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Abstract

The debate over the broader impact of the private equity industry has been a contentious topic in the academic literature.
While recently, private equity investors have endorsed sustainability in their investment strategies, little is known whether
the industry promotes sustainable transformation. This research uses data from the U.S. Environmental Protection Agency
on the emission and handling of toxic chemicals in U.S. factories from 1991 to 2021 as a proxy for facility sustainability.
The study reveals that, compared to the overall peer group facilities involved in a private equity takeover reduce pollution
by 1.55 %-points less and reduce production waste by 1.1 %-points more in the two years after takeover. Further analysis
indicates, that with a higher environmental hazard of the underlying chemicals, both the increase in pollution and the decrease
in production waste become more pronounced. The study reveals that private equity ownership does not result in enhanced
ecological sustainability. Further, the concurrence of the found trends with generally rising costs of both pollution control
and raw materials of higher hazards suggest that the private equity business model is only effective in achieving sustainability
goals if those are well aligned with financial objectives.
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1. Introduction 1.1. Background and motivation

At the forefront of modern finance, Modern Portfolio The-
ory' has evolved from a purely financial optimization frame-
work to a comprehensive approach that integrates consider-
ing environmental, social and governance (ESG) factors into
investment decisions, recognizing the importance of invest-
ing for both financial and non-financial outcomes. Sustain-
ability goals such as the United Nations Sustainable Devel-
opment Goals (SDGs) have created significant public and po-

The following chapter first gives an overview of the topic
and the motivation for its selection is provided. Then, the
significance of the topic to the scientific community is high-
lighted and a clear objective for the thesis is formulated.
Lastly, a brief outline of the thesis is presented, laying out
the structure of the upcoming chapters.

In the course of this publication, I would like to thank Prof. Dr. Reiner
Braun and the Chair of Entrepreneurial Finance of the Technical Univer-
sity Munich for granting me the opportunity to undertake my master’s
thesis under such an esteemed guidance. Special thanks go to my supervi-
sor, Lukas Hysky, whose insights and expertise greatly enriched my work.
His valuable input, creative concepts, and the flexibility he granted me in
pursuing my own ideas were essential to the research process. Lastly, I
am indebted to all friends and family members who have supported and
believed in my vision, ensuring that this journey was not just challenging
but also rewarding.
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litical pressure on the financial industry to steer investment
flows towards projects that promote a sustainable future.”
The ensuant behavior spurred the development of Socially

For the evolution of Modern Portfolio Theory see Elton and Gruber (1997,
pp. 1750-1758).

See United Nations (2023); A comprehensive synopsis of the Sustainable
Development Goals (SDGs), which commonly serve as the basis for many
investors’ ESG strategies, can be found on the official United Nations web-
site.
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Responsible Investment (SRI), an investment methodology
that assimilates social, environmental and governance con-
siderations to the process of making investment decisions.’
As for the public capital market, economic uncertainty and
financial crises are leading individual and institutional in-
vestors to express a preference for companies with better ESG
ratings.? Not least, ESG has also permeated the private mar-
kets, and private equity (PE) market participants have begun
to incorporate ESG concerns into their investment strategies
and are playing an increasingly significant role in the socially
responsible investing space.” The private equity industry has
a unique opportunity to foster transformation of portfolio
companies yet an unambiguous perception whether it has
capitalized on this potential remains elusive.® A frequent
challenge for research on this topic is the dearth of available
data from private companies immanent due to their private
status. Additionally, readily available data on ESG perfor-
mance is often not useful for academic research. For exam-
ple, ESG ratings have been identified as highly biased metrics
that do not provide a true picture of a company’s true impact
on its environing economy.” The general data scarcity prob-
lem results in academic research often limiting the research
to special cases, such as public to private deals or reverse
buyouts where the data situation is more affluent. However,
it has been demonstrated that such narrow analyses faintly
generalize to the entire population of PE deals.®

Recently, academia has taken an interest in publicly avail-
able pollution data from the United States Environmental
Protection Agency (EPA) to examine the impact of private eq-
uity ownership on environmental pollution. Emanating evi-
dence provides mixed results regarding the impact of private
equity ownership on pollution. Most notably, Abraham et al.
(2022) find that average pollution is generally reduced after
private equity takeover but is already lower before takeover
when the PE investor advocates ESG on its website.” Find-
ings from Bellon (2020) infer that a positive effect on envi-
ronmental impact is the case only in the presence of signifi-
cant liability risks.'” On the other hand, Shive and Forster
(2020) found that private equity is associated with no ef-
fect on greenhouse gas releases when controlling for indus-
try, time and location of the portfolio firms, respectively.'! In
light of this uncertainty, this thesis is motivated by the criti-
cal value a thorough understanding of the broader economic
implications of the private equity business model has. The
findings are critical for both the scientific community and pol-
icymakers, as well as for targeting in environmental decision-
making and the efforts of environmentalists.

To build on the existing findings and to clarify uncertain-

See Renneboog et al. (2008, p. 1724).
See Bauer et al. (2021, p. 3977).

See Zaccone and Pedrini (2020, p. 5727).
See Crifo and Forget (2013, pp. 22-23).
See Berg et al. (2022, p. 1316).

See Cohn et al. (2014, pp. 469-490).

See Abraham et al. (2022, p. 29).

10 see Bellon (2020, pp. 28-29).

11 gee Shive and Forster (2020, p. 1315).
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ties within this empirical domain, this study examines the
impact of private equity acquisitions on the sustainability of
target firms at the asset level. Subsequently, the motivated
research question that this thesis aims to address is: Does PE-
takeover lead to an improved level of environmental pollution
management in target companies at the facility-level?

1.2. Relevance of the research within this work

This thesis contributes to the existing body of literature
by exploring a relatively new area of environmental impact
assessment, that uses raw granular data about industrial pro-
cesses of facilities and chemical properties of pollutants to
link private equity ownership and environmental outcomes.
To operationalize the ESG performance of PE-backed assets,
a metric using changes in the amount of toxic chemicals as
a proxy for asset-level environmental sustainability is drawn
from the data of the Toxics Release Inventory (TRI) of the
EPA. Prior studies utilizing the TRI have mainly considered
pollution quantities without exploiting the granularity of the
TRI's environmental impact measurements as it has been
done for other areas of economic research.'?> By proceeding
with the toxicological data of the chemicals associated with
these pollutions the environmental ramifications of a pollu-
tion can be derived. The toxicological study of the nature
and quantity of pollution emanating from a PE-backed asset
thus allows an unequivocal indication of its environmental
impact, yet has not been involved in the research of the
impact of private equity.

Conclusively, this unveils a clear gap in the current re-
search on the matter of asset-level sustainability within the
private equity asset class that this thesis tries to fill from a
toxicological point of view.

1.3. Outline of the thesis

The remainder of this thesis is organized as follows:
Chapter 2 presents a review of recent literature on ESG and
its adoption in the private equity industry. This is followed
by a summary of current research that links the business
of private equity to the environmental impacts of portfolio
companies. The chapter concludes with the development
of hypotheses upon which the research in this thesis is pre-
sumed. The third section describes the data sources for the
research and the methods used. The fourth section examines
the results of the empirical analysis, while the fifth section
provides a detailed discussion of the results and the limi-
tations of the study. In addition, this last section provides
recommendations for further research on the topic.

For this study, it is important to discriminate between the
terms ESG and CSR, as they are not used interchangeably.
Specifically, ESG pertains to environmental, social and gov-
ernance issues, which encompass a broad range of social and
economic topics. In contrast, CSR specifically refers to a com-
pany’s actions with respect to ESG issues, which are usually

12 See for example Mastromonaco (2015, pp. 54-55) or Bradley C.
Karkkainen (2019, p. 116).
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(but not necessarily) hardly quantifiable in financial terms.**
In essence, the degree to which a company considers ESG is-
sues in its strategic decision-making process can determine its
level of CSR. Likewise, an investor’s approach to integrating
environmental, social and governance considerations into his
investment framework defines his strategy as socially respon-
sible investment (SRI).'*

2. Literature review

A growing body of literature comprises the adoption of
ESG in finance and private equity. The following sections pro-
vide an overview of the topics underlying this research and
introduce the context of the subsequent empirical analysis.
First, a discussion on the comprehension of ESG in Finance
and private equity is given. Then, recent literature on the
broader consequence of PE on the economy is reviewed and
lastly the hypotheses are elaborated.

2.1. Risk, value and business opportunity: ESG in finance

Environmental, social and governance, short ESG, fac-
tors have gained unprecedented importance in today’s busi-
ness landscape and are more salient than ever in investors’
decision-making. Within this connotation, the environmen-
tal (E) pillar is concerned with mitigating climate change,
reducing pollution, and preserving the natural world.*> The
social (S) pillar refers to social equality, human rights pro-
tection, and advocating for consumer rights'® and the gover-
nance (G) pillar addresses corporate governance, tax issues,
employee rights, and the promotion of fair compensation. Al-
though non-financial in the nature of its objective, ESG may
have direct financial implications. For example, regarding
the governance component, empirical evidence suggests that
employee representation on supervisory boards has a posi-
tive impact on firm efficiency and market valuation.'” The
bundle of ESG criteria incorporated as non-financial objec-
tives into strategic considerations determines the aim of the
corporate social responsibility, short CSR of a company. Con-
clusively, actively allocating capital towards firms with high
CSR qualifies an investment as socially responsible invest-
ment, short SRI, which prioritizes social and environmental
outcomes alongside financial returns.

In practice, ESG comprises factors that pose potential
risks present within an economy (e.g., the risk of rising sea
levels due to climate change), where the risks are innately
distributed unevenly across market agents in the economy
(e.g., a company located on the coast is at much risk due
to rising sea levels). Yet the materialization of these risks
must be assumed to be transmittable upon economic interac-
tion of the market agents (e.g., the coastal company may be

13 gee Gillan et al. (2021, p- 101889) for a detailed elaboration of the ter-
minology.

14 See Renneboog et al. (2008, p. 1724).

15 See Goodland (1995, pp. 2-8).

16 Gee Littig and Griessler (2005, p. 65).

17 See Fauver and Fuerst (2006, p. 677).
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a supplier to companies located inland), to an unknown de-
gree (e.g., the coastal company supplies a special good which
might not be easily substituted). In this notion, a firm max-
imizing its own shareholder value, can decide, whether to
consider only business risks that directly jeopardize the com-
pany’s business model or also to reduce uncertain risks as-
sociated with the company’s operations. Following the dis-
tinction of Knight (1921), ESG at the market agent level thus
reflects a confrontation with risks (i.e., the direct ESG risks)
and uncertainties (i.e., the uncertain ESG-risks).'® A CSR
strategy, as a risk management strategy that embodies stew-
ardship in addressing both risks and uncertainties, aims to
implement operational measures that not only address im-
mediate risk factors for the company, but also mitigate risk
factors for other stakeholders. Due to the antiegalitarian
distribution of direct ESG risks, a firm executing a such a
strategy will generate non-financial utility that benefit the
other stakeholders in managing their direct risks. By imple-
menting CSR strategies, organizations can proactively man-
age their resilience not only to known risks, but also to un-
known uncertainties whose occurrence, timing, and impact
are unclear but known to exist.!” As such, ESG considera-
tions can be regarded as an economic solution to internalize
the risks of other stakeholders in order to maximize long-
term shareholder value. Thus, the implementation of CSR
can be viewed as a Coasian solution to problems associated
with social costs, that relies on the principle of internalizing
externalities.’’ This is critical in developing an effective CSR
strategy for companies, as the costs determine the extent to
which the strategy can be implemented.

Likewise for an investor, developing an SRI strategy trans-
lates to the question of whether to base investment decisions
solely on the idiosyncratic risk-return characteristics of po-
tential investments or to tolerate suboptimal financial perfor-
mance in order to align with his philosophy of impact related
to social responsibility.”! This requires determining his own
willingness-to-pay for the implementation of sustainability in
the portfolio; if non-financial utility is to be derived from in-
vesting in socially responsible companies, then inferior finan-
cial performance to non-SRI investments will be accepted.
In cases of refractory underperformance, such investors may
consider whether adhering to Friedman, who argued that so-
cially responsible investing is less efficient than investing in
better performing conventional funds and using some of the
returns to support personal beliefs through charitable giving,
represents a more efficient way to achieve positive social im-
pact.”? This trade-off is especially pertinent in the light of
numerous examples where SRI funds underperform ethical

18 gee Jochen Runde (1998, pp. 539-546); For the original discussion on
the meaning of risk and uncertainty see Knight (1921).

19 See Galbreath (2009, pp. 120-122) for an investigation of strategical ob-
jectives of CSR strategies.

20 gee Heal (2005, pp. 387-409) for the application of the Goase theorem
on CSR in finance.

21 gee Renneboog et al. (2008, p. 1723).

22 Gee Friedman (2007, pp. 173-178); The so called Friedman Doctrine is a
common objection to the recent trend of CSR. The approach has created
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agnostic funds on a risk adjusted basis but at the same time
attract greater capital inflows than traditional funds, result-
ing in increased profits for the fund manager.>®> Here, limited
partners of an investment model also face increased agency
costs, since the naturally highly heterogeneous objectives of
SRI destabilize a fund managers’ obligation to pursue high
risk adjusted returns.”* Hence, for an investor embracing
SRI, substantial information about the CSR of a company is
essential to mitigate information asymmetry and assess the
SRI potential. This is especially crucial, since the quality of
CSR is not easily observable and investors can be taken for
a ride by managers who endorse responsible investment to
pander to investor preferences. The relevance of proper in-
formation about sustainability aspects of investees has led to
the development of various frameworks aimed at promoting
sustainable finance. Alongside the United Nations’ Sustain-
able Development Goals, the European Union’s Sustainable
Finance Disclosure Regulation (SFDR) is a prominent exam-
ple of such a framework, designed to increase transparency
and standardization of ESG reporting requirements for finan-
cial market participants.”® Similarly, initiatives such as the
UN Principles for Responsible Investment (PRI) are driving
the creation of new guidelines and values for sustainable in-
vesting globally.”®

The increasing market demand for ESG data is frequently
supplied with ESG ratings, which aim at providing invest-
ment professionals with ESG data and typically focus on rel-
ative performance, providing a broad view of the market with
comparisons across industries, peers, and companies. Yet
Berg et al. (2022) find a questionable correlation between
rating methodologies from different ESG-data vendors that
was as low as 0.38. According to their research, ratings di-
verge due to three aspects: scope divergence, which can be
seen as a selection bias in the type of data used for the rating;
measurement divergence, where indicators are measured dif-
ferently (i.e., a subjective application of different scientific
methodologies); and finally weight divergences, where em-
phasis is placed on different issues to assess CSR (i.e. the
preferential selection of certain ESG factors over others).?”
Overall, this emphasizes the importance of granular, objec-
tive data, obtained through reliable methods when assessing
a company’s interaction with the environment and society.

To summarize, the internalization of social costs asso-
ciated with externalities related to ESG factors as well as
investors’ willingness-to-pay for non-financial utility effec-
tively implement sustainability in economy. However, both
fail when stakeholders have diverging perceptions of what

an increasing market for charitable giving, where companies offset the
environmental damage of their operations by donating a part of their
profits, for example with voluntary carbon offset certificates. This is not
to be confused with the market for externalities due to Pigouvian taxes
such as pollution permits.

23 See Liang et al. (2022, pp. 1585-1590)

24 See Renneboog et al. (2008, pp. 1724-1725).

% See EUROSIF (2019).

26 See UN PRI (2019).

27 See Berg et al. (2022, pp. 1316-1317).
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constitutes ESG. This underscores the imperative of a collec-
tive theory of impact, in which all stakeholders in an economy
are committed to conjointly pursuing non-financial goals.?®

2.2. The role of ESG in the private equity industry

With the surge of SRI as investment theme in the last
decade, limited partners of private equity firms adopted sig-
nificant non-financial objectives, that the private equity gen-
eral partner must deliver with its investment case. As aresult,
general partners are under increasing pressure from limited
partners to allocate funds to projects that meet environmen-
tal, social and governance (ESG) objectives.?” An increasing
number of private equity firms have thus expanded their cor-
porate missions to engaging all key stakeholders as response
to the heightened focus on topics such as climate change, so-
cial issues or technology disruption. During the latest renais-
sance of private equity, proficient management of ESG risks
and the pursuit of ESG as a value opportunity have emerged
as a singular investment theme utilized by GPs to uncover
novel value drivers.*"

According to Crifo and Forget (2013), SRI renders two
main approaches for private equity firms.>! First, similar to
impact investing strategies in the public capital market, pri-
vate equity investors can use ESG criteria as a risk screen-
ing tool, either negatively to exclude companies, particularly
in certain industry sectors for ethical or moral reasons, or
positively, to actively seek out specific investment opportuni-
ties that align with their ESG principles. Indeed, many pri-
vate equity investors have been using environmental, social,
and governance metrics primarily as a risk management tool,
with ESG issues integrated mostly as incumbent risk factors
— in a 2020 survey, only 40 % of private equity managers
consider ESG as a value opportunity.>? The second approach
private equity investors take to SRI according to Crifo and
Forget (2013) is an engagement approach. Other than atom-
istic public financial market participants, PE has the potential
to actively promote objectives such as CSR in a portfolio com-
pany. By virtue of their controlling stake in the company, PE
investors can disrupt managerial entrenchment and thereby
mitigate the tendency to maximize short-term value at the
expense of long-term value.’® As elaborated in the previ-
ous chapter, long-term financial value demands preparing for
ESG-factors. Thus, PE firms will entail ESG considerations
because the private equity business model itself fosters CSR
as a side product by linking incentives to the long-term prof-
itability (i.e., considering ESG-risks and uncertainties) of the
firm.>* In that sense, the shareholder centric rationale of pri-
vate equity aligns SRI in the pursuit of the maximization of a

28 This highlights the importance of well-defined sustainability objectives
to work in an economy, such as the science-based targets, COP15 or the
Paris Climate Agreement.

29 See Bian et al. (2022, pp- 3-5).

30 See Indahl and Jacobsen (2019, pp. 34-36).

31 See Crifo and Forget (2013, pp. 22-23).

32 See Zaccone and Pedrini (2020, p. 5730).

33 See Shleifer and Vishny (1986, pp. 463-472).

34 See Sgrensen and Yasuda (2022, pp. 16-17).
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single objective where the internalization of social costs can
be assumed to be compensated by the reduction of agency
costs manifested in efficiency gains. It is interesting to con-
tend that, along these lines, stricter ESG regulations, which
append higher external costs to social and environmental fac-
tors, can be expected to act as Pigouvian taxes that further
tighten the alignment of SRI goals with the financial objective
of the private equity management model.

The adoption of ESG as value creation opportunity re-
quires the general partners to evaluate an additional set
of non-financial data to measure their progress toward SRI
goals. This necessitates a shift in the governance model pri-
vate equity firms apply to their portfolio companies, from
traditional financial metrics towards soft information about
CSR. The existing ambiguity in ESG data as well as the lack
of clear standards can be a significant barrier to pursuing SRI
strategies.>® Essentially, the issue centers on the measure-
ment of the externalities produced by portfolio companies
and the allocation of those externalities at the fund level.

2.3. The impact of private equity

A private equity firm is typically structured as a partner-
ship in which general partners, on behalf of limited partners,
control and actively monitor the board of directors of their
portfolio companies. With that, the private equity firm acts
as an intermediary between a large, mostly institutional
investor base and the private market, thereby occupying
a pivotal role in the financing of unlisted, mostly small to
medium-sized companies.’®° These companies require sig-
nificant capital investment to implement ESG considerations
operationally, and their inherent risks and information asym-
metries make traditional credit funding difficult to obtain.?”
Even in the presence of legal and regulatory frameworks
that mandates a firm to internalize a considerable portion of
the social costs linked to ESG factors, the expenses associ-
ated with environmental protection and social responsibility
can elicit insurmountable illiquidity barriers for private com-
panies. Private equity-backed firms are less constrained
financially, in principle enabling them to invest more freely
in abatement technologies. Consequently, it is argued that
such firms exhibit stronger incentives than other privately
held firms to reduce pollution levels when facing increased
ESG risks. As such, the PE business models is considered
as crucial to facilitating the transition to a more sustainable
economy.

However, the empirical evidence whether private equity
generates non-financial for the broader economy is inconclu-
sive, as prior research has yielded conflicting findings. While
at the time of the first private equity boom, Shleifer and
Summers (1988) argued that buyouts create shareholder
value at the expense of other stakeholders of the firm,® this

35 See Eccles et al. (2017, pp. 128-132).

36 See Kaplan and Stromberg (2009, pp. 122-124).
37 See Kim and Xu (2022, pp. 576-578).

38 see Shleifer and Summers (1988, pp. 33-68).
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cannot be directly inferred from current research. However,
one conjecture from the extant literature is that for the im-
pact on employer welfare pre-deal ownership status plays
a crucial role. Workers in private-to-private targets face in-
creased employment due to transferable skillset growth in
addition to a better wage growth in the long run,*” whereas
in public-to-private targets, workers performing automatable
tasks face a higher risk of unemployment,*’ with older male
workers being significantly worse off than their younger
counterparts.*’ Also, research has provided evidence of pri-
vate equity takeovers leading to a reduction of work hazards
for employees, thus contributing to improving the gover-
nance pillar of ESG by increasing workplace safety.*’ Lastly,
for the government, the immanent debt structure of lever-
aged buyouts in private equity transactions creates negative
spillover effects due to interest tax shields,*® although evi-
dence suggests that targets typically already have high levels
of leverage at the time of a buyout, and increases in debt
associated with the buyout only tend to be marginally rele-
vant.*

In addition, the impact of private equity on the ESG per-
formance of a portfolio company has been shown to be condi-
tional on the industry of the portfolio company and the regu-
latory regimes under which the business operates. Examples
for the positive asset-level effects of private equity takeover
can be found in the food industry for example, where private
equity buyouts have been shown to improve the quality of
customer service and experience. Restaurants are reported
to be better maintained after private equity takeover, espe-
cially when the private equity GPs have prior industry expe-
rience.*> On the contrary, private equity ownership has been
shown to be detrimental to consumers in sectors where inten-
sive government subsidy and economic moats of incumbents
can lead to financial incentives being misaligned with the so-
cial utility of the business. This is evidenced in the health-
care industry where the impact of private equity ownership
results in negative consequences for other stakeholders, par-
ticularly in terms of social factors such as affordable, high-
quality health care.*® A recurring observation in the litera-
ture is that the impact of private equity on the wider economy
and the environment depends on the regulatory and market
framework in which private equity portfolio companies oper-
ate. Accordingly, in competitive industries where incentives
are aligned between stakeholders, private equity buyouts of
companies create value for both consumers of the company
and its shareholders. Conversely, in more concentrated in-
dustries and those reliant on government as a customer base,
private equity ownership often leads to the pursuit of profit
maximization at the expense of other stakeholders. This di-

39 See Agrawal and Tambe (2016, pp. 2455-2460).
40 See Olsson and Tag (2017, pp. 697-702).

4l See Antoni et al. (2019, pp. 634-657).

42 Gee Cohn et al. (2021, p. 4835).

43 See Kaplan (1989, pp. 611-623).

44 See Cohn et al. (2022, p. 284).

45 See Bernstein and Sheen (2016, p- 2388).

46 See Atul Gupta et al. (2021, pp. 2-3).
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vergence in incentives between investors and consumers can
have long-term negative effects on the society, as evidenced
by the impact of PE ownership in higher education, where
private equity takeovers resulted in a decline of the qual-
ity of education while tuition fees increased.”” As such, it
is critical for policymakers to gain a deep understanding of
the inherent structures of the private equity model in order to
align the outcomes of the business model with desired soci-
etal and environmental objectives. Conversely, the presence
of misalignments in this investor model tends to be magni-
fied by the incentive power of the private equity management
model to maximize financial objectives.*®

Generally, discerning the impact of PE firms on asset-level
operations is difficult, primarily due to the private status of
PE-backed companies, which exempts them from mandatory
disclosure of financial and non-financial information. In that
light, disclosure laws, which are designed to provide the pub-
lic with information that is not typically included in the nor-
mal exchange of goods and services are valuable sources of
unbiased information on private companies. These laws, in
the US often referred to as "right-to-know" laws, have been
deemed necessary in various sectors of the economy. As for
the scientific community, right-to-know laws are thus cru-
cial for conducting research. The Toxic Release Inventory
from the US Environmental Protection Agency provides such
a data source and is one of the most extensive longitudi-
nal data series on facility environmental performance in the
United States. EPA's TRI data, with its comprehensive cover-
age and facility-level information dating back to 1988, offers
a valuable tool for examining the connection between eco-
nomic activities and their environmental impact. A detailed
elaboration of the scope and limitations of the TRI database
can be found in chapter 3.1 of this work.

2.4. Hypotheses development

As explained above, based on the shareholder theory, ESG
considerations are a valuable resource that private equity
managers are incentivized to exploit. The conjecture in this
thesis is that after a private equity takeover, regardless of the
type of deal, the private equity management will seek to iden-
tify and address inefficiencies that generate negative exter-
nalities in order to curtail the internalized social costs of the
asset. In the pollution data captured by the EPA, this should
manifest as a discernible decline in the amount of pollution
released commencing from the year of the deal.

The observable outcome as lower pollution has been re-
searched by Shive and Forster (2020), in the context of green-
house gas emissions of US facilities. They find that indepen-
dent private facilities have lower greenhouse gas emissions
than public firms and that this is possibly a result of concen-
trated ownership. In their research the private equity owner-
ship, in contrast to the private independent ownership, does

47 See Eaton et al. (2020, pp. 4032-4035).
48 See Sgrensen and Yasuda (2022, p. 41).
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not result in lower emissions.*” A more detailed view was
taken by Bellon (2020) in the context of the oil and gas in-
dustry, who finds that location-specific environmental liabil-
ity risk is a key driver of differences in the impact of PE own-
ership on pollution abatement at PE-owned facilities. The
absence of such risks results in private equity negatively in-
fluencing pollution at the target facility level (inferring that
private equity fails to internalize social costs and liability risks
and Pigouvian taxes are required to correct the market fail-
ure).”” An industry-agnostic view is taken by Abraham et al.
(2022), who use a staggered difference-in-differences design
to find that pollution reduction is less likely for portfolio com-
panies of private equity firms with high ESG disclosure than
it is for private equity firms with low or no ESG disclosure.
In their study, this is due to the fact that such PE firms select
already clean firms in the investment process.’!

To further this research, the question arises as to whether
the reduction in pollution following the acquisition by a pri-
vate equity firm is a) generally an effect of private equity
takeover or only present in certain industries and b) signif-
icantly increased at PE owned facilities in an all-else-equal
scenario. The corresponding null hypothesis is, that the re-
duced pollution is a reflection of the baseline decline in pol-
lution among TRI facilities over time. Hence, based on the
internalization of social costs in a shareholder value theory
and in accordance with the previous literature findings, the
following statement is hypothesized:

Hypothesis 1a: Private equity takeover leads to a
decrease in pollution post deal year

As mentioned above, CSR can include the consideration
of both imminent ESG-related risks and uncertainties related
to ESG factors. This is particularly relevant for private eq-
uity investors who seek to maximize long-term value over
short-term gains. To mitigate such risks, private equity man-
agement aims to minimize the potential impact of known po-
tentialities for the occurrence of unknown social costs (i.e.,
"known unknowns"). Given that the amount of hazardous
substance handled at a facility is a significant source of envi-
ronmental pollution, a private equity acquisition should re-
sult in a reduction in the amount of hazardous waste gener-
ated by the facility. Thus, the following hypothesis is consti-
tuted:

Hypothesis 1b: Private equity takeover leads to a
decrease in production waste post deal year

Private equity firms can leverage their expertise and over-
come information asymmetries to gain a comprehensive un-
derstanding of the assets they acquire. With this knowledge,

49 See Shive and Forster (2020, pp. 1296-1330); Alternatively to the TRI
database, EPA's Greenhouse Gas Reporting Program (GHGRP) has cap-
tured CO2-emission equivalents since 2010 and was used in their study.

50 See Bellon (2020, pp. 28-29).

51 See Abraham et al. (2022, p- 29).
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they can identify and mitigate risks and implement mea-
sures to address potentially costly issues. As a result, there
should be a discernible divergence between pollution associ-
ated with highly hazardous substances and those with min-
imal environmental or social impact. Along these lines, the
following hypothesis is constituted:

Hypothesis 2a: Private equity ownership results in
a greater reduction of highly dangerous pollution
compared to less dangerous pollution.

Similarly, the assessment of materialization risks related
to unknown social costs should result in a discernible differ-
ence in the amount of production-related waste generated by
highly hazardous versus less hazardous substances, resulting
in a reduced environmental hazard from the asset. Hence,
the following hypothesis is constituted:

Hypothesis 2b: Private equity ownership results in
a greater reduction of highly dangerous produc-
tion waste compared to less dangerous production
waste.

3. Methodology

The following section details the methodology used in
this thesis. First, the chapter highlights the data sources used
to compile the necessary data to construct the sample. Next,
the variables of interest and control variables used in the
analysis are outlined. Finally, this section elaborates on the
empirical models and examines the methods applied in the
analysis.

3.1. Data collection and sample reparation

A database of PE transaction data, facility-specific data,
and data on environmental pollution is needed to analyse
whether the acquisition of a facility’s parent company results
in a change in its environmental impact. This subsection first
explains the deal data source and the resources used to ob-
tain the environmental pollution data. Finally, the procedure
used to assemble the final data sample is presented.

3.1.1. Deal data source

The sample of private equity owned firms is drawn from
Preqin’s Private Equity Database. The Preqin Private Equity
Database contains information on PE firms, their funds, port-
folio companies linked to the funds and relevant fund per-
formance metrics such as deal date, financial performance
indicators, fundraising amounts and exits. Preqin’s data is
compiled by extracting information from regulatory filings,
press releases, the business press and website content.’? A
challenge encountered in utilizing the Preqin database is the
prevalence of inaccuracies in the company names of the tar-
get companies. This is because Preqin also captures informa-
tion on real asset deals or acquisitions of businesses units and

52 Gee Preqin (2023).
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spin-offs or carve outs. In addition, the target company iden-
tifier provided by Preqin is not compatible with other data
platforms used for this research. To obtain accurate company
identifications, a manual matching process was performed
against the Orbis company database of Bureau van Dijk, a
comprehensive business data resource on public and private
companies.”® The Orbis BvD IDs were added as company
identifier to the Preqgin data sample, which was necessary to
achieve a consistent match with the parent companies listed
by the EPA. The information used from Preqin and Orbis is as
of March 2022 and October 2022, respectively.

3.1.2. Facility-level sustainability data source — the TRI pro-
gram

To measure the asset-level sustainability of private eq-
uity transactions, this study utilizes the Toxic Release Inven-
tory from the Environmental Protection Agency of the United
States as data source for environmental pollution. The Toxic
Release Inventory is a database maintained by the EPA which
contains information on the use of certain toxic chemicals
by industrial facilities in the United States. Importantly, the
TRI also includes relevant facility information, such as loca-
tion, including exact address and industry sector, as well as
the name of the parent company. The database is open to
the public under www.epa.gov and can be downloaded or
accessed via an API. The jurisdictional basis for the TRI is
founded by the Emergency Planning and Community Right-
to-Know Act (EPCRA)>* enacted in 1986 as a response to a se-
vere incident at a chemical facility in West Virginia.”®> Under
the Section 313 - EPCRA, all industrial facilities in the US are
required to report to the TRI when they meet the following
minimum criteria: (i) their operations include the handling,
manufacturing, processing or otherwise use of a listed chem-
ical in quantities greater than a threshold during a calendar
year (usually 25,000 pounds; 11.34 metric tons of an indi-
vidual substance), (ii) more than ten full-time workers are
employed and (iii) it is classified under a relevant industry
sector.”® At the time of this research, 770 individually listed
chemicals and 33 chemical categories were covered by the
TRI; the full list is available on the EPA website.”” The TRI
database includes information on the release of these chemi-
cals to the environment (such as through air emissions, water
discharges, and land releases), as well as the use, disposal,
and treatment of these chemicals. Figure 1 provides an il-

53 See Bureau van Dijk Electronic Publishing Ltd (2023).

54 See “Toxic Chemical Release Reporting: Community Right-To-Know -
PART 372" (1988).

55 See Franklin (1985); The incident occurred at the same type of chemical
plant and just eight months after the Bhopal disaster in India, where a
cloud of highly toxic methyl isocyanate gas leaked from a Union Carbide
chemical plant in Bhopal, India, on Dec. 4th. Thousands of local people
died in which is considered as one of the worst industrial disasters in
history.

56 See EPA (2023); For a full list of all covered industry sectors see appendix
B.

57 See EPA (2022a).
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lustration of the TRI’s tracking of toxic chemicals.”® For the
research in this thesis, information on two reported quanti-
ties of toxic chemicals is taken from the TRI database for each
facility:

a) The quantities of on-site releases and off-site releases
are combined to give the total releases of toxic chem-
icals associated with a facility’s operations which are
indicative of a facility’s direct environmental impact;

b) The production waste as the amount of toxic chemi-
cals in all non-product outputs generated by the facil-
ity which is indicative of the potential of the facility to
cause a hazard to the environment. Notably, the total
releases are part of the production waste.

Emissions of environmental pollution of a particular facil-
ity can be analyzed both as total annual amounts (in pounds)
of hazardous chemicals (using the pristine data from the TRI)
and as total annual toxic loads using the Risk Screening En-
vironmental Indicators (RSEI) program from the EPA. RSEI
processes TRI data to account for the toxicity of a chemical
release based on its environmental implications. This is es-
pecially relevant when comparing various chemical releases
with respect to their environmental hazards.” In this thesis,
the full RSEI model itself is not used as it is only available for
a subset of a few large facilities in the TRI, but the following
information from the RSEI program about the total releases
and the production waste is obtained:

1) Carcionogen: This boolean variable indicates whether
the chemical associated with a reported quantity is con-
sidered as carcinogen by the EPA;®°

2) Persistent Bioaccumulative Toxics (PBT): This boolean
variable indicates whether the chemical exhibits a low
or no biodegradability and accumulates in living organ-
isms, persistently in adipose tissues of long-living ani-
mals i.e., humans.®

This research in this thesis innovates and introduces a
modified variable based on these indicators to define the en-
vironmental hagzard of a chemical. The environmental hazard
model (EHM) developed in this thesis is a primitive measure
to assess the severity of the pollution when a chemical is re-
leased to the environment. The environmental hazard levels
are used as pollution-specific control variables which allow
a more detailed assessment of the environmental impact of
a facility (i.e., a PE-owed asset) on an ordinary scale from 1
to 4. Figure 2 shows the interpretation of the environmental
hazard used for the research in this thesis.®

The TRI data used for this research included reporting
forms processed by the EPA as of October 19, 2022. The data

58 A detailed explanation of the TRI data model can be viewed in appendix
C pp. 3-6.

59 See EPA (2022b).

60 See EPA (2022D).

61 See EPA (2022d).

62 See p. 7 in appendix C for a more detailed explanation of the EHM.
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was retrieved on the facility-chemical-year level, meaning
that individual quantities for each specific chemical handled
at a facility in a reporting year were obtained. As the focus
of this study is the impact of private equity takeover on the
environmental impact of a facility, the observation of interest
is the change in the environmental impact of a facility ocur-
ring in the year of the acquisition. In this context, the relative
changes in the amounts of toxic chemicals present in produc-
tion waste and total releases, respectively are needed. To fa-
cilitate this, the total data sample was grouped by year, facil-
ity, and hazard level and aggregated by the hazard level. For
each facility-hazard-year observation, the difference d, for a
given reporting year t is obtained as shown in Formula 1 by
comparing the mean quantities (Y) two years before (ante)
and two years after (post) the reporting year, relative to the
mean quantities from the two years preceding (ante) the re-
porting year. This difference is calculated as

Yt+l + Yt+2 — Yz—l — Yt—Z
Yi1+Y (@D)]
ifVY.,; 2=1{-2,—1,1,2} are non-missing

d, =

where Y, denotes the sum of all quantities of toxic chem-
icals with the same hazard class handled in the facility in
the reporting year, normalized to the facility’s productivity
level for the reporting year under consideration.®® Normal-
ization allowed controlling for variations in pollution levels
attributable to fluctuations in production output, which is
necessary to eliminate the effects of increases or decreases in
the facility’s productivity on the change in quantities handled
at the facility. The difference is calculated for the quantities
of total releases and for the quantities of production waste
individually, henceforth called Difference Total Releases and
Difference Production Waste, respectively. Each difference is
calculated only for those reporting years in a facility-hazard
group that exist within conjunction of five consecutive report-
ing years, encompassing two preceding and two subsequent
reporting years.

3.1.3. Data preparation and sample construction

The data was prepared in a staged approach, where
the deal data sample was first assembled from the Pregin
database and then merged with the TRI database to pro-
duce the final sample. The initial Preqin deal data sample
consisted of 48,232 private equity acquisitions for which
Preqin provides transaction information, involving 38,694
unique companies. Of these, 29,652 unique target com-
panies involved in 37,308 transactions were successfully
matched manually to their record in the Orbis database. All
records with missing information on the year of the transac-
tion were then removed, resulting in 36,082 deals involving
28,945 unique companies. The initial TRI contains data from
18,526 facilities belonging to 4,887 companies. This pristine
database was also matched against the Orbis database on

63 See p. 19 in appendix C for a schematic explanation how the normalized
difference was retrieved.
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Off-site Release total

T *  Total quantity released on - Total quantity released
E site at the facility (62) at other locations (85)
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a Product to ; b ic
! market ]
. { Produchon Waste ] Transferred
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7 waste (116) 7 off site (103)
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|Hecycling offsite | |Trea1ment offsite

All quantities treated for All quantities treated for
recycled on-site destruction on-site recycled at off-site | | destruction off-site
(112) (114) locations (113) (115)

Figure 1: TRI data scope. The figure shows a simplified version of the data notation of the TRI-data points that a facility has to report for
any section-313 EPCRA chemical. Numbers in brackets represent data field number in the TRI basic datafile and are used to annotate data
for a facility in this thesis too. Dashed errors denote releases to the environment, solid arrows denote transport processes. Sources for
pollution are (a) e.g., fugitive or stack air, or (b) e.g., dust or leaching to groundwater while storing, additionally (c) e.g., loss during
transportation. While not used in this research, TRI also captures utilization of substance for energy production (d). Also, for (a), (b) and
(c): loss of containment as one-time release is covered by the TRI under No. 117, though rarely reported in general. Source: authors own
illustration according to EPA (2022c).

Evaluation parameter
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| Environmental Hazard Model ‘
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Figure 2: Environmental Hazard Model. The figure shows the interpretation of the environmental hazard of pollution based on RSEI
indicators "Carcinogen" and "PBT".

the standardized parent company name®* using the Orbis
search engine, to generate registries with Orbis IDs. To ob-
tain the final sample for the analysis, the TRI sample was
then merged to the deal data sample on the Orbis ID which
resulted in 330 deals with 219 target companies. A total of
709 TRI-covered facilities were associated with these com-
panies. For all of the 219 TRI-covered target companies, the
matched Orbis record was verified manually to prevent false
matches of PE-backed companies.

From the final datasample, the following information is
obtained: the name of the facility, the verified Orbis ID of
the parent company, its location at the state level, its classifi-
cation in one of 23 industries, the name of the chemical, the
amount of production waste and total releases for each chem-

64 To enable consolidation of facility-level TRI data with the corresponding
parent company, EPA maintains consistent referencing of each company
by using the name EPA manually verified. This eliminates typos and vari-
ations in names that complicate data aggregation on the parent company
level. It also enabled automatic matching by the Orbis search engine with
high accuracy.

ical used at a facility in a reporting year, respectively, the pro-
ductivity ratio as the change in productivity from a previous
year to the reporting year, and additionally Boolean indica-
tors of whether the chemical is classified as a carcinogen or
a persistent bioaccumulative toxic, respectively, and whether
the facilities parent company was involved in a transaction
during the reporting year. Before assemling the final data
sample, all registries corresponding to less than 5 reporting
years of a facility as well as registries with missing productiv-
ity ratio and or missing quantity for production waste were
excluded. The composition of the final sample is summarized
in Table 1. The final sample contains data from 1991 to 2021,
which resulted in 357,366 facility-year observations in total
and thereof 1,054 facility-year observations for facilities as-
sociated with an acquired parent company. Since the quanti-
ties of toxic chemicals used by a facility in a reporting year are
recorded separately for each chemical, the final data sample
consisted of 1.45 million facility-chemical-year observations,
of which 3,970 observations belonged to facilities involved
in a PE transaction. The quantities for production waste and
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total releases, respectively, were then aggregated at the facil-
ity level by substituting the variables "carcinogen" and "PBT"
with the environmental hazard as a model variable. After
this, the final sample consisted of 609,916 total and thereof
1,746 deal-related facility-hazard-year observations.

3.2. Variables and empirical models

In this section first, the classification for the independent
variable is derived, which is followed by the definition of the
dependent variables. Lastly, control variables are established.
The chapter then elaborates the construction of the empirical
model of this thesis.

3.2.1. Independent variable

A dichotomous independent variable PE is constructed
which indicates treatment of an observation (involvement of
a facility in a private equity takeover) in a reporting year t.
Formula 2 gives the mathematical definition of the indepen-
dent variable. It is defined as

1, the reporting year is a deal year
PE = .
0, otherwise

2

This study assumes that the Preqin database contains all
US private equity deals between 1991 and 2021. All obser-
vations which exhibit the value PE = 0 constitute the group
of untreated observations (= the control group).

3.2.2. Dependent variable

In order to test the hypotheses that private equity takeover
leads to a reduction in environmental pollution through re-
duced total releases and to decreased quantities of toxic
chemicals in production waste, the dependent variables are
defined as follows:

a) For hypotheses 1a and 2a, the difference d is defined
according to Formula 1 for the amount of total releases,
distinguishing between hazard levels 1 to 4 for hypoth-
esis 2a.

b) For hypotheses 1b and 2b, the difference d is defined
according to Formula 1 for the amount of production
waste, distinguishing between hazard levels 1 to 4 for
hypothesis 2b.

Importantly, the quantity of toxic chemicals in a reporting
year itself is not part of the dependent variable. As shown in
Formula 1, the dependent variable considers the quantities of
toxic chemical before and after a reporting year, not in a re-
porting year. This exclusion is critical, as it allows the quan-
tity of toxic chemicals in production waste during year t to be
employed as a potential control variable without introducing
a logical fallacy into the analysis.

3.2.3. Control variables

Alongside the primary variables of interest, additional
control variables are incorporated into the analyses to ac-
count for potential confounding factors. Confounding factors
are related to facility-fixed effects and pollution-fixed effects.
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Consequently, the control variables are categorized into the
facility-specific control variables and pollution-specific con-
trol variables. For the latter, the environmental hazard level
h is used. This categorical variable takes into account all ef-
fects arising from the potential harm of the chemical when
it is released into the environment. This can be exogenous
effects, such as tighter regulations for substances exhibiting
hazards of highest concern (carcinogenicity, mutagenicity, re-
productive toxicity) but also endogenous effects as the cost
of precautionary measures increases with higher toxicity of
the substances used.

The firm-specific control variables are the facility location
on the U.S. state level, the industry sector of the facility, the
deal year and the quantity of production waste in the report-
ing year.

a) The categorical variable facility location k with the 52
U.S. states as categories was included in the model be-
cause the sample exhibits significant heterogeneity in
geographical distribution and private equity investors
exhibit a selection bias for some states.®® The differ-
ences in geographical distribution are highly relevant
to the measurement of pollution levels, as state laws
regarding environmental protection vary greatly. Pre-
vious studies have shown that increased environmental
liability risk in a state positively correlates with a better
ESG-impact of private equity.*°

b) The categorical variable industry sector i was included
in the model because technological implications due to
industry specific processes might potentially influence
pollution abatement capabilities in facilities. Addition-
ally, the treatment and control group differed signif-
icantly in their distribution of facilities across the in-
dustry sectors.®” For the purposes of this study, facili-
ties were categorized into 23 industries based on their
primary NAICS codes.®®

c) The reporting year t presents an important control
variable related to several external effects on the pollu-
tion at a facility. External effects include the enactment
of environmental protection laws which can greatly
distort the treatment effect on pollution change, espe-
cially in the location-year combination. Also changes
in the TRI reporting requirements from one year to
another greatly influence reported quantities and im-
poses a significant imbalance on comparing assets’
inter-year absolute pollution levels.®”

65 See p. 12 of appendix C for e graphical representation on the distribution
of the facilities and differences thereof between the PE = 0 and the PE =
1 sample.

66 gee Bellon (2020, p. 2).

67 See appendix C, pp. 16-17 for all the industrial sectors by their North
American Industry Classification System (NAICS) codes present in the
sample and a graphical representation of the distribution among indus-
tries.

68 See United States Census Bureau (2022) for the classification of industry
sectors on NAICS codes.

% See appendix C, pp. 8-11 for the effect of changes in the TRI reporting
framework on the reported quantities.
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Table 1: Composition of the final data sample. a: The term "in-deal" refers to the count of cases that are associated with parent companies
engaged in private equity transactions.

Total sample Thereof in-deal®

Number of facilities
Number of Facility-year observations

Number of facility-chemical-year observations
Number of facility-hazard-year observations

18,526 709
357,366 1,054
1,445,609 3,970
609,916 1,746

d) The size of the facility is an important confounder, yet
difficult to exactly assess. The implication of facility
size is that large facilities can implement measures
more easily, and facilities with high initial pollution
can reduce pollution easier. On the other hand, large
facilities have a large absolute reduction in pollution,
even if the reduction is only a few percentage points.
To account for this production waste in the reporting
year is used as a proxy for industry size to omit in-
fluences of pollution-scale distortions. The measure
is imperfect as the ideal measure would be units of
production output, but this data is not present. As
a compromise, the control variable for the plant size
s = Y(t) is introduced as the amount of production
waste in year t.

Taken together, the pollution specific and facility-specific
control variables constitute a multidimensional vector of
characteristics X,, = (f (h,k, i, t,s)) for each facility-hazard-
year observation. In the research design of this thesis, this
control vector absorbs salient differences between assets
from PE-backed and non-PE-backed facilities.

3.2.4. Empirical models

This thesis follows an adapted notation of Imbens (2004)
to develop the model for the estimation of the treatment ef-
fect (i.e., the impact of private equity takeover).”’ To begin
with, all facility-hazard-year observations are denoted as N
cases indexed by n. For each of this case, the differences d,
are observed as dependent variables. Each observed differ-
ence for a case n comprises the sum of two components, a
population constant baseline difference C, multiplied by the
case-specific vector of characteristics X,, and the effect size
E of the treatment effect multiplied by the independent vari-
able PE, which is 1 if the case has received treatment and 0
otherwise. Formula 3 gives the composition of the observed
difference as

d, =E*PE,+C,*X, 3)

As the independent variable PE is binary, each case has a pair
of potential outcomes for the difference. Accordingly, For-
mula 4 describes the realized outcome as

dn(l): lfPEn = 1

70 See Imbens (2004, pp. 5-6).

Substituting d,(PE) in Formula 4 with Formula 3, the effect
size of the treatment can simply be calculated by subtracting
the difference d,,(0) from the difference d,(1). However, as
d,(0) and d,(1) are never observed for the same case, the
effect size must be calculated by subtracting the difference
between a treated case n and an untreated case n’. Accord-
ingly, Formula 5 calculates the difference as

dy(PE=1)—d(PE=0)=E+C,*X,—C, %X, (5)

Since C,, is not known, for the effect size to be calculated the
condition X,, = X,,must fulfil. As elaborated in chapter 3.2.3
the vector X, is defined as X,, = (f (h, k, 1, t,s)) and for

Xn/ = Xn — Xh,k,i,t,s = Xh’,k’,i’,t’,s’
and thus for (h=h",k=K,i=1,t=t',s =5} ()

def
= n=n’;V¥n,n €N

Under the condition of Formula 6 formula 5 can be written
as shown in Formula 7 with

dpjics(PE=1)—dy;.;(PE=0)

_ @)
=E+Cp*Xppies —Xnkirs) =E

Conclusively, as shown in Formula 6 the effect size of the
treatment (the impact of private equity takeover) on the
change in quantities of toxic chemicals can be estimated by
the difference between two cases (facilities) which are simi-
lar in terms of their control variables. The estimation is done
for the amount of toxic chemicals production waste and the
amount of toxic chemical as total releases separately.

3.3. Empirical methods

To estimate the effect size of the treatment effect on the
treated under the aforementioned empirical model, it is nec-
essary to identify an untreated control observation for each
treated observation that is similar in terms of confounding
factors (i.e., control variables). Subsequently, the difference
between the treated and control observations can be calcu-
lated. Otherwise, the difference in outcomes could simply be
the result of the continuation of pre-existing different trends
in the facilities, where the trends are caused or at least related
to the confounding factors. To facilitate this, two different
methods have been used for matching to fulfil the condition
in Formula 6, i.e., to find pairs of cases which are balanced in
terms of their vectors of characteristics. In the following, first
the propensity score matching method is explained. Since
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the matching with the propensity scores was of poor quality,
a second matching method was developed which is specifi-
cally tailored to the data types present in the sample used for
this research.

3.3.1. Probabilistic matching: Propensity Score Matching

In the first approach to investigate whether firms under-
going private equity buyouts achieve lower pollution levels
after takeover, the Propensity Score Matching (PSM) was em-
ployed to create a group of control firms. The propensity
score of a subject is the calculated probability of this subject
for receiving the treatment conditional on a set of charac-
teristics other than the one being tested for (i.e., the con-
trol variables).”! The selected control variables on which a
propensity score for each subject is calculated on must effec-
tively characterize idiosyncratic properties of the subject to
avoid overfitting of the propensity score matching.”? The se-
lection process should be grounded in sound reasoning and
take into consideration the extent to which treated and un-
treated groups differ with respect to each control variable.
For the latter, the identification of confounders for the match-
ing was based on the difference between the treated and the
untreated group in the context of the respective confounder.
Austin (2011b) introduces a measure for the difference for
continuous variables as shown in Formula 7.”° This standard-
ized difference is calculated as

d. = Xtreated — Xuntreated
st

- 2 2 ®

Streated +sunrreated

where x denotes the mean of treated and untreated samples,
respectively, and sfrea req @Nd slzmtrea req are the corresponding
variances of the treated and untreated sample, respectively.
For the categorical variables industry, location and hazard
level, the absolute difference in proportions was estimated
based on an adapted approach from Austin (2010) as shown
in Formula 6.”* Consequently, in this thesis the difference is

calculated as

C
1
dabs = E Z }ptreated,c _pcontrol,c ceC (9)
i=1

where p,,eqreq,c and peoneror . are the proportions of category ¢
in the treatment and control group, respectively and C is the
set of categories a categorical variable can take. The results
for the differences are shown in Table 2, the interpretation of
the values is given in chapter 4.2.

By and large, the results for the difference reinforce the
assumptions for the relevance of the control variables made

71 See Austin (2011b, pp. 399-424).

72 See Gepeda et al. (2003, pp. 280-287).

73 See Austin (2011b, pp. 410-411).

74 See Austin (2010, p. 2140); The formula is adjusted by using a factor of
0.5 instead of 1/k, as the latter would give values too small for mean-
ingful interpretation. Because the absolute difference in proportion was
only needed to be informative for relative comparisons between groups
or before and after matching, this adjustment was not detrimental.
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in chapter 3.2.3. Only the facility size (proxied by the quan-
tity of production waste in the reporting year), was highly
similar for both groups. Hence, the propensity score was cal-
culated based on deal year, the location, hazard, and indus-
try. To deal with the multilevel categorical variables location
and industry in propensity score matching, binary indicator
variables were introduced via one-hot encoding. Thus, in
the propensity score model the condition of Formula 6 was
adapted as shown in Formula 10 with

Xn/ =Xn<:Xh,k,i,t :Xh’,k’,i’,t’
with P(PE, = 1|X,) = P(PE,, = 1|X,,) (10)
YneN,Yn' eN

Here, the PSM matches a pair of cases that have approxi-
mately the same probability P of receiving treatment condi-
tional on their vectors of characteristics. In the PSM model
used in this study, the propensity score was estimated using
logistic regression and is used to match observations with a
similar balance of control variables with a k-nearest neigh-
bour algorithm. The matching was conducted using a Python
programming environment.””

3.3.2. Deterministic matchig: Blocking and Matching
Due to the high relevance of categorical variables as con-
founders in this research, an adapted blocking and match-
ing (BaM) method was developed and employed on the
dataset.”® Blocking is a method in big data analytics where
records are grouped that share the same confounding vari-
ables.”” In the case of the TRI dataset, first blocks based on
exact record linkage of industry, state, hazard and year were
created. Then for each treated facility in a block the closest
untreated facility based on the quantity of production waste
was found. The resulting pairs resemble tuples of a treated
and an untreated facilities with similar (theoretically identi-
cal) control vectors. Thus for the blocking and matching the
condition in Formula 6 was adapted as shown in Formula 11
with
Xn’ = Xn@Xh,k,i,t,s = Xh’,k’,i’,r’,s’
where n%n VneN,n  eN 11D
s {h=nk=k,i=i,t=t,s ~s'}

The blocking approach for this research used determinis-
tic blocking based on logical conjunction of year (deal year

75 See Kline and Luo (2022, pp. 1354-1357); See appendix A p. 1 for the
code used for PSM in this research.

This was inspired by the generalized randomized block design accord-
ing to Addelman (1969, p. 35) where blocking maximizes the covariance
between treated and untreated samples based on their control variables,
resulting in a minimum variance in the difference between treated and
untreated samples. Essentially, this method aims to isolate any observed
difference in treatment effect and attribute it solely to the effect of the
treatment itself.

See IBM Corporation (2021); Blocking and matching is commonly used
in big data analysis to reduce computing power when examining data
connections. Although the data structure of the TRI lends itself well to
this methodological approach, it does not appear to have been used in
research on the TRI

76

77
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Table 2: Balance of the covariates in treated and untreated group. a: Absolute quantities of toxic chemical in deal year in pounds.

Covariates

Difference

Continuous Variables[d,, ]

Year
Total Releases?®

Production Waste?

0.4637
-0.0314
-0.0053

Categorical Variables [d ]

Location
Industry

Chemical hazard

0.1446
0.2428
0.0175

= record year) and the categorical variables industry, state
and hazard level. The blocking proceeded as follows: Two
datasets were separated from the original database based on
the status PE =1 and PE = 0. Then, for each case in the
PE =1 sample, all cases from the PE = 0 sample were found
via exact record linkage (i.e., with exactly the same combina-
tion) on year, industry, state and hazard level.”® Within each
block for the PE = 1 constituent the PE = O case which was
closest on quantity of toxic chemical in production waste was
found with the pandas merge_asof function to account for the
proxied facility size.”” The blocking and matching method
proved to be a computationally intensive process, requiring
approximately 2 hours to complete the matching.®°

4. Empirical results

In the following, first the descriptive statistics of the final
sample are shown. Then, the efficiency and quality of the
matching methods are elaborated and lastly, the results of
the matching for the estimated effect size of private equity
takeover are presented.

4.1. Descriptive statistics

In Table 3 the summary statistics on the variables are
shown. The control group is shown in Panel A and the treat-
ment group in Panel B. It presents the number of observa-
tions, the mean, the standard deviation, the minimum, the
25 %, 50 %, 75 % quartiles and the maximum. From the fi-
nal sample which consisted of 609,916 total and 1,746 deal-
related facility-hazard-year observations, the dependent vari-
ables according to Formula 1 could be calcuated for approx-
imatly two thirds of the cases (see column N in Table 3). As
the dependent variables represent relative changes, these are
highly sensitive to outliers in the underlaying data.®’ This
manifests in the dataset by exaggeratedly great erroneous

78 See Fellegi and Sunter (1969, pp. 1183-1210) for a detailed explanation
of record linkage.

79 See Petrou (2017, pp. 338-386); See appendix A p. 3 for the code used
for BaM in this research.

80 The code was executed using parallelized threads according to Python
Software Foundation (2023).

81 see Miller (1993, pp. 457-459).

values (see column Max in Table 3) which significantly dis-
tort descriptive statistics (see the column Mean in Table 3).
On the other hand, the minimum (see column Min in Table
3) of -1 in the total releases indicates, that a facility com-
pletely stopped emitting any quantities associated with the
chemical in the measured timeframe. Likewise, the mini-
mum of -1 in the production waste indicates that the facility
no longer produces any waste containing the chemical. Espe-
cially for small facilities, it is also possible that the amount of
the chemical handled has fallen below the reporting thresh-
old. In addition to the presence of errors, high levels of dis-
proportionality characterize quantities of toxic chemicals at
the facility level in the TRI dataset.®> Both, errors and dis-
proportionalities suggest that the descriptive statistics funda-
mentally mischaracterize the environmental performance of
facilities.®®> A skewness of 30 and a kurtosis of roughly 900
for the distribution of the dependent variables in Panel A,
strongly disfavor the case of normality and reinforce this con-
jecture. To introduce robust statistical analysis which is less
sensitive to the outliers, the median and the median absolute
deviation (MAD) were used instead of the mean and the stan-
dard deviation.®* To deal with outliers, the approach of Leys
et al. (2013) was followed and subsequently cases greater
than 2.5*MAD +- median were removed from the analysis.®°

The trimming was done for the difference in total releases
and production waste individually. The percentile value of
the cut-off value was calculated as a measure for the propor-
tion of data not being classified as outliers. A cut-off value
of 2.6471 means that any observation inferring that a facility
increased its pollution by more than 264.71% was excluded
from the subsequent analysis. Table 4 shows the robust de-
scriptive statistics for the dependent variables after the trim-
ming step.®® The median is again used as the better suited
measure for ratios. The number of observations was reduced
by the trimming, but more than 90 % of the data remained in
the analysis. The values for skewness and kurtosis of below
2 are considered as acceptable to assume normal univariate

82 See Collins et al. (2020, p. 2).

83 See pp. 14-15 of appendix C for a graphical representation of the distri-
bution of pollution in the TRI data.

84 See Huber (2011, pp. 1248-1251).

85 See Leys et al. (2013, pp. 764-766).

86 gee p. 20 in appendix C for graphical representation of the dependent
variables of the trimmed sample.
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Table 3: Summary of the descriptive statistics. This table summarizes the descriptive statistics of the unmatched data sample.
Additionally, it presents the firm-specific and pollution-specific control variables. The unmatched sample is segmented according to
whether a parent company of a facility was involved in a private equity takeover during a reporting year. a: Facility size is in quantities of
toxic chemicals in pounds. * Statistics for the deal year other than Min and Max were omitted as not reasonably meaningful.

Panel A: Descriptive statistics PE = 0

Variable N Mean SD Min 25 % Median 75 % Max
Dependent Variables

Difference Total Release 360,123 6.44*10% 2.28*10'! -1 -0.3931 -0.0422 0.3427  9.98*10'3

Difference Production Waste 389,902 5.95*10% 2.19*10'! -1 -0.3208 -0.0197 0.3211  9.98*10'3
Independent Variable

PE 608,170 0 0 0 0 0 0 0
Firm-specific Control Variables

Facility Location 608,170 - - - - - - -

Reporting Year 608,170 -* - 1991 - - - 2021

Facility Size® 608,170 1.11*10° 1.79*107 0 548.23 15,350 121,500 3.75*10°

Industry 608,170 - - - - - - -
Pollution-specific Control Variable

Environmental Hazard 608,170 2.0607 1.1516 1 1 2 3 4

Panel B: Descriptive statistics PE = 1

Variable N Mean SD Min 25 % Median 75 % Max
Dependent Variables

Difference Total Release 1,142 35.66 711.45 -0.9999 -0.3584 -0.0194 0.3961 22,750

Difference Production Waste 1,241 25.47 659.74 -0.9939 -0.2825 -0.0148 0.3043 22,272
Independent Variable

PE 1,746 1 0 1 1 1 1 1
Firm-specific Control Variables

Facility Location 1,746 - - - - - - -

Reporting Year 1,746 -* - 1991 - - - 2021

Facility Size® 1,746 1.03¥10° 1.10*107 0 984.87 20,345 117,932 4.27*10°

Industry 1,746 - - - - - - -
Pollution-specific control Variable

Environmental Hazard 1,746 2.0710 1.1489 1 1 2 3 4

distribution.®” To summarize, eliminating outliers to obtain
robust statistics improved data quality, but it also introduced
an omitted measurement bias by excluding roughly 10 % of
the data.

The median is slightly different between the treated and
untreated groups but the differences should not be further in-
terpretated because of the different number of observations.
However, the difference for total releases and production
waste in the PE = 0 sample can be taken as the median base-
line reduction of quantities in any given reporting year, which
is -8.6 % for total releases and -5 % for production waste.
To summarize, while trimming effectively induced normal-
ity required for univariate data analysis, the differences are
not suited to estimate impact effect of private equity takeover
both on the change in quantities in total releases and produc-
tion waste, respectively.

87 A general convention is that a skewness less than 3 refers to a degree of
symmetry of the normal distribution. See Burdenski (2002, p. 16) for
further information.

4.2. Matching evaluation

For matching, from the original final sample with 609,916
facility-hazard-year observations, all cases with insufficient
data for the difference in production waste data field were re-
moved to reduce computing time, resulting in 391,143 obser-
vations subjected to the matching. The result of the match-
ing is given in Table 5. PSM was able to match 100 % of
the treatment group with facilities similar on their propen-
sity logits from the control group since no caliper width was
used. BaM was able to match 94 % of treated facilities to
untreated facilities in the same year, state, and industry and
on similar amount of production waste.

Before estimating the treatment effect, the matched sam-
ple is evaluated based on the quality of the matching. This
assessment is critical to determine whether the imbalance of
control variables has been adequately reduced, ensuring the
reliability of the subsequent analysis. Thus, the standardized
difference (Formula 8) and the absolute difference in propor-
tions (Formula 9) were calculated for the matched sample.
The results are shown in Table 6.
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Table 4: Robust statistics for the dependant variables after trimming. Cut-Off at 2.5 x median absolute deviation (MAD) + median (for
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trimming the cut-off is value is calculated based on the MAD and the median of the untrimmed distribution).

Upper Cut-Off
Variable N Median MAD  Cut-Off Percentile Skewness Kurtosis
PE=0
Difference Total Release 331,719 -0.0863 0.3106 2.6471 92.11 % 1.3088 2.5973
Difference Production Waste 362.581 -0.0505 0.2742 2.4436 93.05 % 1.2181 2.4887
PE=1
Difference Total Release 1.029 -0.0760 0.2960 2.2837 90.11 % 1.0236 1.4907
Difference Production Waste 1.161 -0.0429 0.2480 2.3499 93.52 % 1.1996 2.1494

Table 5: Matching results. a: Each case presents a facility-hazard-year observation which has a value for the difference in for the
production waste.

PSM

BaM

Before matching
Treated cases®
Untreated cases”

After matching
Matched cases

1,241 (100 %)

1,241

391,143

1,169 (94.20 %)

Table 6: Standardized differences before and after matching.

Unmatched PSM BaM
Continuous Variables [d,, ]
Year 0.4637 0.3419 -0.0207
Total Releases” -0.0314 -0.1767 -0.0234
Production Waste?® -0.0053 0.0847 0.0005
Categorical Variables [d,p,]
Location 0.1446 0.4214 0.0278
Industry 0.2428 0.4891 0.0306
Chemical hazard 0.0175 0.1708 0.0136
Imbalance reduction
dy; - -20.56 %  91.09 %
dops - -167.05% 82.21 %

The values for continuous variables before matching sug-
gest that the groups exhibit considerable differences in terms
of reporting years. The positive value indicates that treated
sample possesses a higher average reporting year than the
control sample, implying that private equity deals tend to be
more prevalent in more recent reporting years.*® The neg-
ative values for the quantities of production waste and total
releases respectively indicate, that treated facilities have on
average slightly lower amounts of toxic chemicals in those
respective data fields. The values for the categorical vari-
ables show that, in the unmatched sample, the groups differ
considerably in the proportions of facilities belonging to the
respective industries. Although to a lesser extent, the dis-
tribution of facilities across states also differs between the

88 See p. 13 in appendix C for the number of reporting facilities per report-
ing year in the respective groups.

groups. The groups show less variation in the levels of haz-
ards present in the facilities. The propensity score match-
ing provided a slightly better match rate and reduced im-
balance for reporting year, but the value of 0.3419 still sug-
gests high imbalance. PSM reduced imbalance between sam-
ples in terms of reporting years, but at the expense of imbal-
ance in other control variables, ultimately resulting in 20 %
and 167 % higher imbalance for continuous and categori-
cal control variables, respectively. This is explained by the
categorical nature of 3 of the 5 covariates, which necessi-
tated their implementation through one-hot coding, result-
ing in a large number of binary covariates for which PSM
has been shown to be generally weak to generate model de-
pendence.®” To summarize the values in Table 6 show that
the PSM method was unsuccessful in achieving balance be-

89 See King and Nielsen (2019, pp. 435-454).
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tween the treatment and control groups. Additionally, the
findings support the strategy of treating the year as a cate-
gorical variable and subject it to exact record linkage match-
ing, as opposed to considering it as a continuous variable in
the propensity score calculation. This approach is especially
crucial because comparisons across facilities may be signifi-
cantly skewed by alterations in the TRI reporting framework
in certain years, particularly in the case of lower reporting
thresholds for specific chemical types.”® Therefore, this study
relied on blocking based on categorical covariates in the sec-
ond matching method to ensure balance between treatment
and control groups. Indeed, the BaM method successfully re-
duced the imbalance by over 80% across all control variables.
Furthermore, all continuous control variables were balanced
to a value for the difference of less than 0.1, which is gener-
ally considered to represent a negligible difference between
the samples in the mean of control variables.”!

It is crucial to note that the standardized difference and
the absolute difference in proportions reflect the overall sim-
ilarity between the two samples. Although these measures
reveal improvements resulting from the matching methods
employed, they do not allow an evaluation of the similarity
of individual 1:1 matched pairs. To further assess the quality
of the matching, the propensity scores as the probability of
being assigned to one treatment, given an observation’s mea-
sured baseline covariates was calculated for both matched
samples. The resulting propensity score distribution is shown
in Figure 3 for both methods.

The distribution in Figure 3a shows that both, the treated
and control group exhibit similar propensity scores after
the blocking and matching method. This indicates that the
matching has been effective in balancing the covariates be-
tween the treatment and control groups. The peak at ~ 0.5
suggests that many of the matched samples have roughly
equal probabilities of being in either the treatment or control
group based on their covariates.

The Gaussian curves of the propensity scores depicted
in Figure 3b for the treatment and control groups after the
Propensity Score Matching reveal substantial non-overlapping
distributions. This observation suggests that the propen-
sity scores of a considerable number of samples differ, and
matches have been paired that exhibit variations in their
probability of receiving treatment based on their control
variables. Overall, after the PSM the covariate distributions
between the treatment and control groups still differ dra-
matically,. A maximum caliper width was not used in this
analysis as this would have resulted in a limited number of
matches.””

4.3. Estimation of treatment effects
In order to test hypotheses 1a and 1b, which constitute
that the impact of private equity on target companies man-

90 See for example EPA (1999).

1 See Normand et al. (2001, pp. 388-398).

92 See Austin (2011a, pp. 151-161); The caliper width is the distance by
which the propensity scores of a matched pair is allowed to differ by at
most which avoids matching of highly dispersed propensity logits.
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ifests in a reduced amount of toxic chemicals emitted or
wasted, for each matched pair, the effect size for produc-
tion waste and total releases was calculated according to For-
mula 7. Since the effect size is no longer a ratio, trimming
was not necessary for the resulting data and the median was
used as an immanent robust measure. Hence the sample me-
dian treatment effect on the treated was estimated.”® Table
7 summarizes results obtained for the effect of private eq-
uity ownership on the facilities. It compares the two match-
ing methods employed and presents the number of pairs, the
sample median treatment effect for the treated and the me-
dian absolute deviation. The unit of the effect size is in per-
centage points.

The estimated effect sizes from both methods are similar;
however, the values derived from the blocking and matching
approach are considered more reliable due to the poor qual-
ity of the propensity score matching. The value for the me-
dian effect size for total releases obtained through the BaM
method suggests that the average quantities released at a fa-
cility two years after a private equity takeover of its parent
company, exhibit a median increase of 1.5535 %-points rel-
ative to a similar facility that did not experience a change in
ownership. Conversely, the quantity of production waste in
the PE-backed facility is on median 1.1090 %-points lower
following the private equity takeover of its parent company
relative to non-acquired peers.

To differentiate between severity of the released and
wasted quantities and to test hypotheses 2a and 2b, the
matches were grouped by environmental hazard h to distin-
guish between hazard levels of toxic chemicals according to
the developed environmental hazard level. The sample me-
dian treatment effect on the treated can thereby be observed
for different hazard levels. The results are shown in Table 8.

When differentiating between hazard levels, the discrep-
ancies between the matching methods become more appar-
ent and as before, the values obtained from the blocking
and matching approaches are considered more reliable. The
number of observations varies between the hazard scores
(see column N in Table 8), and a majority of chemicals used
pose minimal hazards and releases are of low severity ac-
cording to the environmental hazard model of this thesis.
The number of observations for PBT-only substances (hazard
score 2) is even lower than for carcinogen-only substances
(hazard score 3). The median values for total releases of haz-
ard score 2 and hazard score 4 quantities, with differences of
5.4541 and 11.4158 %-points, respectively, indicate that pri-
vate equity-backed facilities significantly increase pollution
with these chemicals after takeover. The situation is different
for production waste. There, all hazard levels except hazard
level 2 show a decrease in quantities compared to facilities
that have not undergone a private equity takeover. Figure
4 provides a graphical representation that, although only in-
formative, highlights the overarching patterns regarding the
impact of private equity acquisitions contingent upon the en-
vironmental hazard. Interestingly, the trend direction for the

93 Adapted from Imbens (2004, pp. 5-6).
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Figure 3: Calculated propensity score distribution of the matched samples. a) Matching based on BaM. b) Matching based on PSM. The
two graphs are not to scale as the x-axis is zoomed in in Figure 3a.

Table 7: Estimated treatment effect on the treated. PSM stands for propensity score matching, BaM stands for blocking and matching.
MAD stands for median absolute deviation from the median.

Method: PSM Method: BaM
Variable N Median MAD N Median MAD
Effect size Total Release 1,227 1.0392 1.0444 1,080 1.5535 0.9168
Effect size Production Waste 1,241 -1.9657 1.0461 1,169 -1.1090 0.9746

Table 8: Estimated treatment effect on the treated distinguishing between hazard levels 1 to 4. PSM stands for propensity score matching,
BaM stands for blocking and matching. MAD stands for median absolute deviation from the median.

Method: PSM Method: BaM

Variable N Median MAD N Median MAD
Effect size Total Release

Hazard level 1 596 -1.3920 0.0212 526 0.0130 0.0177

Hazard level 2 146  -4.9290 0.0646 126 5.4541 0.0572

Hazard level 3 314 -0.5266 0.0127 284 0.6299 0.0110

Hazard level 4 171 13.0623 0.1601 144 11.4158 0.1484
Effect size Production Waste

Hazard level 1 602 -3.6206 0.0821 583 -0.9953 0.0217

Hazard level 2 147 1.9211 0.0215 131 4.0495 0.0482

Hazard level 3 316 -3.9517 0.0649 297 -1.9834 0.0430

Hazard level 4 176  1.9850 0.0393 158 -3.6917 0.0775

difference in production waste and total releases is diametri-
cally opposed. As the hazard scores are derived from an or-
dinal scale, the ranking depends on the interpretation of the
underlying severity of a hazard. In general, for both produc-
tion waste and total releases, the effect size is greater for sub-
stances that are both carcinogenic and a PBT (hazard level 4)
compared to substances that are either carcinogenic (hazard
level 3) or PBTs (hazard level 2). Yet, private equity-backed
facilities appear to be less concerned about substances that
are PBTs (hazard level 2) compared to chemicals that are nei-
ther PBTs nor carcinogens (hazard level 1).

By and large, these trends suggest a hazard-dependent
treatment effect for the treated facilities, where higher haz-
ard is directly correlated with increased total releases and
inversely correlated with decreased production waste.

5. Conclusion

The following section first draws the main conclusions
from the findings. Then the chapter continues with a reflec-
tion on the limitations of the research imposed by the data
and methodology. Finally, conjectures and ideas offer possi-
ble further research questions.

5.1. Discussion

This thesis investigates the evolution of environmental
pollution emanating from facilities operated by companies
that have experienced private equity takeovers in the United
States between 1991 and 2021. It is one of the few academic
papers to use the Toxic Release Inventory to assess ESG is-
sues in the context of private equity and among those, it is
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Figure 4: Graphical representation of the difference in %-points discriminating between environmental hazard level 1 to 4. The graphs
show the difference in %-points obtained by the BaM method.

the first® to a) cover an extensive 30-year period, providing
a comprehensive longitudinal perspective on the issue and
b) utilize data on pollution and production waste as well as
information about the environmental hazards of the chemi-
cals thereof, thereby employing the TRI's extensive scope of
information provided. The plethora of data available in the
TRI allowed examining a period of two years before and af-
ter the deal for each facility. Therefore, this study effectively
captures a five-year timeframe to evaluate the impact of pri-
vate equity ownership on environmental performance which
reduces influence of possible fluctuations in the environmen-
tal pollution due to one-time releases or other incidents. In
addition, by excluding the environmental performance in the
deal year itself from the analysis, the study avoids potential
concerns of facilities deceiving sustainability by transiently
reducing emissions in the deal year in order to pander pri-
vate equity investors’ ESG-due-diligence frameworks. For the
research on asset-level sustainability two key aspects of the
TRI-program append a unique value to the database: First,
the database exhibits a comprehensive scope of data dating
back to a time when ESG was far from established as an
investment theme, thereby representing a remarkable stan-
dard of unconfoundness and data quality, which is ensured by
capturing objective, granular information on various forms
of releases through quantitative chemical analysis methods.
Secondly, the TRI program only monitors, and does not im-
pose restrictions on the use of chemicals. Although compul-
sory disclosure of information regarding the handling of toxic
chemicals by industries to the public generates an incentive
to enhance environmental performance,”” this feature is cru-
cial in the context of the research design in this thesis as the
lack of legal pressure to reduce pollution from the program
itself leaves the causality for the change in pollution level of a
TRI-covered facility solely to the implication of universal fac-
tors, for example state laws and regulations as well as techno-
logical advances, organizational structure or both of the lat-
ter.”® Setting aside such external effects, a main rationale in

94 To the best of the author’s knowledge.

95 See for example Konar and Gohen (1997, pp. 109-124) or Saha and Mohr
(2013, pp. 284-291).

96 See for example Prechel and Zheng (2012, p. 950) or Mary L Streitwieser
(1994, p. 2).

this thesis was, that when controlling for financial or judicial
pressure, a decrease in pollution can be interpreted as a re-
flection of the investors (i.e., facilities owners) willingness to
adopt sustainable practices. By using the TRI, this thesis also
successfully overcomes the challenge of data scarcity, which
is a pertinent problem in studying the private equity industry,
especially when analyzing non-financial information about
target firms. Yet, this challenge becomes apparent in the light
of the sample construction: Out of 1.45 million observations
in the TRI, less than 0.3% were attributable to firms involved
in a private equity deal between 1991 and 2021. Half of
these transactions in the datasample were buyouts according
to Preqin and the majority took place after the year 2000.°”
The methodological approach employed in this thesis uti-
lizes robust methods to estimate the effect size of private eq-
uity takeovers and developes a novel matching method based
on blocking and matching that significantly outperforms the
alternative probabilistic matching based on propensity scores
by up to over 200%. Matching is essential for studying the
influence of private equity ownership on environmental per-
formance, as it helps mitigate problems of selection bias aris-
ing from the tendency of private equity firms to favor certain
industries. For instance, PBTs are chemicals that are typi-
cally used for very technology specific purposes, with elec-
tronics and computer products being a major application.
In this industry, PE showed a positive selection bias, with
3.64 % of facilities in this sector in the full sample com-
pared to 6.91 % of facilities in this sector in the PE=1 subset.
The exact record linkage based on industry and hazard score
in the BaM method used in this thesis avoided influence of
such confounding factors. The novel matching process effec-
tively reduces omitted variable bias that arises from facility-
and pollution-fixed effects by comparing pairs of facilities
that share both, idiosyncratic characteristics, and the envi-
ronmental ramifications of their operations. This allowed
controlling for facility size, industry, changes in productiv-
ity, as well as legal and other externalities which are due to
location, environmental hazard of pollution and time. Addi-
tionally, the blocking and matching method developed in this
study employes matching on similar quantities of production

97 For summary information on the transactions, see appendix C, p. 2.
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waste, which addresses a potential selection bias exhibited
by private equity investors who use ESG as a risk framework
to select facilities that are already clean and do not require an
investor to implement further pollution or waste reduction.
As for the innovated blocking and matching approach greater
accuracy and reliability in the analysis is ensured, the results
obtained from BaM are considered for further interpretation.

The findings of this thesis reveal a general trend in which
facilities reduce their pollution in terms of total releases by
about 8.6 % per year and the amount of toxic chemicals as
production waste by about 5.1 % per year over the period
from 1991 to 2021.This baseline reduction aligns with ob-
served trends in existing literature.”® In the context of the
impact of private equity on pollution, this study finds that
the annual pollution reduction rate is 1.55 %-points lower
if a facility’s parent company is acquired by a private equity
investor in the same year (i.e., a facility indirectly involved
in a PE deal reduces pollution by about 7.05 % in the deal
year). Conversely, the research finds that the reduction in
production waste is 1.11 %-points higher in a year when a
facility is indirectly involved in a PE deal (i.e., a facility re-
duces the amount of production waste by approximately 6.21
% in that year). In examining whether PE investors discrim-
inate between different levels of environmental risk, the the-
sis further finds that higher chemical hazard is directly cor-
related with increased total releases and inversely correlated
with decreased production waste. Conclusively, while the hy-
potheses theorized under the rationale of the private equity
business model more effectively internalizing the social costs
of pollution to maximize shareholder value suggest that pri-
vate equity takeover leads to better overall pollution manage-
ment in the target company, the implications drawn from the
data of this thesis reveal a contrary image. First, it appears
that the average private equity investor does not leverage its
controlling stake in a company to encourage cleaner facilities
and instead results in worse sustainability of the facilities.
Thus, under the general view applied in the research of this
thesis, the private equity business model clearly fails to inter-
nalize the social costs of environmental pollution. The find-
ings infer that private equity investors instead have an incen-
tive to avoid internalizing social costs of pollution, and this
inclination becomes more salient in situations where associ-
ated costs are higher, i.e., in the case of pollution with a sub-
stance exhibiting high environmental hazard. Echoing the
environmental hazard model interpretation, a general pos-
itive correlation of increased environmental pollution with
increasing hazard is indeed observed. Interestingly, as PBTs
persist in the environment for long periods of time and gen-
erally exhibit constant time-dependent degradation, they can
be easily traced back to specific times and quantities of their
releases. As a result, private equity investors may still remain
liable even after divestiture of the asset, which is especially
relevant for substances classified as environmental hazard
class 4 (both PBT and carcinogenic), as they can cause severe

98 See for example Collins et al. (2020, p. 4).
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damage long after their release and therefore have a high
potential for lingering liability. Although this potential lia-
bility risk aligns with future social costs it is not internalized
in the overall view of this research. The higher increase for
substances with higher hazards may be attributed to the fact
that pollution abatement measures for chemicals of high haz-
ards are typically already using the best available technology
(as typically required by law) and the increase in productiv-
ity after private equity takeover resulting in higher tonnage
of toxic chemicals handled cannot be offset by these mea-
sures because they are already operating at their limits. This
might elucidate the measurable increase despite controlling
for changes in productivity and suggests a scenario where
PE investors, yet aware of liability risks, still favor generat-
ing present profits over preparing for future penalties. This
reality is supported by the work of Shive and Forster, who
found significantly more judicial actions and higher penal-
ties for PE-backed facilities compared to private independent
backed facilities.”

The implications of production waste can be divided into
two distinct, yet entangled narratives. The first narrative,
the ESG-narrative, considers quantities of toxic chemicals in
the production waste as risk factor for possible future occur-
rence of social costs which may arise from pollution or the
imposition of Pigouvian taxes (see chapter 2.2). The other
narrative considers quantities of toxic chemicals in produc-
tion waste as an opportunity for value creation due to oper-
ational improvement, as waste represents wasted resources
and financial losses. Since operational improvements at the
target company level have been identified as a key driver of
private equity sponsors’ return,'” in the quantity of toxic
chemical in production waste, environmental and financial
objectives are tied together where reduction of toxic (and
expensive) chemicals results in cheaper (and cleaner) op-
erations. As more hazardous substances are typically more
expensive (both costs of the chemical itself and associated
safety measures as well as allowances for the workers han-
dling such substances), the incentive to reduce production
waste increases with potential threat coming from the pro-
duction waste. In the light of the results of this research,
that a) the quantity of toxic chemical in production waste is
reduced after private equity takeover and b) this reduction is
more pronounced for substances that pose greater hazards,
this finding reinforces the deduction that the private equity
business model is only effective in achieving non-financial
goals when these are well aligned with the financial ones.

Notwithstanding the first key finding of this thesis, which
indicates that private equity ownership has a negative impact
on the pollution levels of U.S. facilities, the theoretical foun-
dations of the impact of capital deployed — which unequivo-
cally show that a policy of engagement is superior to simply
impact divesting'?! — highlight the realization for LPs pursu-
ing socially responsible impact of their investments that the

99 See Shive and Forster (2020, p- 1320).
100gee Achleitner et al. (2011, pp- 155-156).
101gee Berk and van Binsbergen (2021, p. 26).
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private equity asset class is a viable instrument for achieving
their objectives — if LPs reconcile this realization by the sec-
ond key finding of this thesis that these objectives must be
well aligned with incumbent financial objectives.

5.2. Limitations of the research

Databases such as the TRI are essential for measuring the
relationship between economic activity and environmental
pollution in the United States.'? The employment of the
TRI in academic research has led to various insights into the
effects and the broader economic impact of pollution and
polluting businesses, respectively.'® More specific to the re-
search on the effect of private equity ownership on environ-
mental pollution, the TRI database has been used to uncover
factors influencing asset-level sustainability, for example li-
ability risks imposed by geographic location.!’* Neverthe-
less, it must be noted that the TRI database incurs several
limitations with respect to the data availability for a single
facility or a company holding such facilities. First, the TRI
only refers to facility level sustainability and not portfolio
company level sustainability. Besides that, another major
impingement on the utilization of the data is the threshold
for the quantity of substances at which a facility must be-
gin monitoring the substance for a given calendar year. The
ramification is, that facilities that are required to report are
typically larger ones owned by publicly traded companies,
while small- and medium-sized facilities (i.e., parent com-
panies), which are typically targets of private equity deals
in the US, are less extensively covered by the TRI database.
In addition, a facility does not report for a calendar year if
the amount of substance handled in that year is below the
threshold, which hampers a year-to-year comparisons to a
certain extent, but more so for small and medium-sized fa-
cilities. Another important caveat, especially for longitudi-
nal use of TRI data, is that reporting standards and regula-
tions (e.g., chemicals listed, thresholds, industries covered)
have changed over time. This was especially true in the early
years after 1987, and data prior to 1991 are generally consid-
ered to be of limited quality,'*> especially because the report-
ing threshold was 75.000 pounds in 1987, 50.000 pounds in
1988 and was set to 25.000 pounds in 1989.'% For this rea-
son, the panel data in this paper starts with the reporting
year 1991 to analyze the pollution level of facilities. To facil-
itate data analysis, the EPA periodically updates the database
from previous reporting years to reflect updates and mitigate
disproportionality; however, the presence of minor inconsis-
tencies in reporting standards must be considered as an in-
evitable limitation when interpreting the results of this the-
sis. Other limitations of the TRI are that it does not cover all

102gee Bradley C. Karkkainen (2019).

103For a comprehensive review on research including the TRI, see Young et
al. (2022).

1045ee Bellon (2020, p. 2).

105gee Scott de Marchi and James T. Hamilton (2006, pp. 60-61).

106g5ee “Toxic Chemical Release Reporting: Community Right-To-Know -
PART 372” (1988)
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industry sectors, not every facility within covered sectors is
mandated to report to TRI, and from an environmental per-
spective, the TRI chemical list does not encompass all toxic
chemicals utilized in the United States.

Regarding the environmental hazard model, the findings
of this thesis infer a hazard-dependent treatment effect. It
is important to note that this influence may be largely at-
tributable to the ordinal hazard score developed in the study,
which may exhibit significant model dependence. Specifi-
cally, the fluctuations observed in the trends may be a result
of the interpretation inherent in the environmental hazard
model created for this research. Hence, the implications from
considering different hazard scores are only considered to be
informative. Yet, disentangling nuanced trends with such in-
tricate dependencies has not been previously explored in the
literature.

In the methodological approach, the research in this the-
sis faced the pertinent limitations that are frequently incurred
by the propensity score matching method. A major reason
for the deficient performance of the propensity score model
in this research is that the categorical variables Industry (23
industries) and Location (52 states) were implemented as
binary variables via one-hot encoding which resulted in 75
binary variables in the matching process (additionally to
the year, facility size and environmental hazard variables).
Coarsened Exact Matching (CEM) has been shown to be
superior to propensity score matching for samples with im-
balances due to higher order interactions,'®” and the CEM
approach has been used to study the environmental per-
formance of companies in similar contexts.'°® However, the
method could not be successfully applied in the setting of this
thesis because data formatting issues in the TRI database.
As an alternative to CEM, principal component analysis in
the propensity score matching model was tested as this has
been shown to be expedient in economic research when
addressing a large set of confounders in PSM.'%° However,
the approach did not succeed and subsequently, efforts were
guided towards developing the novel blocking and matching
method.

The blocking and matching method has the limitation
that the algorithm used in this research performes 1:many
matching. Since the preceding exact blocking on 4 vari-
ables created a large number of small blocks compromised of
subsets of facilities within which matching was performed,
1:many matching was beneficial in this case as it ensured
reduced bias due to missing matches. The preceding exact
blocking also immanently limits overestimation of the treat-
ment effect due to multiple pairing of a control case, as it
constraints the maximum number of control cases which can
be matched to a treatment case. It must be noted however,

107For a detailed elaboration on the advantages of CEM over traditional
matching methods, especially propensity score matching, the reader
should refer to Iacus et al. (2012, p. 2).

108For research using CEM as a matching method in the context of environ-
mental performance in the US, see Hora and Subramanian (2019, p. 6),
and in Europe see Kube et al. (2019, pp. 104558-104570).

109gee for example Griffin et al. (2020, pp. 5537-5549).
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that in case of less stringent blocking, greedy 1:1 matching
should be performed.

5.3. Further research

The findings of this thesis offer intriguing research ques-
tions that could reveal relevant ramifications for policymak-
ers as well as for market participants in the private equity in-
dustry. As elaborated above, ESG-considerations can protect
future revenues from exposure to threats when these eventu-
ally become substantial. Thus ESG-performance equivalates
possible financial outperformance in a more distant future.
According to the results of this thesis, this possible financial
return is not harvested through internalization of present so-
cial costs related to environmental pollution. In this context,
current research revealed that the timeframes of asset man-
agers are often too short to evaluate ESG-performance of as-
sets.''? Hence, further research could focus on determining
whether a) private equity firms exhibit inability to accurately
evaluate ESG risks and thus fail to address relevant topics
at the portfolio company level or b) the private equity busi-
ness model exhibits an investment period that is too short
to internalize long-term social costs. To address this ques-
tion, the overall impact of private equity, as measured in this
thesis, could be disaggregated by investor characteristics to
identify factors that foster an ESG-friendly phenotype among
PE investors. In this context, Abraham et al. (2022) discov-
ered that PE investors who emphasize ESG as a value driver
on their website contribute to a decrease in pollution after
takeover, relative to investors who do not adhere to SRI prin-
ciples.'!'! In addition, the research could explore the "skill or
luck" question''? to determine whether the ESG performance
of these investors is due to their ability to drive sustainable
change or merely the result of serendipity.

In the context of the relative decrease of the amount
of production waste, it would be intriguing to investigate
whether the reduction is a directly aspired outcome of the
operational engineering that private equity firms undertake
to enhance efficiency after takeover, or attributable to the al-
leviation of financial constraints that enable technology in-
vestment and thereby indirectly reduce hazard potentiality
as a byproduct. To address this question, hypothetical differ-
ences between facilities supported by industry-agnostic PE in-
vestors and those with industry expertise could be explored.
Both of the above research questions have important impli-
cations for policymakers in determining how to effectively
regulate the private equity business model to position it as
a catalyst for transforming the manufacturing sector toward
better sustainability, while ensuring that private equity con-
tinues to play a constructive role in delivering financial value
to limited partners.

Echoing the hazard score interpretation, the model in
this thesis relied on an ordinal scale and exhibited significant

110gee Eccles et al. (2017, p. 128).

111gee Abraham et al. (2022, p.- 13).

1125ee Korteweg and Sorensen (2017, pp. 535-562) for the question of skill
and luck in private equity performance.
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model dependance. This might explain, why private equity
takeover appears to induce an increase in the total releases
and production waste of substances classified as PBTs (envi-
ronmental hazard level 2) compared to substances classified
as neither PBT nor carcinogen (environmental hazard level
3). While for the production waste this increase might be
due to aforementioned model dependance, the general pos-
itive correlation of increased environmental pollution with
increasing hazard suggests a tendency of PE investors to care
less about the environment. Further research is needed to
distinguish between hazard scores and could for example em-
ploy the full RSEI model from the EPA.

Along these lines, a potential further research question
could focus on deal characteristics and how they relate to
ESG-performance of target facilities. Arguably, certain deal
types, such as those involving LPs investing through funds
of funds, could serve to mask investments in environmen-
tally detrimental assets. Such investments could then be
used to offset lower returns from environmentally sustain-
able ventures. This thesis did not delve into the intricacies of
deal structures; therefore, future studies could focus on ad-
dressing the limitations of missing data from the Preqin data
source and further investigate the potential impact of deal
characteristics on ESG performance.

Lastly, to engender a holistic view on the ESG perfor-
mance of the PE-backed facilities examined in this thesis, the
S and the G pillar are eminent topics of further research. In
this thesis the focus is on the “E” (i.e., environmental) compo-
nent of ESG and it would be interesting to reveal the S pillar
of ESG in the same context to give a detailed picture.'®
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