vote with ISS company recommendations.

Table 4.4, Panel A reports the percentage of cases in which passive funds voted with ISS

recommendations. When “Partially co-present” passive funds act as “co-present” pas-

sive funds (resp “single-present” passive funds), they vote with ISS recommendations in

89.98% (88.01%) of cases. “All co-present” passive funds and “All single-present” pas-

sive funds vote with ISS recommendations in 90.30% and 87.94% of cases, respectively.

Passive funds’ voting behavior differs depending on whether the management team

and the ISS company have a consensus or not. The variable Agree IM is a dummy vari-

able that equals one when the management team and the ISS company have the same

recommendation. When Agree IM equals one, the percentage of passive funds vot-

ing with ISS recommendations increases to more than 94%. However, when Agree IM

equals zero, the rate decreases sharply to less than 42%. This suggests that passive

funds are less likely to vote with ISS company recommendations when there are con-

flicts between the management team and the ISS company recommendations.

The probability of “co-present” passive funds voting in line with ISS recommenda-

tions decreases more than that of “single-present” passive funds when Agree IM = 0.
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When “partial co-present” passive funds act as a “co-present” passive fund, the per-

centage decreases by 58.05%, which is larger than the decrease (55.22%) seen when they

act as a “single-present” passive fund. “All co-present” passive funds show the largest

decrease in percentage (72.88%). Similar patterns are observed in the voting behavior

of active funds. When “partial co-present” active funds act as a “co-present” passive

fund, the percentage decreases by 53.33%, which is larger than the decrease (41.56%)

observed when “partial co-present” passive funds act as a “single-present” passive fund.

“All co-present” active funds show the largest decrease in percentage (70.00%).

Overall, it is not uncommon for passive funds to vote against ISS company recom-

mendations, especially when there is a disagreement between the management team

and the ISS company. In such cases, the probability of passive funds voting against ISS

recommendations increases, with “co-present” passive funds exhibiting a greater prob-

ability change compared to “single-present” passive funds.

Table 4.3: Total number of meetings and average number of firms by each passive fund

Table 4.3 reports the total number of meetings by passive funds and the average number of firms voted

in by each passive fund from 2005 to 2016. The total number of Meetings is the number of meetings

that passive funds attended each year. The average number of firms is the number that each fund voted

in each year.

year

Partial co-present Passive funds All co-present All single-present

Co-present Single-present Passive funds Passive funds

Meeting Firm Meeting Firm Meeting Firm Meeting Firm

2005 4350 50 4878 56 264 29 756 13

2006 28743 323 25502 289 4026 355 4013 54

2007 26129 257 16878 165 2031 82 31562 250

2008 26756 165 41813 255 5190 197 16067 128

2009 35180 204 41927 242 6045 147 22028 141

2010 34867 196 41024 230 6507 194 13958 99

2011 30447 158 47942 247 2806 83 10013 97

2012 40038 194 44228 214 1078 35 10512 103

2013 42488 235 37454 206 6113 147 7467 85

2014 46409 240 36494 188 4222 96 7682 73

2015 33909 192 24929 141 2482 65 10871 89

2016 40845 225 34854 191 4830 115 15271 129
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Table 4.4: Mutual funds’ voting with ISS recommendation

Table 4.4 reports the percentage of the cases that passive funds voted with ISS recommendations. Agree IM equals 1 when ISS recommendation and Management team

recommendation are the same, otherwise equals 0. Panel A and Panel B report the summary statistics of passive funds and active funds separately.

Panel A: Passive funds

Partial co-present passive funds All co-present All single-present

Co-present Single-Present passive funds passive funds

With ISS% N With ISS% N With ISS% N With ISS% N

All 89.98% 3,677,317 88.01% 3,276,128 90.30% 487,837 87.94% 1,435,275

Agree IM=1 96.68% 3,253,469 95.69% 2,821,108 98.39% 433,688 94.78% 1,251,765

Agree IM=0 38.63% 424,033 40.47% 455,264 25.51% 54,149 41.33% 183,510

Panel B: Active funds

Partial co-present active funds All co-present All single-present

Co-present Single-Present active funds active funds

With ISS% N With ISS% N With ISS% N With ISS% N

All 90.86% 4,089,137 91.80% 1,927,033 88.14% 1,028,517 90.75% 6,944,725

Agree IM=1 96.89% 3,626,547 97.37% 1,668,717 96.24% 909,619 96.61% 6,103,843

Agree IM=0 43.56% 462,590 55.81% 258,316 26.24% 118,898 48.28% 840,904
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4.5 Validation of active funds’ incentive proxy

In this section, I test the effectiveness of my two incentive proxies. I start by setting

the regression framework. Then I test the two incentive proxies separately. Overall,

the results demonstrate that the incentive proxy from value-maximization channel can

predict passive funds’ voting behavior.

4.5.1 Regression framework

As mentioned by Iliev and Lowry (2015), when the ISS company and management team

have different recommendations, funds are more likely to process their voting with their

own signals. I will model the behavior of passive fund voting by modelling the proba-

bility that passive funds vote with ISS company when ISS company and management

team have different recommendations.

I employ three sets of variables to construct the model. The first set variable is

our main focus, which is the active funds’ incentive of influencing passive funds’ voting

in the same fund family. The second set of variables relates to the fund itself, which

includes variables the fund’s ownership in the firm (Ownershipi,j,t), portfolio weight

(Weighti,j,t), and total net asset (TNAi,t). I expect that funds with a higher ownership

and portfolio weight, are more likely to conduct their own research and less likely to

vote with the ISS company recommendation. Also, I expect that funds with higher

total net assets have a greater potential to conduct research and are more likely to vote

against the ISS company recommendation. The third set of variables relates to firm

characteristics, such as the firm’s size (ln(Mktcap)j, t) and return on assets (ROAi, t)

(Iliev and Lowry (2015)). I also include year fixed effects and industry fixed effects.

Standard errors are clustered at the fund level.

P (With ISSi,j,n,t|Agree IMj,n,t = 0) =f(α+ β1Incentivej,t+

β2Ownershipi,j,t + β3Weighti,j,t+

β4TNAi,t + β5ln(Mktcap)j,t+

β6ROAj,t + Y earj + Indj + ϵi,j,n,t)

(4.4)

Where Incentivej,t represents Ownershipf
a

j,t×Ownershipf
p

j,t if it works through the value

maximization channel, and represents Ownershipf
a

j,t − Ownershipf
p

j,t if works through

the beat the market channel. I expect beta1 to be negative, as the higher active funds’

incentive to influence passive funds’ voting, the more likely passive funds will vote against

ISS company recommendations.
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4.5.2 Voting incentive from active fund value maximization

I will start by testing the active fund value maximization channel. Ownershipf
p

j,t rep-

resents the increased probability that the value-enhancing proposal could be passed by

aligning passive funds’ voting attitude. Ownershipf
a

j,t represents the proportion of bene-

fits that active funds could collect from the value-enhancing proposal. Thus, to maximize

their investment, active funds would take into account Ownershipf
a

j,t × Ownershipf
p

j,t .

When Ownershipf
a

j,t×Ownershipf
p

j,t becomes larger, active funds have a higher incentive

to align passive funds’ voting attitudes. 14

Table 4.5 presents the results of verifying the value-maximization channel for co-

present passive funds in situations where the management teams and the ISS company

have different recommendations. Panel A reports the main result for passive funds,

while Panel B reports the result for active funds as a comparison. The sample is divided

into two groups for both passive and active funds: the “Partial co-present” group and

the “All co-present” group. The “Partial co-present” passive funds represent co-present

passive funds that have a uniform voting protocol and actively vote for a broader range

of holding firms, while the “All co-present” passive funds represent co-present passive

funds that likely do not have a uniform voting protocol and are more likely to be en-

couraged by active funds to vote.

Active funds’ value-maximization incentive serves as a valid channel that affects co-

present passive funds’ voting behaviors. Panel A reports the results for passive funds.

The coefficient of key variable Ownershipf
a

j,t × Ownershipf
p

j,t is negatively significant

across all settings.15 It suggests that active funds’ alignment incentive Ownershipf
a

j,t ×
Ownershipf

p

j,t is another channel that is different from firm characteristics and fund

characteristics. Specifically, Ownershipf
a

j,t × Ownershipf
p

j,t is significantly negative for

“co-present” passive funds with the coefficient of -4.9031. Within “co-present” passive

funds, the coefficient for “Partial co-present” passive funds and “All co-present” passive

funds are -3.9762 and -8.2946, respectively. This is consistent with the idea that “All

co-present” passive funds are more likely to be encouraged by active funds to vote.

Panel B reports the results for active funds. Ownershipf
a

j,t × Ownershipf
p

j,t is sig-

nificantly negative for “co-present” active funds with coefficients of -16.3536. It sug-

gests that “Co-present” active funds are more affected. Within “co-present” active

funds, the coefficient for “Partial co-present” active funds and “All co-present” ac-

tive funds are -14.7427 and -12.1978, respectively. The two coefficients are larger than

14In the regression, to make the table look nice, the Ownershipf
a

j,t × Ownershipf
p

j,t in the regression

actually denotes Ownershipf
a

j,t ×Ownershipf
p

j,t × 100.
15Compared with the results in Table 4.A1 regression (1), (3), and (5), the impact of fund ownership

in a firm Ownership, portfolio weight Weight, fund size ln(TNA), firm size ln(Mktcap), and firm

profitability ROA are similar and stable.
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Table 4.5: Value maximization channel verification

Table 4.5 reports the value maximization channel verification results for both passive funds and active funds.

The Logit regression P (With ISSi,j,n,t|agree MIi,j,n,t = 0) = f(α + β1Ownershipf
a

j,t × Ownershipf
p

j,t +

β2Ownershipi,j,t + β3Weighti,j,t + β4TNAi,t + β5ln(Mktcap)j,t + β6ROAj,t + Y earj + Indj + ϵi,j,n,t) is em-

ployed. With ISSi,j,n,t is a dummy variable, which equals one when the fund vote in the same direction as

the ISS company recommendation. Ownershipf
a

j,t ×Ownershipf
p

j,t measures active funds’ incentive to align pas-

sive funds’ voting attitude from the value maximization prospective. In the regression, to make the table looks

nice, the Ownershipf
a

j,t × Ownershipf
p

j,t in the regression actually denotes Ownershipf
a

j,t × Ownershipf
p

j,t × 100.

Ownershipi,j,t is the fund ownership. Weighti,j,t is the weight of the firm’s share value in the fund portfolio.

ln(TNA)i,t is the fund’s total net asset under management. ln(Mktcap)j,t is market capitalization. ROAj,t is

firm j’s return on asset. Agree IMj,n,t is the dummy variable capturing the situation that the ISS company

recommendation and the management team recommendation are in the same direction. Time fixed effects and

industry fixed effects are included. The industry code is the first two digits of SIC code from Compustat. Co-

efficient and standard deviation are reported. Standard errors are Clustered standard at the fund level. The

significance levels are at 1%, 5% and 10% respectively.

Panel A: Passive funds

P (With ISSi,j,n,t|Agree IMj,n,t = 0)

All Partial co-present All co-present

(1) (2) (3)

Ownershipf
a

j,t ×Ownershipf
p

j,t

-4.9031*** -3.9762*** -8.2946***

(1.2440) (1.1744) (2.7141)

Ownershipi,j,t
-33.9524 -28.6794 6.2999

(25.7911) (24.9892) (47.8874)

Weighti,j,t
-30.0972*** -28.4380*** -40.3683*

(5.1164) (4.5042) (22.0521)

ln(TNA)i,t
-0.0400 -0.0538 -0.1290

(0.0560) (0.0561) (0.1499)

ln(Mktcap)j,t
0.0296 0.0420 0.0036

(0.0368) (0.0351) (0.1626)

ROAj,t

0.3325 0.2522 1.3025

(0.3253) (0.3221) (1.3543)

Year fixed effect Yes

Industry fixed effect Yes

N 391736 347404 44318

Panel B: Active funds

P (With ISSi,j,n,t|Agree IMj,n,t = 0)

All Partial co-present All co-present

(1) (2) (3)

Ownershipf
a

j,t ×Ownershipf
p

j,t

-16.3536*** -14.7427*** -12.1978***

(2.4169) (2.5888) (2.2324)

Ownershipi,j,t
6.2432 6.6814* -0.5368

(3.8447) (3.9967) (4.4343)

Weighti,j,t
-7.5513*** -9.5057*** 1.2809

(2.4854) (2.6381) (2.5061)

ln(TNA)i,t
-0.1457*** -0.1794*** 0.0177

(0.0302) (0.0282) (0.0437)

ln(Mktcap)j,t
0.0614** 0.0913*** -0.0925***

(0.0265) (0.0272) (0.0343)

ROAj,t

0.2367 0.1784 0.1546

(0.3841) (0.4064) (0.5014)

Year fixed effect Yes

Industry fixed effect Yes

N 485521 386599 98921
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that of “All co-present” passive funds. Both “Partial co-present” active funds and

“All co-present” active funds take into account passive funds’ ownership from the same

fund family. What is more, for “All co-present” active funds, neither fund ownership,

portfolio weight, nor fund size are significant. But active funds’ alignment incentive

Ownershipf
a

j,t×Ownershipf
p

j,t can affect their voting behaviors. Their investment strate-

gies could be formed based on passive funds’ ownership from the same fund family. It’s

similar to the example discussed in Becht et al. (2009).

4.5.3 Voting incentive from active fund beat-the-market channel

Now I will examine the active fund beat the market channel. Ownershipf
a

j,t−Ownershipf
p

j,t

represents the relative benefits of active funds versus passive funds in a specific firm.

Typically, investors expect active funds to generate higher returns than passive funds.

One of the objectives of active funds is to ensure that passive funds do not outperform

them. Therefore, they may have a greater incentive to intervene in the firm’s governance

to ensure that they benefit more than passive funds. As Ownershipf
a

j,t − Ownershipf
p

j,t

increases, active funds have a stronger motivation to align passive funds’ voting behavior.

Table 4.6 presents the results of the verification of the beat-the-market channel for

“co-present” passive funds when Agree IM = 0 and the active ownership of the fund

family exceeds the passive ownership. Panel A reports the main result for passive funds,

while Panel B reports the result for active funds as a comparison.

The results do not provide support for the beat-the-market channel. In the case

of “Co-present” passive funds, Ownershipf
a

j,t − Ownershipf
p

j,t is insignificant for both

the entire “co-present” passive fund sample and its separated samples. On the other

hand, for “Co-present” active funds, Ownershipf
a

j,t − Ownershipf
p

j,t is negatively signif-

icant for both the entire “co-present” active fund sample and its separated samples.

Ownershipf
a

j,t − Ownershipf
p

j,t is a factor that is relevant only for active funds and has

no impact on passive funds.16 This effect is similar to that of Ownershipf
a

j,t .
17 As fund

family active shares increase, active funds are more likely to vote against ISS company

recommendations.

16Ownershipf
a

j,t − Ownershipf
p

j,t is highly positively correlated with Ownershipi,j,t. In unreported

results, I run the regression without Ownershipi,j,t, and Ownershipf
a

j,t − Ownershipf
p

j,t is negatively

significant, albeit with a smaller impact for regression settings in Panel B. I also ran the regression

without Ownershipf
a

j,t −Ownershipf
p

j,t , and Ownershipi,j,t is insignificant for all regression settings.
17In unreported results, I replaced Ownershipf

a

j,t−Ownershipf
p

j,t with Ownershipf
a

j,t and obtained simi-

lar results. I also ran the regression with Ownershipf
a

j,t−Ownershipf
p

j,t and Ownershipf
a

j,t×Ownershipf
p

j,t

together, and both of them are significant.
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Table 4.6: Beat the market channel verification

Table 4.6 reports the beat-the-market channel verification results for both passive funds and active funds.

The Logit regression P (With ISSi,j,n,t|agree MIi,j,n,t = 0) = f(α + β1Ownershipf
a

j,t − Ownershipf
p

j,t +

β2Ownershipi,j,t + β3Weighti,j,t + β4TNAi,t + β5ln(Mktcap)j,t + β6ROAj,t + Y earj + Indj + ϵi,j,n,t) is em-

ployed. With ISSi,j,n,t is a dummy variable, which equals one when the fund vote in the same direction as the

ISS company recommendation. Ownershipf
a

j,t − Ownershipf
p

j,t measures the relative benefits that active funds

can obtain. Ownershipi,j,t is the fund ownership. Weighti,j,t is the weight of the firm’s share value in the fund

portfolio. ln(TNA)i,t is the fund’s total net asset under management. ln(Mktcap)j,t is market capitalization.

ROAj,t is firm j’s return on asset. Agree IMj,n,t is the dummy variable capturing the situation that the ISS

company recommendation and the management team recommendation are in the same direction. Time fixed

effects and industry fixed effects are included. The industry code is the first two digits of SIC code from Compu-

stat. Coefficient and standard deviation are reported. Standard errors are Clustered standard at the fund level.

The significance levels are at 1%, 5% and 10% respectively.

Panel A: Passive funds

P (With ISSi,j,n,t|Agree IM&Ownershipf
a

j,t > Ownershipf
p

j,t)

All Partial co-present All co-present

(1) (2) (3)

Ownershipf
a

j,t −Ownershipf
p

j,t

2.7460 2.6332 8.0054

(1.9246) (1.9397) (12.0060)

Ownershipi,j,t
-65.4340 -64.1057 22.3975

(58.8215) (56.2231) (98.5366)

Weighti,j,t
-19.4122*** -21.6692*** -19.9892

(6.4786) (7.0258) (15.2000)

TNAi,t
-0.0190 0.0133 -0.3652**

(0.0724) (0.0615) (0.1711)

ln(Mktcap)j,t
0.0802* 0.0884* 0.1245

(0.0473) (0.0467) (0.2219)

ROAj,t

-1.6787*** -1.5910*** -0.9471

(0.3643) (0.3436) (2.1308)

Year fixed effect Yes

Industry fixed effect Yes

N 131211 123326 7853

Panel B: Active funds

P (With ISSi,j,n,t|Agree IM&Ownershipf
a

j,t > Ownershipf
p

j,t)

All Partial co-present All co-present

(1) (2) (3)

Ownershipf
a

j,t −Ownershipf
p

j,t

-12.0134*** -11.5578*** -8.4734***

(1.1811) (1.3304) (1.8692)

Ownershipi,j,t
10.4973*** 11.1320*** -2.1415

(3.8176) (4.2983) (4.5539)

Weighti,j,t
-7.8841*** -6.8876*** -4.3099**

(1.9470) (2.1657) (2.1969)

TNAi,t
-0.1852*** -0.2045*** -0.0340

(0.0257) (0.0266) (0.0389)

ln(Mktcap)j,t
0.0253 0.0368 -0.0618*

(0.0266) (0.0293) (0.0346)

ROAj,t

-1.8291*** -1.5824*** -2.5032***

(0.3260) (0.3531) (0.6462)

Year fixed effect Yes

Industry fixed effect Yes

N 324488 276256 48226
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4.6 2SLS analysis of Voting interplay between passive and

active funds

In this section, I aim to establish a causal relationship between the active fund voting

alignment incentive and the voting behavior of passive and active funds within a fund

family. To achieve this, I use the individual client fund flow of passive funds in the fund

family as an instrument. An increase in passive fund inflow leads to a higher active fund

alignment incentive, which, in turn, increases the likelihood of both “co-present” active

funds and “co-present” passive funds voting against ISS recommendations. I measure

the voting behavior at the fund family level using the voting distance between funds

and ISS recommendations, which allows us to examine the effects of active fund voting

alignment incentives on passive and active funds at the same level. As a result, my

analysis is conducted at the fund family level.

4.6.1 Two stage least square methodology

To explore the mechanism and address this endogeneity issue, an exogenous shock to the

incentive measures is required. Therefore, I use the passive fund individual fund flow at

the fund family level, which is driven by individual clients, as the exogenous shock.

First, let us define the fund flow by measuring the change in percentage of the total

net asset resulting from the clients’ buying or selling activities. To capture the clients’

desired action, I only consider observations when the funds are open to investors. This

measure can be found in the paper by Chen et al. (2010).

Second, to ensure that the fund flow only captures the action of individual investors,

I include only the individual share classes of each fund. It is unlikely that individual

investors have private information about an individual firm, as one of the main reasons

they buy passive funds is to avoid information disadvantage relative to institutional

investors. Additionally, passive fund ownership changes are not adaptive to firm-level

information, unlike active funds, which can allocate new funding based on their willing-

ness. Therefore, the fund flow is calculated using equation (4.5).

Flowi,t =

∑k
j=1 TNAi,j,t −

∑k
j=1(TNAi,j,t−1(1 +Reti,j,t))∑k

j=1 TNAi,j,t−1

(4.5)

where, there are k levels of individual classes, TNAi,j,t is total net asset of individual

class j under the fund i’s management. Reti,j,t is the net asset return from t-1 to t.

Third, I calculate the average fund flow for all passive funds within the fund family

using equation (4.6). Taking the average helps to exclude fund-specific concerns, as it

could be argued that clients buy or sell shares based on the fund manager’s management
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characteristics, such as their voting strategies. By looking at the average cash flow at

the fund family level, I can better reflect the clients’ own reasons for buying or selling

shares. I expect that passive fund ownership will react positively to individual clients’

inflow. If active funds take advantage of passive ownership, active fund ownership will

also increase. Overall, if the fund flow is positive, I would expect the incentive mea-

sure Ownershipf
a

j,t × Ownershipf
p

j,t to increase and vice versa. It could be argued that

the fund manager is eager to improve firm performance due to fund outflow. However,

the voting channel being examined here has a long-term impact that the fund manager

cannot wait for. Symmetrically, I can also calculate the average fund flow for all active

funds (Aflowfa

t ) desired by individual investors at the fund family level.

Aflowfp

t =
1

n

n∑
i=1

Flowip,t (4.6)

where, fund ip is the “co-present” passive funds in the fund family. n is number of

“co-present” passive funds within the fund family.

I conduct the first-stage regression using equation (4.7). I expect the coefficient β1

to be positive, indicating that an increase in fund flow for passive funds within a fund

family will lead to an increase in active fund alignment with passive funds’ voting. In ad-

dition to the incentive measure, the first-stage regression include control variables such

as ln(Mktcap)j,t, ROAj,t, which are also included in the second stage. The regression

is estimated with time and fund family fixed effects, and standard errors are clustered

at the firm level.

Ownershipf
a

j,t ×Ownershipf
p

j,t =α+ β1Aflow
fa

t + β2ln(Mktcap)j,t + β3ROAj,t+

+Y ear + Family + ϵf,j,t
(4.7)

In the second regression with equation (4.8), the variable Distancef
p(a)

j,n,t measures the

voting attitude distance between passive(active) funds in a fund family and ISS recom-

mendations for a specific issue n in firm j at time t. The variable
̂

Ownershipf
a

j,t ×Ownershipf
p

j,t

is the predicted incentive coming from the first stage regression, which captures the in-

centive change induced by individual clients’ actions. The firm characteristics ln(Mktcap)j, t

and ROAj, t are controlled for in the regression. The time fixed effect, industry fixed

effect, and the fund family fixed effect are included as well. The standard error is clus-

tered at the firm level18. The expected result is that β1 is negative, as our hypothesis

suggests that when active funds’ incentive is higher, passive funds and active funds are

more likely to vote against ISS company recommendations.

18The 2SLS is conducted by STATA, thus the standard deviation is adjusted automatically, compared

with running two separate regression.
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Distancef
p(a)

j,n,t =α+ β1Îf,j,t + β2ln(Mktcap)j,t + β3ROAj,t+

+ Y ear + Family + ϵf,j,n,t
(4.8)

4.6.2 First stage: passive funds’ fund flow from individual clients and

active fund’s portfolio

Table 4.7 presents the results of the relationship between individual investor fund flow

and fund family’s passive and active ownership. The sample excludes observations where

the average individual investor passive fund flow (Alfowfp

t ) exceeds (below) 99% (1%)

of the distribution.19 The analysis controls for firm size (ln(Mktcap)j,t) and profitabil-

ity (ROAj,t) and includes year, industry, and family fixed effects. Standard errors are

clustered at the firm level. Panel A regression (1) and Panel B regression (1) indicate a

positive correlation between firm size (ln(Mktcap)j,t) and fund family passive ownership

(Ownershipf
p

j,t), as passive funds tend to invest more in larger firms with higher index

weight. Panel A regression (2) and panel B regression (2) show a negative correlation

between firm size (ln(Mktcap)j,t) and fund family active ownership (Ownershipf
a

j,t) and

profitability (ROAj,t), as active funds tend to invest more in smaller and poorly per-

forming firms.

Passive fund individual investor fund flow is a valid instrument only if it can affect

Ownershipf
a

j,t×Ownershipf
p

j,t but not funds’ voting. To ensure that the instrument does

not affect funds’ voting, it is important to make sure that the fund flow is not related

to the fund’s voting strategy or firm value information. The use of average individual

investor passive fund flow (Alfowfp

t ) addresses the concern that fund flow could be re-

lated to the individual fund level voting strategy, while the inclusion of institution fixed

effects helps to control for the voting strategy at the fund family level.

Passive fund individual investor fund flow is not related to individual firm value in-

formation, as shown in Table 4.7. Specifically, panel A regression (1) shows a significant

positive relationship between average individual investor passive fund flow (Aflowfp

t )

and fund family’s passive ownership (Ownershipf
p

j,t) with a coefficient of 0.0032. On

the other hand, panel B regression (2) indicates that average individual investor ac-

tive fund flow (Aflowfa

t ) does not affect fund family “co-present” active ownership

(Ownershipf
a

j,t), suggesting that individual investor fund flow is not informative and

cannot predict active funds’ investment. However, panel B regression (1) shows that

19Firstly, our focus is on mutual funds experiencing normal cash flow, rather than extreme scenarios.

Secondly, data truncation can occur if total net asset data is missing for a month, resulting in extreme

fund flow fluctuations that do not reflect actual fund flows.
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average individual investor active fund flow (Aflowfa

t ) can predict fund family’s pas-

sive ownership (Ownershipf
p

j,t) significantly with a coefficient of 0.0034. This finding

suggests that there is a correlation between the investing time of individual clients of

passive funds and active funds, while active funds do not adjust their portfolios based

on the fund flow of individual investors.

Furthermore, fund family’s active fund ownership also responds positively to passive

fund individual investor fund flow. Panel A regression (2) shows that average individual

investor passive fund flow (Aflowfp

t ) has an even greater impact on fund family’s active

ownership (Ownershipf
a

j,t) with a coefficient of 0.0055. This suggests that active funds

are seeking to take advantage of the change in passive funds’ ownership.

Overall, passive fund individual investor fund flow is a significant predictor ofOwnershipf
a

j,t×
Ownershipf

p

j,t . Given that it positively predicts both fund family’s passive ownership and

active ownership, I would expect it to positively predict Ownershipf
a

j,t ×Ownershipf
p

j,t .

Panel A regression (3) confirms this, with average individual investor passive fund

flow (Alfowfp

t ) having a positive coefficient of 0.0029 in predicting Ownershipf
a

j,t ×
Ownershipf

p

j,t .
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Table 4.7: Individual investor fund flow and fund family’s passive and active ownership

Table 4.7 reports the impact of individual investor fund flow on fund family’s passive and active own-

ership. I run the regression of Ownershipf
p(a)

j,t (Ownershipf
p

j,t × Ownershipf
a

j,t) = α + β1Aflowfa

t +

β2ln(Mktcap)j,t + β3ROAj,t + Y ear + Industry + Family + ϵ. Aflowfa

t measures the co-present

fund family’s average individual investor active fund flow at time t. Aflowfp

t measures the co-present

fund family’s average individual investor passive fund flow at time t.Ownershipf
a

j,t × Ownershipf
p

j,t ,

which is employed to measure the incentive that the active funds want to affect the passive funds.

Ownershipf
a

j,t × Ownershipf
p

j,t is Ownershipf
a

j,t × Ownershipf
p

j,t × 100. ln(Mktcap) and ROA are in-

cluded to control for firm size and firm profit. Ownershipf
a

j,t and Ownershif
p

j,t are the fund family f’s

active ownership and fund family passive ownership in a specific firm j at time t. Year fixed effect,

industry fixed effect and Institution fixed effect are included. The standard errors are clustered at firm

level. The significance levels are at 1%, 5% and 10% respectively.

Panel A : Passive fund individual investor flow

(1) (2) (3)

Ownershipf
p

j,t Ownershipf
a

j,t Ownershipf
a

j,t ×Ownershipf
p

j,t

Aflowfp

t 0.0032*** 0.0055*** 0.0029***

(0.0007) (0.0009) (0.0009)

ln(Mktcap)j,t 0.0004*** -0.0013*** 0.0012***

(0.0001) (0.0001) (0.0001)

ROAj,t 0.0014 -0.0083** 0.0020

(0.0018) (0.0041) (0.0030)

Year fixed effect Yes

Industry fixed effect Yes

Institution fixed effect Yes

N 125,284 125,285 125,284

Panel B : Active fund individual investor flow

(4) (5) (6)

Ownershipf
p

j,t Ownershipf
a

j,t Ownershipf
a

j,t ×Ownershipf
p

j,t

Aflowfa

t 0.0034*** -0.0010 0.0003

(0.0006) (0.0010) (0.0008)

ln(Mktcap)j,t 0.0005*** -0.0009*** 0.0012***

(0.0001) (0.0001) (0.0001)

ROAj,t 0.0032* -0.0067* 0.0037

(0.0018) (0.0036) (0.0027)

Year fixed effect Yes

Industry fixed effect Yes

Institution fixed effect Yes

N 140,589 140,589 140,589
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4.6.3 Second stage: active funds’ incentive and passive funds’ voting

Active funds’ voting alignment incentives have an impact on the voting behavior of

“co-present” passive funds, as shown in Table 4.8. Regression (1), (2), and (3) report

the impact on “co-present” passive funds, “co-present” active funds, and “co-present”

funds. As expected,
̂

Ownershipf
a

j,t ×Ownershipf
p

j,t is negatively significant for the vot-

ing distance of “co-present” passive funds, “co-present” active funds, and “co-present”

funds, with coefficients of -55.1362, -55.4522, and -51.9326, respectively. When active

funds have a higher incentive to align passive funds in the same fund family to vote with

them, the voting distance decreases. A voting distance measure of 1(0) means mutual

funds vote 100% (0%) with ISS company recommendations. A decrease in the voting

distance measure means mutual funds are more likely to vote against ISS company rec-

ommendations. Therefore, active funds’ voting alignment incentives make passive funds

in the same fund family more likely to vote against ISS company recommendations.

Based on the 2SLS results, a causal relationship between active funds’ voting align-

ment incentive and the impact on passive funds’ voting can be established. The first

stage results reveal that active funds within the same fund family increase their stakes in

the firm when the passive funds’ ownership within the same fund family increases. This

action increases the probability that value-enhancing actions pass and the benefits that

active funds can obtain. Therefore, this increases their incentive to align the voting of

passive funds significantly. The second stage results for “co-present” funds voting show

that the increased incentives have a real impact on both passive funds and active funds

voting. This impact leads to both passive and active funds being less likely to vote with

ISS company recommendations.
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Table 4.8: Second stage regression of interplay analysis

Table 4.8 reports the second stage regression of voting interplay analysis. I do the analysis of pre-

dicted incentive
̂

Ownershipf
a

j,t ×Ownershipf
p

j,t on voting distance Distancef,j,t. I run the regres-

sion of Distancej,n,t = α + β1
̂

Ownershipf
a

j,t ×Ownershipf
p

j,t + β2ln(Mktcap)j,t + β3ROAj,t + Y ear +

Industry + Family + ϵj,n,t.
̂

Ownershipf
a

j,t ×Ownershipf
p

j,t is predicted incentive coming from the first

stage regression, which captures the incentive change induced by individual clients’ actions on passive

funds.
̂

Ownershipf
a

j,t ×Ownershipf
p

j,t is actually
̂

Ownershipf
a

j,t ×Ownershipf
p

j,t × 100. ln(Mktcap)j,t

and ROAj,t are used to control for firm size and firm profitability. Year fixed effect, industry fixed effect

and institution fixed effect are included. The standard errors are clustered at firm level. The significance

levels are at 1%, 5% and 10% respectively.

Distancej,n,t| Agree IMj,n,t = 0

(1) (2) (3)

Distancef
p

j,n,t Distancef
a

j,n,t Distancefj,n,t̂
Ownershipf

a

j,t ×Ownershipf
p

j,t -55.1362*** -55.4522*** -51.9326***

(18.2770) (18.1417) (17.1821)

ln(Mktcap)j,t 0.0800*** 0.0804*** 0.0731***

(0.0255) (0.0253) (0.0240)

ROAj,t 0.1634 0.1856 0.1852

(0.1765) (0.1781) (0.1675)

Year fixed effect Yes

Industry fixed effect Yes

Family fixed effect Yes

N 125,284 125,284 125,284
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4.7 Robustness check

4.7.1 Co-present status and passive, active funds’ voting

In this part, I analyze the voting behavior of active funds and passive funds for the

co-present situation. I employ different sub-samples to examine passive fund voting

behavior. Following Ai and Norton (2003) and Greene (2010), which show that in-

terpreting interaction terms in nonlinear models is challenging, I use sub-samples for

analysis. Firstly, I separate the funds into two groups: passive and active funds, to

gain a general idea of the differences in their voting patterns. Secondly, within the

passive/active groups, I analyze the voting behavior when the ISS company and man-

agement team have the same recommendation or not. This step allows us to understand

fund voting patterns when more input is required. I expect the funds to behave differ-

ently when they cannot simply follow the recommendation. The regression model used

is Equation (4.9), and I expect the difference between β1 when Agree IM = 0 and β1

when Agree IM = 1 to be negative.

P (With ISSi,j,n,t|Agree IMj,n,t) =f(α+ β1Co− presenti,j,n,t + β2Ownershipi,j,t+

β3Weighti,j,t + β4TNAi,t + β5ln(Mktcap)j,t+

β6ROAj,t + Y earj + Indj + ϵi,j,n,t)

(4.9)

Table 4.9 presents the logistic regression results for modeling the voting behavior of

passive and active funds. The samples are divided based on whether the management

team recommendations and ISS company recommendations are the same or not. Regres-

sions (1) through (4) report the results for all passive and active funds, while regressions

(5) through (8) report the results for the sub-sample with “Partial co-present” passive

funds and “Partial co-present” active funds.

Passive funds and active funds are similar in their consideration of firm-level charac-

teristics (firm size and firm profitability). Firstly, when the management team and the

ISS company have the same recommendation (Agree IM = 1), firm size does not affect

funds’ voting decision. The coefficient of market capitalization ln(Mktcap)j,t is insignif-

icant for both active and passive funds. However, it becomes positively significant when

the recommendations are different (Agree IM = 0). For large firms, mutual funds tend

to vote with ISS recommendations when the management team and the ISS company

have different opinions regarding a specific issue. Secondly, mutual funds are more likely

to vote with the management team when ROAj,t is high and the ISS company does not

contradict its recommendation (Agree IM = 1). The coefficient of ROAj,t is positively

significant for both active and passive funds. However, when the ISS company contra-

dicts the management team’s recommendation (Agree IM = 0), ROAj,t does not affect

mutual funds’ voting decision anymore.
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When the management team and ISS company have different recommendations,

both passive and active funds consider fund ownership and portfolio weight similarly.

Firstly, fund ownership in the firm and portfolio weight play a stable role in the active

funds’ decision-making process, regardless of the conflict status between the manage-

ment recommendation and ISS company recommendation. Active funds are more likely

to vote against ISS recommendations when they have larger ownership (Ownershipi,j,t)

or when the firm’s share value occupies a larger proportion in the fund’s total net as-

set (Weighti,j,t). Active funds have an incentive to research the firms that they can

influence more and that matter more in their portfolio. When the management team

and ISS company have different recommendations, active funds rely more on their own

research, and the importance of firm ownership Ownershipi,j,t and Weighti,j,t increases.

Secondly, passive funds behave like active funds when the management team and the

ISS company have different recommendations. With higher ownership (Ownershipi,j,t),

passive funds are more likely to vote against ISS recommendations. Portfolio weight

Weighti,j,t doesn’t affect their decision process. However, when the recommendations

are different, larger ownership (Ownershipi,j,t) in the firm and larger portfolio weight

(Weighti,j,t) decrease the probability to vote with ISS company. Besides, passive funds’

total net asset TNA does not affect their voting behavior, while active funds’ total net

asset TNA decreases the probability that they vote with ISS recommendation for items

with different recommendations. This finding supports the idea that the probability of

voting with ISS recommendations decreases when active funds have more resources to

do research.

The voting behavior of “co-present” funds and “single-present” funds differs depend-

ing on whether the management team and ISS company have the same recommendation

or not. For passive funds, when Agree IM = 1, “co-present” passive funds are more

likely to vote with ISS recommendations than “single-present” passive funds. However,

when Agree IM = 0, “co-present” passive funds are less likely to vote with ISS recom-

mendations than “single-present” passive funds. For active funds, when Agree IM = 1,

“co-present” active funds are equally likely to vote with ISS recommendations as “single-

present” active funds. But when Agree IM = 0, “co-present” active funds are less

likely to vote with ISS recommendations than “single-present” active funds. Thus,

the behavior of “co-present” passive funds and “co-present” active funds changes when

Agree IM = 0 if I take Agree IM = 1 as the baseline. 20 The summary statistics

show that both “co-present” and “single-present” funds are less likely to vote with ISS

recommendations when Agree IM = 0, but “co-present” funds decrease more. The

“co-present” status creates forces that affect the voting behavior of passive and active

20Mutual funds rely on the ISS company service, and when the ISS company has the same recommen-

dation as the management team, mutual funds have their default choices. When the recommendations

are different, they need to rely more on their own signals to vote.
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funds when Agree IM = 0.

The results of the “Partial co-present” passive funds and the “Partial co-present”

active funds restricted sample are consistent with the whole sample. By eliminating the

concern of fund characteristic differences, the restricted sample can help us understand

the voting behavior differences of the same fund being a “co-present” fund or a “single-

present” fund. The regression results (5) - (8) are similar to the results of regression (1)

- (4).

Overall, our regression analysis suggests that active funds are more likely to vote

against ISS recommendations when they have a larger ownership stake in a firm or

when the firm’s share value has a higher portfolio weight. This is particularly true when

the management team recommendation and the ISS recommendation are different. Pas-

sive funds exhibit a similar pattern for items with different recommendations. When

active funds need to rely on their own research, the resources they can utilize become

important. Additionally, the “co-present” funds’ voting behavior is related to their “co-

present” status. Thus, the condition where the management team recommendation and

the ISS recommendation are different is valid for detecting mutual funds’ own voting

attitudes.
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Table 4.9: Regression of Passive fund and active fund voting behavior

Table 4.9 reports the logistic regression results modelling the voting behavior of passive funds and active funds. Regression (1) - (4) reports the all passive funds and all active

funds, while regression (5) - (8) reports the sub-sample with “Partial co-present passive” funds and “Partial co-present active” funds. The samples are separated whether

management team recommendation and ISS company recommendation are the same or not. Agree MIi,j,n,t is the dummy variable that equals 1 if for a specific voting item,

the management team recommendation and the ISS company commendation are the same. Otherwise, it equals 0. The Logit regression P (With ISSi,j,n,t|Agree MIi,j,n,t) =

f(α+β1Co−presenti,j,t+β2Ownershipi,j,t+β3Weighti,j,t+β4ln(TNA)i,t+β5ln(Mktcap)j,t+β6ROAj,t+Y earj + Indj + ϵi,j,n,t) is employed. With ISSi,j,n,t is a dummy

variable, which equals one when the fund vote in the same direction as the ISS company recommendation. Ownershipi,j,t is the fund ownership. Weighti,j,t is the weight

of the firm’s share value in the fund portfolio. TNAi,t is the fund’s total net asset under management. ln(Mktcap)j,t is market capitalization. ROAj,t is firm j’s return on

asset. Time fixed effects and industry fixed effects are included. The industry code is the first two digits of SIC code from Compustat. Coefficients and standard errors are

reported. Standard errors are Clustered standard at the fund level. The significance levels are at 1%, 5% and 10% respectively.

Vote with ISS recommendation

Passive Active Partial Co-present passive funds Partial Co-present active funds

Agree IM=1 Agree IM=0 Agree IM=1 Agree IM=0 Agree IM=1 Agree IM=0 Agree IM=1 Agree IM=0

(1) (2) (3) (4) (5) (6) (7) (8)

Co− presenti,j,t 0.3536*** -0.1607** 0.0464 -0.4615*** 0.2014** -0.0758 -0.0869 -0.6735***

(0.0879) (0.0724) (0.0680) (0.0752) (0.0933) (0.0699) (0.0832) (0.1215)

Ownershipi,j,t 29.7225*** -30.9428* -4.7983** -17.2845*** 27.6746** -27.8683 0.5980 -6.9915**

(9.7344) (17.3687) (2.0853) (3.3242) (11.9822) (20.2701) (2.8031) (2.9418)

Weighti,j,t 2.8538 -18.1509*** -3.5340*** -7.6746*** -2.8872 -31.8010*** -3.6053** -10.4103***

(4.4005) (3.1749) (0.7940) (1.9958) (3.4936) (4.8127) (1.4222) (3.0201)

ln(TNA)i,t -0.0082 -0.0564 -0.0014 -0.0992*** -0.0238 -0.0641 -0.0471 -0.1301***

(0.0373) (0.0415) (0.0180) (0.0242) (0.0535) (0.0527) (0.0297) (0.0388)

ln(Mktcap)j,t 0.0114 0.0587*** -0.0084 0.0374*** 0.0385 0.0806*** 0.0031 0.0874***

(0.0316) (0.0220) (0.0161) (0.0135) (0.0363) (0.0260) (0.0209) (0.0237)

ROAj,t 1.0111*** -0.0737 0.7260*** 0.2128 1.1256*** -0.1864 0.9505*** 0.1187

(0.1548) (0.1223) (0.1706) (0.1767) (0.1618) (0.1317) (0.2328) (0.2306)

Industry fixed effect Yes

Year fixed effect Yes

N 6,505,848 887,277 10,530,015 1,365,342 5,093,948 696,185 4,505,245 585,683
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4.7.2 Active funds and passive funds co-invest - Evidence from Russell

index reconstitution

Passive funds are designed to track index performance, meaning that they invest in a

basket of securities that mirrors the index. Thus, any changes to the index constitu-

tion due to an exogenous shock would affect passive funds’ ownership. On the other

hand, active funds are not directly impacted by such shocks. However, active funds may

strategically use the passive funds’ position, and their ownership may also react to the

index constitution. To examine the co-investment of active and passive funds within the

same fund family, I use the Russell index reconstitution as the exogenous shock.

Russell index reconstitution

The Russell 3000 index is a stock market index that tracks US stocks, maintained by

FTSE. It is comprised of the Russell 1000 index and the Russell 2000 index. Every year

in June, the components of the two indexes are changed based on market capitalization

in May. On June 23, 2017, prior to the reconstitution, there was a total of $47.1 bil-

lion and $28.9 billion traded in the closing moments of the New York Stock Exchange

(NYSE) and NASDAQ exchanges, respectively.21

The Russell 3000 index is reconstituted annually, typically in June. Prior to 2007,

firms were ranked by market capitalization and the top 1000 were assigned to the Russell

1000 index, while the firms ranked between 1001 and 3000 were assigned to the Russell

2000 index. The market capitalization used as the benchmark was determined on a

single day in May. After 2007, if an existing member’s market capitalization falls within

5% of the market capitalization breakpoint, it remains in its current index rather than

being moved to a different index based on market capitalization. This means that the

reconstitution around the breakpoint can be considered a random event, as no one can

precisely control the break point or the index assignment.

Due to the weight assignment of the two indexes, the ownership structure of index

funds will display a discontinuity pattern around the break point. The Russell 1000

index assigns a lower weight to firms above the break point, while the Russell 2000

index assigns a higher weight to firms below the break point. As a result, index funds

that track these firms will buy more shares of firms below the break point, leading to a

discontinuity in the ownership structure.

21http://www.ftserussell.com/research-insights/russell-reconstitution/reconstitution-frequently-

asked-questions
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(a) Average passive ownership (b) Average active ownership

Figure 4.1: Average “passive and active co-invest” fund family ownership from 2005 to

2012

(a) Average passive ownership (b) Average active ownership

Figure 4.2: Average “passive and active co-invest” fund ownership from 2005 to 2012

Passive and active co-invest ownership

It’s common that fund families have both Passive and active funds. Among these fund

families, I define the fund families that have passive and active funds investing in the

same firm as the “passive and active co-invest” fund family. Figure 4.1 presents the

“passive and active co-invest” fund family’s average ownership around the Russell index

cutoff point from 2005 to 2012. Figure 4.1a displays the average passive ownership for

“co-invest” fund families. As expected, the figure shows a clear discontinuity pattern

around the cutoff point of 1000. The passive ownership of the Russell 1000 index bottom

firms is much lower than that of the Russell 2000 index top firms. Figure 4.1b depicts

the average active ownership for “co-invest” fund families. Unlike passive ownership,

active ownership does not exhibit a discontinuity pattern and has an upward trend. On

average, active ownership is higher than passive ownership.

However, the “co-invest” passive and active funds’ firm ownership is higher. I track

the average “co-invest” ownership of passive and active funds from the same fund fam-

ily, which excludes the firm ownership that is not co-held by passive and active funds.

Figure 4.2 reports the “passive and active co-invest” fund ownership from 2005 to 2012.

Figure 4.2a reports the average “co-invest” passive ownership across “co-invest” fund
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Figure 4.3: Average “co-invest” active and passive ownership relative size from 2005 to

2012

families, which is higher than that in Figure 4.1a. Figure 4.2b reports the average “co-

invest” active ownership across “co-invest” fund families, which is also higher than that

in Figure 4.1b. It suggests that active funds are more likely to co-invest with passive

funds when passive funds have higher ownership.

Around the cutoff point, there is a decrease in active ownership relative to passive

ownership. To understand the changes in active and passive ownership, I calculate the

“co-invest” active and passive ownership relative size Relative sizefj,t for the “co-invest”

fund family f in firm j at time t using equation (4.10). Figure 4.3 plots the average “co-

invest” active and passive ownership relative size from 2005 to 2012. The graph shows

two downward-sloping trends and a discontinuity pattern around the cutoff point. Ac-

tive ownership decreases (increases) more in response to a decrease (increase) in passive

ownership. This finding is consistent with the relationship between active fund owner-

ship and individual investor passive fund flow.

Relative sizefj,t =
Ownershipf

a

j,t −Ownershipf
p

j,t

Ownershipf
p

j,t +Ownershipf
a

j,t

(4.10)

In summary, it’s consistent with the impact of passive funds’ individual client flow on

active funds’ ownership. active funds consider the passive ownership of the same fund

family when making investments. This differs from passive ownership held by other

fund families, as active funds can utilize the passive ownership within their own fund

family. If passive funds lack voting incentives, active funds can encourage them to vote

in alignment with their own interests.
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4.8 Conclusion

Passive funds have become a significant component of equity mutual funds, with their

stakes being commonplace among firms as they seek to replicate market indices. Previ-

ous research has shown that passive funds are active voters and have a real impact on

firms’ voting outcomes. However, it is difficult to understand the increasing influence of

passive ownership if we do not understand their voting incentives.

This paper aims to shed light on passive funds’ voting behavior. Passive and active

funds from the same fund family could attend the same firm’s voting meetings, and

“co-present” passive funds hold most of the passive positions. The voting behaviors of

“co-present” passive funds are influenced by “co-present” active funds. Two active fund

incentive channels, the value-maximization channel and the beat-the-market channel,

are examined, and the results support the value-maximization channel. Active funds

have incentives to influence passive funds’ voting when they want to increase the prob-

ability of passing a value-enhancing proposal.

Furthermore, this paper finds that active funds allocate their investments based on

passive ownership, reacting to exogenous shocks such as changes in individual investor

fund flow or the Russell index reconstitution. The results show that active funds invest

more when passive ownership is higher, establishing a causal relationship between active

funds’ alignment incentives and passive funds’ voting behavior. Specifically, an increase

in active funds’ alignment incentives will make passive funds less likely to vote with ISS

company recommendations.

Overall, this paper argues that one source of passive funds’ voting incentives is the

efforts of active funds from the same fund family. This highlights the impact of passive

ownership on corporate governance and gives active funds more bargaining power for

firms with high passive ownership. For firms with less passive ownership, active funds

are less likely to invest and intervene.
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4.9 Appendix

4.9.1 Variable definition

Passive funds

I create a dummy (Passive), which equals one if the fund is an index fund or a Exchange-

traded fund.

Total net assets

The total net assets (TNAi,t) refer to the total net assets managed by fund i at time t.

Ownership

The ownership (Ownershipi,j,t) is defined as the number of shares owned by fund i

divided by the total number of common shares outstanding in firm j at time t. Mathe-

matically, Ownershipi,j,t =
Sharesi,j,t

Common Shares Outstandingj,t
.

Portfolio weight

The portfolio weight (Weighti,j,t) is defined as the value of firm j’s shares owned by

fund i divided by fund i’s total portfolio value at time t. Mathematically, Weighti,j,t =
Sharesi,j,t×Pricej,t

Total Portfolio V aluei,t
.

Active ownership and passive ownership in “co-present” fund families

I define “co-present” fund families as fund families that have both active and pas-

sive funds attending the same firm’s voting meeting. The family’s passive ownership

(Ownershipf
a

j,t) represents the “co-present” fund family’s active ownership in firm j.

Mathematically, Ownershipf
a

j,t =
∑

ia∈f Ownia,j,t. Similarly, the family’s passive owner-

ship (Ownershipf
p

j,t) represents the “co-present” fund family’s passive ownership in firm

j. Mathematically, Ownershipf
p

j,t =
∑

ip∈f Ownip,j,t.

Incentive from value maximization channel

I define incentive (If,j,t) as Ownershipf
a

j,t×Ownershipf
p

j,t , which measures the alignment

incentive for active funds to influence the voting behavior of the same fund family’s pas-

sive funds in firm j.

Incentive from beat the market channel

I define incentive (If,j,t) as max(Ownershipf
a

j,t − Ownershipf
p

j,t , 0), which measures the

relative size of active shares and passive shares from the same fund family f for a specific

firm j.

ISS recommendation

For each voting item, the Institutional shareholder service (ISS) company provides a

voting suggestion. In the literature, the ISS recommendation is believed to have real
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impact on the voting outcome (Iliev and Lowry (2015)). I define ISS recommendation

(ISSj,n,t) as a binary variable that equals 1 if the ISS company recommends voting for

proposal n in firm j at time t, and 0 otherwise in equation (4.11).

ISSj,n,t =

1, V ote Y es in item n

0, Otherwise
(4.11)

Management team recommendation

For each voting item, the management team (MGT) of the company provides a vot-

ing suggestion. For firm j, I define management team recommendation (MGTj,n,t) in

equation 4.12.

MGTj,n,t =

1, V ote Y es in item n

0, Otherwise
(4.12)

ISS company and management team co-recommendation

I create a dummy (Agree IMj,n,t) to identify the items that the ISS recommendation

and the management team recommendation are in the same direction.

Voting distance

Voting distance is designed to measure the voting attitude difference between passive

(active) funds in a fund family and ISS company recommendations. Passive funds are

defined as index funds and ETFs. Active funds are defined as other mutual funds. Vot-

ing distance is calculated as the equation (4.13). For firm j’s voting item n , I calculate

the percentage of passive (active) funds that vote with ISS company recommendations

in the fund family f.

Voting distance is designed to measure the voting attitude difference between passive

(active) in a fund family and ISS company recommendations. The percentage of passive

(active) funds that vote with ISS company recommendations in the fund family f is

calculated for each voting item n for firm j. The voting distance is then calculated using

the equation (4.13).

Distancef
p(a)

j,n,t =
Nfp(a)

vote with ISS recommendations

Nfp(a)
(4.13)
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Table 4.A1: Voting behavior of passive funds and active funds

Panel A: Passive funds

Vote with ISS recommendation | Agree IM = 0

All Partial co-present All co-present

Passive Passive Passive

(1) (2) (3) (4) (5) (6)

Ownershipf
a

j,t +Ownershipf
p

j,t -4.3691* -3.2106 -17.6946**

(2.3412) (2.1323) (7.7616)

Ownershipi,j,t -40.4568 -33.6601 -1.4952

(26.2426) (24.9449) (53.5172)

Weighti,j,t -30.1466*** -31.9369*** -28.5979*** -29.9185*** -40.8867* -35.3355*

(5.0513) (5.4534) (4.4662) (4.9019) (21.5808) (20.9676)

ln(TNA)j,t -0.0471 -0.0706* -0.0585 -0.0822** -0.1568 -0.0551

(0.0573) (0.0389) (0.0573) (0.0389) (0.1482) (0.1344)

ln(Mktcap)j,t 0.0254 0.0300 0.0399 0.0436 0.0091 -0.0368

(0.0360) (0.0353) (0.0343) (0.0335) (0.1601) (0.1591)

ROAj,t 0.2821 0.2204 0.2221 0.1648 1.2218 1.5081

(0.3068) (0.3427) (0.3054) (0.3328) (1.3055) (1.3509)

Year fixed effect Yes

Industry fixed effect Yes

N 391,736 391,736 347,404 347,404 44,318 44,318

Panel B: Active funds

Vote with ISS recommendation | Agree IM = 0

All Partial co-present All co-present

Active Active Active

(1) (2) (3) (4) (5) (6)

Ownershipf
a

j,t +Ownershipf
p

j,t -13.7648*** -12.2294*** -11.9067***

(1.5659) (1.5986) (2.4268)

Ownershipi,j,t 3.1696 4.3649 -8.0382

(3.1413) (3.5790) (5.0471)

Weighti,j,t -7.6976*** -5.5297** -9.3666*** -7.5884*** 1.0145 2.6316

(2.5217) (2.2968) (2.6790) (2.4790) (2.5153) (2.4126)

ln(TNA)j,t -0.1820*** -0.1139*** -0.2077*** -0.1474*** -0.0239 0.0331

(0.0305) (0.0301) (0.0284) (0.0284) (0.0445) (0.0429)

ln(Mktcap)j,t 0.0582** 0.0256 0.0906*** 0.0585* -0.0983*** -0.1228***

(0.0259) (0.0299) (0.0266) (0.0310) (0.0356) (0.0341)

ROAj,t 0.1969 -0.1477 0.1586 -0.1103 0.0308 -0.5077

(0.3231) (0.5220) (0.3560) (0.5180) (0.4567) (0.6351)

Year fixed effect Yes

Industry fixed effect Yes

N 485,521 485,521 386,599 386,599 98,921 98,921
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