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Abstract

We examine how banks and public bondholders respond to borrowers’ non-financial
performance across debt markets and over time. After negative environmental,
social, or governance events, public bondholders substantially reduce financing,
while banks do not appear to reduce lending and sometimes increase loan amounts.
Both lenders charge higher interest rates, but bank loans become relatively more
attractive for brown borrowers: brown firms pay lower loan premiums relative to
model-implied spreads than green firms. Our tests suggest that these differences
reflect banks’ superior information about the financial materiality of ESG risks
and differences between banks’ and bondholders’ preferences for borrowers’ non-

financial performance.
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1 Introduction

Social activists and non-government organizations have suggested that one way to dis-
courage poor environmental, social, and governance (ESG) practices is to provide less
debt funding for companies with low ESG performance.! Policymakers around the
world consider directly regulating capital providers by mandatory disclosures of lend-
ing portfolios’ ESG performance or climate stress testing.?3 Related evidence shows
that financial distress can shape firms’ environmental choices during the green tran-
sition (Bellon and Boualam (2024)). Recent evidence, however, suggests that banks’
environmental disclosures do not necessarily translate into greener lending portfolios
(Giannetti, Jasova, Loumioti, and Mendicino (2026)). Despite the growing attention to
these proposals, we lack comprehensive evidence on debt conditions and the main debt
providers of firms with low ESG performance. In this paper, we study the credit con-
ditions that brown firms?* face and the extent to which banks and public bondholders
finance brown firms. We also examine the mechanisms behind lenders’ decisions whether
to provide credit to brown firms.

Our main finding is that brown firms receive less funding from the public bond market,
while banks do not appear to reduce lending and, in some cases, increase loan amounts.
Both types of lenders demand higher interest rates from brown borrowers, although bank
credit becomes relatively cheaper for brown firms. We identify two mechanisms that
appear consistent with our findings. First, banks appear to have superior information
about the materiality (i.e., the cash flow implications) of their borrowers’ sustainability
risks and originate loans mostly to firms whose ESG risks are less financially material.
Second, banks and bondholders have different preferences for lending to brown firms. We

also rule out an alternative mechanism that brown firms simply have greater financial

!Bloomberg, November 24, 2021. Wall Street’s $22 Trillion Carbon Time Bomb.

2Wall Street Journal, May 3, 2024. HSBC’s Green Credentials Come Under Fresh Scrutiny.

3Financial Times, March 31, 2022. Banks face new standards on carbon emissions disclosure.

4Throughout the paper, we use the terms “brown” and “green” to denote firms with low and high
ESG performance, respectively. In Appendix B.1, we focus only on environmental performance and
demonstrate that our results hold.
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risk or liquidity needs.

To answer our questions, it is not enough to simply examine the association between
a firm’s ESG performance and its debt conditions. Green and brown companies may be
fundamentally different from each other, and some of their different characteristics may
be unobservable. For example, green firms may be managed by more liberal managers
who are also more transparent, making a green company more attractive to investors in
the public bond market.

We introduce plausibly exogenous variation in firms’ ESG performance in two ways.
First, we employ an event study methodology. As a setting, we choose news announce-
ments about firms’ negative ESG events from the RepRisk database. Unlike many other
ESG metrics, RepRisk captures changes in realized ESG performance as opposed to
the ESG performance prospects disclosed by firms, which benefits the identification
(Houston and Shan (2022)). A negative ESG event comprises a violation of one or more
of the United Nations Global Compact (UNGC) principles — ten principles related to hu-
man rights, labor, environment, and anti-corruption that a responsible business should

follow.?

Violating a principle reduces a firm’s ESG performance. We examine how a
given firm’s debt conditions change after a negative ESG event.

While an event study can provide useful insights, the assumptions of the event study
require the events to be exogenous (unrelated to the unexplained part of credit condi-
tions). In reality, some firms are more likely to have a negative ESG event than others.
For example, firms in the oil industry are more likely to have an oil spill. Our second
methodology aims to address the issue. We match firms that had a negative ESG event
with similar firms that did not have negative ESG events around the same time by using

propensity score matching.® The variables used in matching include pre-event ESG per-

formance, balance sheet variables, date, and industry.” We then compare debt conditions

See the UNGC website for detailed descriptions of the ten UNGC principles.

6We consider an alternative matching strategy in Appendix B.3.

"We acknowledge that our matching procedure does not match treatment and control groups’ pre-event
ESG scores very precisely, which might indicate important persistent differences between the two groups
and imply potential pre-trends. We provide evidence consistent with limited pre-trends and use the
methodology of Rambachan and Roth (2023) to demonstrate that the post-trends are strong even in
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between the two closely matched groups of firms. Because treatment timing is staggered
and our debt outcomes are observed on sparse, outcome-specific panels, we also report
the interaction-weighted estimator of Sun and Abraham (2021). This estimator is more
applicable in our setting than alternatives that require balanced panels or imputation.

We begin by examining whether the two types of creditors — banks and bondholders
— react differently to their borrowers’ low ESG performance in terms of amounts of
financing. First, we conduct an event study and show that, following a negative ESG
event, the amount of bank loans increases for brown firms, whereas bond financing
declines. Second, we compare the amounts of loan and bond credit for firms that had
a negative ESG event with the amounts for their matched counterparts. We find that
bondholders provide less credit to brown firms compared to green firms, while banks do
not appear to reduce lending. In particular, bond financing declines by 1.2% to 4.3%
following a negative ESG event for treated firms compared to the control firms. Sizes
of bank loans increase by 1.8% to 2% in the event-study specifications; in the matched
specifications, the estimates are positive but statistically insignificant.

Next, we examine the implications of poor ESG performance for firms’ costs of bank
and public bond debt. The event study analysis suggests that, after a firm experiences a
negative ESG event, the interest rate on its next loan increases, and the yield on bonds
issued by the firm rises (implying costlier borrowing). The matching analysis further
supports the finding that the costs of borrowing from both types of lenders are higher
for brown firms. Specifically, the all-in-drawn spread charged by the bank on the next
loan for the firm that had a negative ESG event increases on average by 4.4 to 11.3 bps
relative to the firm that did not have negative ESG events around the same time. Bond
financing also becomes more expensive — bond yields rise by 1.4 to 1.8 bps following a
negative ESG event.

We further study whether the additional costs of debt for brown firms charged by

banks differ from the additional costs charged by public bondholders. We employ the

the presence of linear pre-trends.



credit pricing model approach proposed by Schwert (2020).% Our analysis suggests that,
even though banks and bondholders both charge higher rates if a borrower is brown,
brown borrowers pay a lower loan premium relative to model-implied loan spreads than
green borrowers. This makes bank debt relatively more attractive than bond debt for
brown borrowers.” In addition, we find that banks do not appear to offset this lower
relative loan premium with harsher other loan terms. Banks do not include more financial
covenants, are not more likely to require collateral, and do not shorten maturity of loans
issued to brown firms.

To understand these patterns, we study potential reasons why banks choose to pro-
vide financing to firms with low ESG performance while bondholders prefer to reduce
their financing. We find support for at least two non-mutually exclusive mechanisms.
The first mechanism is banks’ exclusive knowledge about their borrowers. Banks invest
resources in screening (Ramakrishnan and Thakor (1984); Allen (1990)) and monitoring
(Diamond (1984); Winton (1995)) their borrowers and consequently obtain an informa-
tional advantage compared to other capital providers (e.g., public bondholders). We
conjecture that banks’ expertise allows them to better interpret the consequences of the
borrowers’ low ESG performance for the borrowers’ cash flows and solvency — in other
words, the materiality of their borrowers” ESG risks. As a result, banks may be able
to identify and provide credit to brown borrowers whose low ESG performance does
not affect their financial performance. We provide evidence for this mechanism using
a moderation test with the measure of materiality of firms’ ESG concerns computed
by MSCIL.!® We find that banks’ relatively stronger lending to brown borrowers is con-
centrated among borrowers whose negative ESG events are not financially material. If

a negative ESG event is material, banks reduce loan amounts, behaving in the same

8We do not make any substantial changes to Schwert (2020) and we use it as a convenient tool. Our
main contribution does not lie in advancing the methodology of comparing bank loans and bonds.
90ur paper does not consider equity financing. Prior work finds a small reaction of equityholders to
ESG news (Gantchev et al. (2022)). A possible conclusion is that equity financing does not become
considerably more expensive for firms with poor ESG performance and can be used to finance their
operations.

OTmportantly, MSCI launched this tool only at the end of 2020, so public bondholders did not have

access to this data during our sample period.



manner as bondholders.

The second explanation for our findings may be that public bondholders and banks
have different preferences for their borrowers’ ESG performance.!' If bondholders value
their borrowers’ ESG performance more, they may demand a higher return as a financial
compensation for unsatisfactory non-financial performance. The preferences explanation
also rationalizes why bondholders divest from brown firms. When some investors (i.e.,
bondholders) value ESG performance, and others (i.e., banks) do not, in equilibrium, the
former will invest more in green firms and the latter more in brown firms (Pastor et al.
(2021)). We test the preference mechanism on both banks and bondholders. We use two
measures of banks’ preferences for ESG performance: self-disclosed — whether banks’
major shareholders claim to be sustainability-oriented — and action-based — whether a
bank’s board of directors has an ESG committee. Using both measures, we find that
bank financing of brown firms is driven primarily by banks that do not have preferences
for their borrowers’ high ESG performance. Banks whose shareholders claim to be ESG-
oriented increase loan sizes to brown firms by a smaller amount; banks that have an
ESG committee even reduce loan amounts to brown borrowers. Using signatory status
to the Principles for Responsible Investment (PRI) and participation in the Science Based
Targets initiative (SBTi) to measure bondholders” ESG preferences, we do not find any
significant difference in institutional investors’ bond investing behavior for investors that
do and do not have a preference for ESG. In combination, our tests suggest that variation
in banks’ ESG preferences drives the variation in the loan amounts obtained by green
versus brown firms.

We also rule out borrowers’ financial health as an alternative explanation for our

findings. A possible explanation might be that adverse ESG events negatively affect

"'The motives behind different tastes can be non-pecuniary benefits that banks’ or bondholders’ investors
derive from holding high-ESG assets, regulatory environments, or lenders’ exposures to ESG risks. For
example, a large body of the literature finds that some bondholders have preferences for assets with
positive externalities, even at the sacrifice of financial returns (Larcker and Watts (2020); Baker et al.
(2024); Renjie and Xia (2023)). We do not argue that non-pecuniary benefits are the only explanation
for the second mechanism and we are agnostic about potential reasons banks or bondholders have
certain ESG preferences.



firms’ financial health, and the firms switch to bank loans as a short-term financing
solution. We conduct two sets of tests. First, we show that, on average, firms’ financial
health does not decline following an adverse ESG event. Firms’ sales, ROA, market
values, and default probabilities do not decline. Second, we show that the effect of
increased bank funding we document is concentrated in the longer-maturity loans. This
concentration is inconsistent with the short-term financing needs explanation.

Our paper contributes to several strands of the literature. The main contribution
is to show that borrowers” ESG performance affects not only the overall cost of debt,
but also the allocation and relative attractiveness of bank versus public bond financing.
The most recent strand is about firms’ non-financial performance (i.e., environmental
or ESG in general) and cost of capital (see Giglio et al. (2021) for a review). Studies
of equity have generally concluded that companies’ high ESG performance is associ-
ated with higher realized stock returns (Chava (2014); Lins et al. (2017); Engle et al.
(2020); Choi et al. (2020); Bolton and Kacperczyk (2021); Hsu et al. (2023)), while the
expected returns of green companies are negative (Pastor et al. (2022)). There is ev-
idence, however, that high ESG performance is associated with lower stock returns
(Bolton and Kacperczyk (2023)). Similar to our paper, the literature on equity and
ESG recognizes that investors may have preferences for their holdings’ non-financial per-
formance (e.g., Friedman and Heinle (2016); Pastor et al. (2021); Pedersen et al. (2021);
Giglio et al. (2023)) and equilibrium investor holdings and asset prices depend on these
preferences. On the debt side, multiple studies have found that firms with low ESG per-
formance face higher costs of both bank loans (Goss and Roberts (2011); Delis et al.
(2020); Chen et al. (2021); Degryse et al. (2021); Ehlers et al. (2022); Altavilla et al.
(2024)) and public debt (Jung et al. (2018); Huynh and Xia (2021); Seltzer et al. (2022)),
unless this debt has a clear purpose of improving the firm’s ESG performance (Flammer
(2021)). Prior research has also examined how lenders choose the amounts they lend
to brown and green firms and other contractual features (Nguyen and Phan (2020);

Reghezza et al. (2021); Kacperczyk and Peydro (2022); Wang (2023); Giannetti et al.



(2026); Sastry et al. (2023); Beyene et al. (2024)). Importantly, not all of the stud-
ies focus on firms’ environmental performance: some have considered firms’ perfor-
mance on other ESG dimensions, such as tax avoidance or misreporting (Graham et al.
(2008); Hasan et al. (2014)). Existing literature has found somewhat conflicting results:
some studies claim that lenders in general reduce financing to brown borrowers (e.g.,
Kacperczyk and Peydro (2022); Hartzmark and Shue (2022); Wang (2023); Akey et al.
(2024); Bellon and Boualam (2024)), and some claim that lenders increase their financ-
ing (e.g., Giannetti et al. (2026)). We contribute to the debate in at least two ways.
First, we consider the borrower’s full menu of debt options and study the relative costs
of public and private debt. We highlight that, while it is true that both types of debt
are more expensive for brown borrowers, bank loans become relatively more attractive
as borrowers’” ESG performance deteriorates. Second, we help resolve the potentially
confusing conflicting results on the amounts of financing lenders provide to brown bor-
rowers by showing that banks and public bondholders respond differently. We provide
evidence for two mechanisms underlying lenders’ decision to provide financing to brown
borrowers: lenders’ preferences for ESG and financial materiality of borrowers’ low ESG
performance. These mechanisms also help us understand whether debt investors value
ESG qualities of assets because ESG has cash flow implications or because the investors
derive non-pecuniary benefits from investing in high ESG assets. Understanding in-
vestors’ motivation is an important step towards a better understanding of sustainable
investing (Starks (2023)).

We also contribute to the broader literature on lending decisions (e.g., Ivashina (2009);
Schwert (2018); Houston and Shan (2022)). Like many previous studies, we find that a
borrower’s profile beyond financial performance is important for lenders’ decisions about
interest rates and sizes of financing. Importantly, our evidence suggests that lenders
consider borrowers’ ESG performance in combination with its financial implications.

Another large stream of research is on corporate debt and capital struc-

ture (e.g., Diamond (1991); Rajan (1992); Chemmanur and Fulghieri (1994);



Bolton and Scharfstein (1996), Faulkender and Petersen (2006); Rauh and Sufi (2010);
Becker and Ivashina (2014); Crouzet (2018); Schwert (2020); Crouzet (2021); Flanagan
(2022)). These studies identify multiple determinants of companies’ choice among dif-
ferent funding sources. One of the important determinants is information asymmetry
between the lender and the borrower. We show that, in the ESG setting, information
asymmetry continues to matter and mitigates the lenders’ decision to fund a borrower
with low ESG performance. Some studies have also considered the relationship between
firms’ capital or debt structures and sustainability profiles. For example, Chang et al.
(2024) study how firms’ ex ante capital structure affects their subsequent non-financial
performance. Asimakopoulos et al. (2023) find that, after information about borrowers’
ESG performance becomes available, their debt structure tilts toward more bank loans.
It is important to note that we focus on borrowers whose ESG performance informa-
tion is already available. Our contribution is to show how borrowers” ESG performance
affects both the pricing and quantity of credit across bank and public bond markets.
The rest of the paper is organized as follows. Section 2 describes our main data
sources, summary statistics, and empirical strategy. Section 3 provides the results on
the amount of debt financing of brown companies. Section 4 provides the results on the
cost of debt of brown companies. Section 5 implements staggered difference-in-differences
estimators. Section 6 studies the potential mechanisms underlying our findings. Section

7 concludes.

2 Data and empirical strategy

In this section, we describe our main data sources and discuss the identification strategy:.
Since we compare different debt sources of firms, we construct a dataset that combines

loans originated by banks and bonds issued by corporations.



2.1 Data

The data on syndicated loans originated in the US from 2001 to 2021 comes from Thom-
son Reuters DealScan. For each loan, we observe the lender, the borrowers, all-in-drawn
spreads, loan amounts, and other loan terms such as covenants, collateral, and maturity.
Following prior literature, we remove borrowers in the financial and utilities industries
(SIC codes 49, 60-69, 90-99). We keep only observations for the lead lender, as this lender
is typically the one responsible for the deal. We keep only US dollar-denominated loans.
We remove loans that are originated for acquisitions, takeovers, or leverage buyouts,
even if those reasons are mentioned as secondary, and sponsored loans. We keep only
loans that are priced relative to LIBOR. Finally, we keep only revolving loan facilities
(revolvers, lines of credit) and term loans of all types. Our final DealScan sample has
3,385 firms and 84 banks. For each loan facility, we observe an all-in-drawn spread (rel-
ative to LIBOR), date of origination, maturity, seniority, and loan amount. We merge
the loan pricing data with balance sheet data on lenders and borrowers from Compustat
using linking files provided by Chava and Roberts (2008) and Schwert (2020).12

We obtain bond issuance data from Mergent FISD. The data specifies the issue date
and amount for each bond. The sample contains 454,405 observations from 1984 to 2021.
We merge FISD to DealScan using CUSIP and lender file shared by Schwert (2020).
We collect bond prices from TRACE and merge each loan facility with data on bond
prices. The data is transaction-level, i.e., prices of the bonds are recorded at dates when
transactions were made. We match loans and bonds by the date of origination /issuance
and maturity. Following Schwert (2020), we keep only senior unsecured bonds. Our final
FISD sample contains 515 firms, and final TRACE sample contains 89 firms.

Next, we add risk-free rates and debt structure data. Because loans in our sample
set interest rates relative to LIBOR, we collect LIBOR data from Bloomberg and use it
as a measure of risk-free rate. We further compute bond spreads by maturity-matching

LIBOR to make the base consistent with loans. Finally, we collect debt structure data

12\We thank Sudheer Chava, Michael Roberts, and Michael Schwert for making their data available.



from Capital IQ. We define senior debt as the sum of total bank debt and capital leases.
The rest of the debt is junior.

Finally, we obtain firms’ ESG performance data from RepRisk. RepRisk collects
data on news announcements about firms’ negative ESG events — violations of UNGC
principles. When a serious violation takes place, it is usually covered in the mass media.
Then, it appears in the RepRisk database. The database contains information about
the event — description and date. The description mentions which principle has been
violated. UNGC specifies ten principles: two of them are related to human rights,
four to labor, three to the environment, and one to anti-corruption. In the paper, we
use events themselves and ESG ratings that RepRisk computes based on the history
of UNGC violations. For events, the original RepRisk sample covers 37,164,374 events,
many of which are duplicates (e.g., if the event was covered by multiple media outlets),
which we remove. For ratings, RepRisk ESG ratings are based on the number of UNGC
violations a firm experienced. The more violations, the lower the rating. If a firm has not
violated any principles for a long period of time, its rating improves. Unlike many other
measures of ESG scores, the rating we use is ex-post, i.e., it does not measure ex-ante
brownness of firms given their emissions, corporate policies, etc. We observe UNGC data
from 2004 onward.

A major advantage of using RepRisk data for ESG performance is that it focuses on
realized ESG events rather than on ex-ante characteristics, as many other ESG ratings
do. As Berg et al. (2022) show, there is a very low correlation between ex-ante ratings.
By focusing on actual events, we take a stance on how we define a brown firm — a
company that has had many negative ESG events.

We show summary statistics of negative ESG events — UNGC violations — in our
sample in Tables 1 and 2. On average, we have about 9 events per firm, 99 events every
year, and about 4 events per firm in a given year. Figure 1 shows the number of UNGC
principles violations. Note that one event may involve violations of multiple principles.

The vast majority of violations are of environmental principles. The next most popular
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Table 1: Descriptive Statistics of RepRisk Events: Counts of Events

Statistic N Mean St. Min  Pctl(25) Pctl(75) Max
Dev.

Events per firm 125 8.672  13.688 1.000  1.000  10.000  90.000

Events per year 11 98.55  76.993  2.00 41.50  143.00  238.00

Events per firm-year 301 3.601 5.182 1.000 1.000 4.000  58.000

Note: This table provides summary statistics of counts of RepRisk events per firm, per year,
and per firm-year. An event is recorded the first time it is covered by a public source. We drop
duplicating news coverage of events after the first announcement.

Table 2: Descriptive Statistics of RepRisk Events: Event Characteristics

Statistic N Mean  St. Dev. Min Pctl(25)  Pctl(75) Max
Severity 1,084 1491  0.527 1 1 P 3
Novelty 1,084 1.719 0.450 1 1 2 2
Reach 1,084 1.559 0.599 1 1 2 3

Note: This table provides summary statistics of the characteristics of RepRisk events. Severity
measures the harshness of the event. The higher the number, the harsher the risk incident.
Novelty is the newness of the issues addressed in the news about the event. The higher the
number, the more unexpected the news is. Source reach is the influence or readership of the
news source in which the event was published. The higher the number, the more influential
the first announcement about an event is.

category is human rights. In Appendix B.1, we also report a climate-only robustness

check.

2.2 Empirical strategy

A naive way to examine whether brown firms face different debt conditions would be to
regress debt amounts or prices directly on firms’ ESG ratings. Such regressions would be
difficult to interpret, however, because firms with persistently low ESG ratings may differ
from firms with high ESG ratings in ways that also affect credit conditions. For example,
firms in some industries are more likely to have negative ESG events and may also have
different access to bank and bond financing for reasons unrelated to ESG performance.
We therefore use changes in firms’ ESG performance around negative ESG events as
our main source of variation. As events, we take RepRisk events — violations of UNGC

principles. In Appendix B.1, we also consider only climate-related events.
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Figure 1: Histogram of UNGC Principles Violations in RepRisk Events in our Sample.
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The histogram shows the frequency of different UNGC principles violations in our
sample. The data is from RepRisk. Note that one event may involve violations of multiple
UNGC principles. For the full description of principles, see the UNGC website.

The assumption behind the event study is that ESG events are not driven by loan
characteristics. In particular, we assume that the events are not affected by the debt

terms such as interest rates and that the events are not correlated with unobserved

determinants of debt conditions. We then run the following regression:

Yie = BPostis + v Xipe + a; + Ky + 0¢ + i
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where Yy is either the logarithm of the quantity or the price of debt originated by bank b
to firm ¢ at time t, Post; is a dummy variable equal to 1 for firm ¢ after it has a negative
ESG event, Xy is a set of control variables (including Altman z-score, a dummy variable
for secured debt, and balance sheet variables), «; is borrower FEs, k; is bank FEs, and 6,
is time FEs. For bonds, the amount of bond financing and all characteristics are at the
firm-year level (no b subscript and no bank fixed effects). We define the post period as
the year after the event. We specifically look at the next debt contract after the event.
For example, if the event happened before the end date of the existing loan, the loan
will not be treated as the post-event debt. Since treatment timing is staggered, we also
report staggered difference-in-differences estimates in Section 5.

In principle, loan terms can affect the events. For example, higher loan rates
might force the borrower to forgo green projects as brown projects are often cheaper
(Hartzmark and Shue (2022); Bellon and Boualam (2024)). To further mitigate the con-
cerns that the events are not random (for example, because firms in some industries are
more likely to violate UNGC principles), we match firms in our sample (treatment group)
to firms that did not have any negative ESG events (control group) using the propensity
score nearest neighbor matching where propensity scores are calculated using logit.!?
We match firms based on their balance sheet characteristics (assets and liabilities), date,
industry, and ESG rating prior to the event. For each firm-event pair, we find a matching
firm from Compustat. We use calipers when matching dates to make sure the firms in
the control group are matched to the firms in the treatment group at nearby dates. The
matching is done without replacements, and it is one-to-one, i.e., each treated unit gets
one match. Our final matched data contains 135,818 observations. We then merge the

matched data with loan and bond data to estimate the following regression:

Y;bt = 5P08tit . Eventit + ’YXz‘bt + a; + Kp + Eipt (2)

13In Appendix B.3, we report alternative matching estimates based on Mahalanobis distance matching.
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where Fvent;; is a dummy equal to 1 for the firms that have a negative ESG event at

t.14 Our main identification assumption is that absent negative ESG events, firms

time
in the two groups would have had similar debt characteristics. In Appendix B.4, we
discuss the parallel trend assumption, examine pre-trends, and apply the methodology
from Rambachan and Roth (2023).

The matching strategy allows us to mitigate concerns related to treated firms being
fundamentally different from the firms that do not experience any events. For example,
a possible concern is that green firms are better monitored by the banks, and that is why
green firms get, on average, better terms. Our matching strategy helps with this threat
because we include ESG scores before the events in the matching set, so we compare
treated firms with firms that had similar ESG ratings prior to the event but did not
experience an event. Unless the event itself triggers less monitoring, which is unlikely,
more intense monitoring of green firms should not explain our results. In Appendix
B.5 we plot distributions of variables in the control and treatment groups to assess
balance. We also report covariate balance before and after matching and the number of
unmatched units. The model still has limitations due to underlying differences between
treated and control firms. For example, ESG scores are not very balanced. This raises
the importance of examining pre-trends and assessing the sensitivity of our results to
possible violations of the parallel-trends assumption. It is important to note that ESG
scores are, on average, higher for treated firms, not lower, so if there is a bias caused by
imbalance, it likely understates our results.

Our final database contains data for treated and control firms on their balance sheets,
loan amounts, issued bonds, prices of loans and bonds, ESG ratings, and dates of negative
ESG events. We have 57,454 observations from February 2007 to April 2017 for loans,
2,865,372 observations from February 2011 to August 2021 for bond prices, and 201,543

observations from January 2006 to August 2021 for bond amounts. The matched loan

4Most firms experience multiple events throughout our sample. For example, if Apple Inc. experiences
an event in August 2002 and July 2020, its Fvent;; will be equal to 1 for the third quarter of 2002
and the third quarter of 2020. Apple Inc. can still be matched as a non-event firm for other quarters.
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Table 3: Summary Statistics: Matched Sample

All firms Treatment Control
Mean Std. Mean Std. Mean Std.
dev. dev. dev.

Panel A: Loan characteristic (DealScan)

Bank loan amount (th. $) 4,810 7,849 4,154 3,189 5,476 9,839
All-in-drawn spread (b.p.) 148 72 121 73 159 69

Panel B: Bond characteristics (TRACE & FISD)

Bond yield (%) 4.49 37.30 4.08 18.96 7.61 96.03
Bond amount (th. §) 1,105 4,154 1,018 2,067 1,376 7,599

Panel C: Borrower characteristics (Compustat & RepRisk)

Total assets (bill. $) 7 145 80 112 75 165
Total liabilities (bill. §) %) 125 50 91 60 145
Altman z-score 2.29 1.40 2.78 1.38 1.88 1.29
ESG score 1.14 1.23 1.57 1.10 0.83 1.22

Note: This table provides descriptive statistics for the data used in the main analysis of
the paper after the propensity score matching. Panel A provides loan-facility-level summary
statistics for loan characteristics from DealScan. Panel B contains transaction-level summary
statistics for bond characteristics for TRACE and FISD. Panel C provides firm-level statistics
for borrowers’ characteristics from Compustat and RepRisk. The columns represent the groups
— the first two show means and standard deviations for the full sample, and columns 3-6 provide
means and standard deviations separately for treatment and control groups, respectively. The
treatment group is the group where firms experienced negative ESG events.
sample contains 413 firms, of which 272 are never treated. The matched bond price
sample contains 44 firms, of which 26 are never treated. The matched bond amount
sample contains 310 firms, of which 174 are never treated.

Table 3 provides summary statistics for the matched sample. The variables used in
matching are fairly close for treatment and control groups, as the procedure requires.
Moreover, our matching technique performs well for variables that are not used directly

as matching targets. For example, average all-in-drawn spreads are 121 and 159 bps for

the firms in treatment and control groups, respectively.
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3 Amounts of bank and bond financing of brown
companies

We begin by examining the amounts of funding banks and public bondholders provide
to brown borrowers.

We follow the identification strategy described above to answer the question. Specif-
ically, we first use firms’ negative ESG events. We assume that the probabilities of the
violations are exogenous, i.e., firms’ debt decisions do not affect the violation, nor do
any unobservables that can influence loan and bond amounts. Second, we match the
firms that had a negative ESG event with similar firms that did not have any negative
ESG events. The matching strategy allows us to address the concern that the events are
affected by certain firm characteristics that also affect the amounts of funding provided
by different creditors.

Table 4 presents results for the sizes of loans that banks provide to companies.
Columns 1 and 2 show the results of the event study. Following a negative ESG event,
an average firm increases its loan amounts by 1.8 to 2%. The result implies that banks
provide borrowers with larger loans when borrowers’ ESG performance deteriorates in
the event-study specifications. The propensity score matching results are presented in
Columns 3 and 4. The results show that the bank loan amounts increase by 0.2 to 0.6%
for firms that had a negative ESG event relative to firms that did not. The results,
however, are not statistically significant. At the very least, we can conclude that banks
do not appear to divest from brown firms or sharply reduce lending despite increased
interest rates. Also note that high R?s, even without borrower fixed effects, suggest
that the borrower-specific reasons might not be enough to explain the variation in loan
amounts. We discuss potential economic mechanisms for our findings in detail in Section
6.

Table 5 presents results for the amount of bond financing obtained by firms. Columns

1 and 2 show the results of the event study. Following a negative ESG event, an average
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Table 4: Impact of ESG Performance on the Loan Amount: Event Study and Matching

log(Loan  Amt)%, = BPost(-Eventy) + X + i + Ky + St

Dependent variable:

Log (Loan Amount)

1) (2) (3) (4)
Post 0.020*** 0.018** 0.008 0.007
(0.006) (0.008) (0.007) (0.011)
Event 4.126™** —0.045***
(0.181) (0.011)
Post - Event 0.006 0.002
(0.010) (0.014)
Matching No No Yes Yes
Bank FE Yes Yes Yes Yes
Borrower FE Yes No Yes No
Controls Yes Yes Yes Yes
Observations 30,573 30,573 50,007 50,007
R?2 0.997 0.996 0.998 0.995

Note: This table provides results of the estimation of equations (1) and (2) where the dependent
variable is the logarithm of the bank loan amount. The number of observations is larger than
in the regressions with all-in-drawn spreads because there are some loan contracts with missing
price information. The first two columns correspond to the event-study results. The events
are violations of the UNGC principles. Columns 3-4 are based on nearest-neighbor propensity
score matching. The variables used in matching include pre-event ESG ratings, balance sheet

indicators, date, and industry. Bank and borrower fixed effects are included. Standard errors

are clustered at the borrower level and displayed in parentheses. *,**, and *** correspond to

10-, 5-, and 1% significance level, respectively.
firm reduces its bond issuance by 1.5 to 4.3%. The result implies that bondholders
provide less financing to firms after their ESG performance deteriorates. The matching
results produce similar conclusions — bond financing declines by 1.2 to 2.9% following the
negative ESG event for treated firms compared to control firms. This result implies that
either bondholders divest from brown firms or that brown firms reduce their issuance of
bonds.

A possible identification concern is that banks cut credit to firms and those firms

then experience negative ESG events. This possibility would imply reverse causality,
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Table 5: Impact of ESG Performance on the Bond Financing Amount: Event Study
and Matching

log(Bond Amt)g = fPosty(-Eventy) + v Xy + o + 0 + iy

Dependent variable:
Log(Bond Financing Amount)

1) (2) (3) (4)
Post —0.043*** —0.015*** —0.023"** 0.036***
(0.003) (0.004) (0.008) (0.007)
Event 13.337*** 13.340***
(0.148) (0.079)
Post - Event —0.012 —0.029***
(0.008) (0.008)
Matching No No Yes Yes
Time FE Yes No Yes No
Firm FE Yes Yes Yes Yes
Observations 104,075 104,075 147,294 147,294
R?2 0.999 0.998 0.998 0.997

Note: This table provides results of the estimation of equations (1) and (2) where the dependent
variable is bond amounts. The first two columns correspond to the event-study results. The
events are violations of the UNGC principles. Columns 3-4 are based on nearest-neighbor
propensity score matching. The variables used in matching include pre-event ESG ratings,

balance sheet indicators, date, and industry. Time and firm fixed effects are included. Standard

errors are clustered at the firm level and displayed in parentheses. *,** and *** correspond to

10-, 5-, and 1% significance level, respectively.

especially since our sample includes the Global Financial Crisis. In Appendix B.2, we

exclude 2008 and 2009 from the sample and show that the main conclusions are robust.
The results in this section imply that banks do not appear to reduce lending when bor-

rowers’ ESG performance deteriorates, while bondholders reduce their funding. There-

fore, brown firms’ debt structure tilts towards bank loans. In the next section, we aim

to understand how banks and public bondholders choose interest rates for debt provided

to brown and green borrowers.
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4 Cost of debt for brown companies

In this section, we analyze the costs of loan and bond financing for brown firms relative
to green firms. We first test whether bank loans have different costs for brown firms.
Then, we test if the yields of bonds issued by brown companies are higher than the yields
of those issued by green companies. Finally, we estimate a structural model to compare

the cost of bank loans to the cost of bond financing.

4.1 Cost of bank loans

We start by testing whether loan spreads (loan rates minus LIBOR) increase after bor-
rowers experience negative ESG events. The relevance assumption is that the violation
of UNGC principles worsens the firm’s ESG performance. The exogeneity assumption
implies that the events are not influenced by loan conditions, and also that common
variables do not affect both the firm’s loan conditions and the probability of the firm
experiencing a negative ESG event.

Columns 1 and 2 of Table 6 show the results. Note that since in the event study we
only include firms that have a negative ESG event, the variable of interest is Post. In
one of the specifications, negative ESG events are associated with higher loan spreads
charged by banks. An average event increases the all-in-drawn spread of the next loan
to the borrower by 3.4 bps. This result is in line with our hypothesis that banks consider
borrowers’ ESG performance when determining loan spreads. The insignificant result in
the other specification may occur due to the selection bias of firms that have a negative
ESG event. We address this concern in the next set of tests.

The event study assumptions require that the negative ESG events are not influenced
by loan conditions or common confounders. In reality, some firms may be more likely
to experience a negative ESG event than others. For example, firms in the oil industry
are more likely to have an oil spill, or firms with worse ESG performance ex ante are
more likely to maintain this poor performance. Oil firms will also likely obtain different

loan conditions. To address this issue, we match firms that experienced negative ESG
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Table 6: Impact of ESG Performance on the Loan Spread: Event Study and Matching

iy = BPostiy(-Eventy) + v X + o + Kb + €t

Dependent variable:

All-in-drawn spread

1) (2) (3) (4)
Post —0.034 3.387 —3.342%** —8.131%**
(0.671) (0.788) (0.480) (0.866)
Event 130.876*** —23.128***
(3.120) (0.894)
Post - Event 4.359*** 11.283***
(0.795) (1.164)
Matching No No Yes Yes
Bank FE Yes Yes Yes Yes
Borrower FE Yes No Yes No
Controls Yes Yes Yes Yes
Observations 16,962 16,962 39,150 35,150
R2 0.924 0.873 0.957 0.890

Note: This table provides results of the estimation of equations (1) and (2) where the dependent
variable is all-in-drawn spread. The first two columns correspond to the event-study results.
The events are violations of the UNGC principles. Columns 3-4 are based on nearest-neighbor
propensity score matching. The variables used in matching include pre-event ESG ratings,
balance sheet indicators, date, and industry. Bank and borrower fixed effects are included.
Standard errors are clustered at the borrower level and displayed in parentheses. *,** and ***
correspond to 10-, 5-, and 1% significance level, respectively.

events with similar firms that did not experience any negative ESG events close to the
same date. The variables used in matching include pre-event ESG ratings, balance sheet
characteristics, date, and industry. The exclusion restriction requires that variables
not captured by the matching procedure do not impact the occurrence of a negative
ESG event. Another way to phrase the assumption is that absent the event, firms
in the treatment and control groups would have had similar debt conditions. In the
Appendix B.4, we find limited evidence of pre-trends and employ the methodology from

Rambachan and Roth (2023) to show that post-trends are strong even if we assume a

violation of the parallel trend assumption.
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Columns 3-4 of Table 6 show the results of the test with matching. The all-in-drawn
spread of the next loan for the firm that has had a negative ESG event increases on
average by 11.3 bps relative to the firm that did not have any negative ESG events
around the same time. At the within-firm level, the magnitude of the increase is smaller
but still statistically and economically meaningful: 4.4 bps. These results imply that

negative ESG events increase the cost of bank loans for borrowers.

4.2 Cost of bonds

Next, we test whether bond yields rise after negative ESG events. If the yield is high, the
price is low, so if borrowing from the bond market is more expensive for brown firms, the
bond yields of brown companies should increase after their ESG performance deteriorates.
As with loan spreads, directly comparing firms with different ESG ratings would be
difficult to interpret because changes in ESG performance are generally correlated with
other characteristics that can also impact bond yields. We therefore conduct an event
study using firms’ negative ESG events.

Columns 1-2 of Table 7 show the event study results. Bond yields increase on average
by 1.7-2.2 bps after a negative ESG event, implying that bond prices are lower for firms
with lower ESG performance. This finding suggests that borrowing from public markets
is more expensive for brown firms than for green firms.

The event study rests on the assumption that all changes to bond yields around
the negative ESG event are attributed to the event. However, other factors can also
affect bond yields. For example, financial shocks or changes in the regulation of certain
industries can affect bond yields around negative ESG events. To address the issue,
we match firms that experienced negative ESG events with similar firms that did not
experience any negative ESG events close to the same date, following the same procedure
as described above. The variables used in matching include pre-event ESG ratings,
balance sheet characteristics, date, and industry. The exclusion restriction requires that

variables not captured by the matching procedure do not affect the occurrence of a
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Table 7: Impact of ESG Performance on the Bond Yields: Event Study and Matching

by = BPosty(-Eventy) + v X + i + 0 + €

Dependent variable:

Bond yield
(1) (2) (3) (4)
Post 1.693*** 2.219%* 0.033 —0.754***
(0.033) (0.041) (0.131) (0.144)
Event —2.670"** —3.164***
(0.139) (0.146)
Post - Event 1.442*** 1.784***
(0.140) (0.134)
Matching No No Yes Yes
Time FE Yes No Yes No
Firm FE Yes Yes Yes Yes
Observations 1,773,731 1,773,731 2,769,450 2,769,450
R?2 0.182 0.169 0.043 0.041

Note: This table provides results of the estimation of equations (1) and (2) where the dependent
variable is bond yields. The first two columns correspond to the event-study results. The events
are violations of the UNGC principles. Columns 3-4 are based on nearest-neighbor propensity
score matching. The variables used in matching include pre-event ESG ratings, balance sheet

indicators, date, and industry. Time and firm fixed effects are included. Standard errors are

clustered at the firm level and displayed in parentheses. *,**  and *** correspond to 10-, 5-, and

1% significance level, respectively.
negative ESG event.

Columns 3-4 of Table 7 show the matching results. In both specifications, bond
yields increase for firms that had negative ESG events relative to firms that did not.
Bond yields increase by 1.4-1.8 bps during the one-year window around the negative
ESG event, suggesting that brown firms find it more costly to borrow from the bond
market.

Next, we study whether the difference in the cost of bank and bond debt is different
for brown and green firms. To examine this question, we need to compare prices of

loans and bonds for the same firm under the same conditions. The comparison is not
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straightforward since bonds are traded on the market and loans are not. We discuss how

we compare prices of bonds and loans in the next subsection.

4.8 A structural model of loan and bond pricing

Comparing prices of loans and bonds is challenging because bonds are traded on the
market and thus their yields are determined by trading behavior, whereas loans are
originated by banks and their spreads are a result of negotiations between lenders and
borrowers. Bonds and loans also have different maturities and different seniority. One
approach to estimate the differences between the costs of bonds and loans is to estimate
the loan premium as if loans were traded on the market like bonds. We do it by following
the methodology developed by Schwert (2020). We retain the assumptions from Schwert

(2020) without modification, recognizing that this tool carries its original limitations.

4.3.1 Model set-up

Prices that a company pays for borrowing from the loan and the bond market are inher-
ently difficult to compare. Bonds and loans differ in probabilities and expected times of
default, expected recoveries in case of a default, and systematic risk exposures of recovery
rates and default probabilities.

We estimate the differences in prices of loans and bonds in two steps. In the first step,
we match bonds and loans issued (obtained) by the same company on the same date. To
make the comparison more accurate, we focus on loans secured by a first lien. Since two
debt contracts issued on the same date have the same timing, probability of default, and
systematic risk exposure with respect to default, differences in prices for these loan-bond
pairs are solely driven by expected recoveries in case of a default (Schwert (2020)).

In the second step, we account for differences in expected recoveries, or seniorities, of
bonds and loans by using a structural model of credit risk. The model is an extension of

Merton (1974) with two classes of debt. The firm value is assumed to follow a geometric
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Brownian motion under the risk-neutral measure:
1 2 Q
dinV, = [r — 30 dt + odW,”, (3)

where 7 is a risk-free rate and o2 is the asset volatility parameter.

Suppose a firm has two types of zero-coupon debt: a senior loan with face value Kg
and a junior bond with face value K ;. The loan and the bond mature on the same date,
T. The payoff of a senior debt holder is equivalent to a portfolio consisting of a risk-free
bond and a short put option struck at Kg. The junior debt holder’s payoff is equivalent
to a portfolio of a long call option struck at K¢ and a short call option struck at Ks+ K ;.

With these assumptions, the value of the senior debt is

Ds=V — (V®(di5) — Kse " ®(dy5)), (4)
where
In(V/Kg) + (r+ 30%) T
dy g = 2 . dos=dis—oVT, 5
1,8 T 2,8 1,8 (5)
and the value of the junior debt is
Dy = (V®(dis) — Kse " ®(do5)) — (VO(dh) — (Ks + Kj)e " ®(ds)),  (6)

where
In(V/(Ks+ Kj))+ (r+ 30T
dl - ;
oVT

Since the loan and the bond have zero coupons, their yields are ys = 7in(Kg/Dg) and

dy=dy —oVT. (7)

ys = #In(K;/D,), respectively.

We use the model to obtain market prices of loans as follows. First, we use the
equation for the valuation of junior debt (6) to solve for the asset volatility parameter,
o%. Next, we plug in the recovered parameter o2 into the valuation equation for senior

debt (4) and obtain the price of the loan as if it was traded on the public bond market.
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4.83.2 Model data

To estimate the model we collect data on loan and bond prices. We use DealScan for
loan rates and TRACE for bond prices. We match loans and bonds issued by the same
firm on the same date. To avoid comparing low-risk bonds to high-risk bank loans, we
follow Schwert (2020) and limit the sample to first-lien loans. The final sample contains
117 loan facilities from 2009 to 2016. We add ESG ratings from RepRisk to the data

since our goal is to compare relative prices of credit for brown and green companies.

4.8.83  Estimation results

Results of the model estimation are presented in Table 8. The average bond spread is
2.05%, and the average loan spread is 1.65%. However, once we account for maturity,
seniority, and debt amounts, it becomes clear that bank borrowers pay a premium for
taking a loan instead of issuing a bond — the model-implied loan spreads are, on average,
0.33%. This result is consistent with findings in Schwert (2020) and shows that borrowing
from banks is more expensive than borrowing from the market.

Next, we compute loan premiums, i.e., differences between observed and recovered
loan spreads for all borrowers and separately for green and brown borrowers. We define
green borrowers as firms that have ESG RepRisk ratings of ‘A,” ‘AA,” or ‘AAA’ on the
date of origination/issuance. We define brown borrowers as firms with ESG ratings of
‘BBB’ or lower on the date of origination/issuance. Recall that RepRisk ratings are
based on events that happened to the firm, so classic concerns of measurement error in
ESG ratings (Berg et al. (2022)) are mitigated in our analysis.

Premiums and t-values from the Welch tests are presented in Table 9. Firms in the
full sample pay on average 1.29 percentage points premium for borrowing from banks.
The reasons underlying the premium include better terms offered by banks, possible
negotiations and relationships, etc.'®> Green firms pay an above-average premium — 1.99

percentage points. Finally, brown firms pay a below-average premium of 0.96 percentage

15For more detail, see Schwert (2020).
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Table 8: Structural Estimation Results

Mean Std. dev.
(1) (2)
Bond spread 2.05 3.11
Bond yield 3.86 3.19
Loan spread (data) 1.65 1.27
Loan spread (model) 0.33 1.75
Observations 117 117

Note: This table provides results of the structural estimation of the credit pricing model.
Column 1 shows means, and column 2 shows the standard deviations of respective variables.
The first two rows show empirical corporate bond spreads relative to maturity-matched LIBOR
and bond yields, respectively. The third row presents empirical loan spreads from DealScan.
Finally, the fourth row presents recovered loan spreads from the model, i.e., loan prices relative
to LIBOR as if loans were traded on the market. All numbers are in percentages.

points.

Next, we examine whether brown firms pay a lower premium than green firms. The
t-test result suggests that green firms pay a 1.03 percentage points premium on top of
the premium paid by brown firms. This number is both statistically and economically
significant, implying that loans are relatively cheaper for brown firms than for green
firms.

Our model estimation shows that bank credit is relatively cheaper for brown than
for green firms. This price differential implies that when brown firms need funding, they

are more likely to demand it from banks than green firms, which is consistent with the

loan financing patterns we observe in the data.

5 Staggered difference-in-differences estimates

All event-study results that we have presented so far involve staggered treatment tim-

ing. Firms experience negative ESG events in different periods, and the composition
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Table 9: Estimated Loan Premiums for Green and Brown Borrowers

All firms Green firms Brown firms
(1) (2) (3)
Loan premium 1.29*** 1.99*** 0.96"**
(6.84) (5.63) (4.34)
Observations 117 39 78

Note: This table provides estimated loan premiums, i.e., differences between observed loan
spreads and spreads recovered from the credit pricing model. Column 1 shows the premium
for all firms. Column 2 presents the premium for firms that have ESG RepRisk ratings of ‘A’
‘AA) or ‘AAA’ on the date of origination/issuance. Column 3 shows the premium for firms
with ESG ratings of ‘BBB’ or lower on the date of origination/issuance. t-values from the
Welch t-test are in parentheses. All premiums are in percentage points.

of treated and control firms can therefore change over time. To address this issue, we
estimate staggered difference-in-differences specifications that use valid unit-time panels
for each outcome. The panel construction differs across outcomes because prices are ob-
served when debt trades or is originated, whereas quantity outcomes require an explicit
distinction between financing volume and loan size conditional on origination.

We use the interaction-weighted estimator of Sun and Abraham (2021). This estima-
tor is better suited to our setting than the alternatives for two reasons. First, our debt
outcomes are not observed in a common balanced panel: loan spreads and bond yields are
observed only when loans are originated or bonds trade, loan amounts are observed con-
ditional on origination, and bond amounts require zero-filled issuer-event-quarter panels
to capture non-issuance quarters. Second, the estimator can be implemented directly on
these corrected unit-time panels while allowing treatment effects to vary by treatment
cohort and event time. By contrast, estimators designed around balanced panels or re-
peated cross-sections, such as Callaway and Sant’Anna (2021), are less natural for debt
outcomes observed only when financing activity occurs, and imputation estimators such
as Borusyak et al. (2024) require estimating untreated potential outcomes over thin or

unsupported unit-time cells in some of our outcome panels.

Table 10 reports the results. The staggered estimates are broadly consistent with the
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Table 10: Staggered Difference-in-Differences Estimates

Dependent variable:

Loan spread Bond yield Loan amount Bond amount

(1) (2) (3) (4)

ATT 10.0 1.7* 0.448 —0.256***
(10.7) (0.9) (0.291) (0.050)

Estimator SA SA SA SA
Unit FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Observations 774 578 867 215,604

Note: This table reports staggered difference-in-differences estimates on corrected unit-time
panels using the Sun and Abraham (2021) estimator. The loan-spread and loan-amount pan-
els are borrower-quarter panels aggregated from loan originations; the loan-amount estimate
measures loan size conditional on origination. The bond-yield panel applies the TRACE yield
screen used in the bond-yield analysis and aggregates transactions to the issuer-quarter level.
The bond-amount panel is a zero-filled issuer-event-quarter panel, so the estimate captures
changes in bond issuance volume, including quarters with no issuance. Estimates in Columns
(1) and (2) are in basis points. Standard errors are displayed in parentheses. *,** and ***
correspond to 10-, 5-, and 1% significance level, respectively.

main evidence. Both loan spreads and bond yields appear to increase after a negative
ESG event, although the estimate for loans is statistically insignificant. For quantities,

the estimates continue to show no decline in bank loan size conditional on origination,

while bond issuance falls in the zero-filled issuer-event-quarter panel.

6 Potential mechanisms

Our study has documented three patterns: firms with low ESG performance (1) obtain
less debt from the public bond market while banks do not appear to reduce lending, (2)
face a higher cost of debt overall, and (3) pay a lower loan premium relative to model-
implied loan spreads. We have not yet offered any mechanisms that can explain these
results. In this section, we discuss and test potential explanations.

We consider three potential mechanisms that can explain why banks supply credit
to brown firms in a manner different from bondholders — increased financial risks of

brown companies, banks’ superior information about their borrowers, and banks’ and
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bondholders’ different tastes.

6.1 Financial health

One explanation for the results we find is that brown borrowers are financially riskier
than green borrowers. For example, if the firm has an oil spill, its cash flows are likely to
decline or become less predictable. Hence, the probability of a future default increases,
and the firm may accept a higher interest rate and switch to the type of debt that is
shorter-maturity and serves riskier firms, i.e., to bank debt away from public bond debt.

We argue that this explanation is unlikely. We run event studies (without matching,
only treated firms) in an 18-quarter window around the events to examine whether
firms’ fundamentals change as a result of an adverse ESG event. If financial risk is the
mechanism, firms’ fundamentals should change after the events in a significant way. We
consider sales, ROA, market value of equity, and default probability, measured using
Altman z-score. Figure 2 shows the results. None of the four variables is significantly
affected by the events, suggesting that the ESG events do not substantially alter firms’
financial health and are unlikely to lead to a change in debt structure.

We also examine whether brown firms switch to shorter-term debt to mitigate the
negative impact of adverse ESG events. We run our main regression with the bank
loan amounts as a dependent variable separately for loans with 1-, 2-, 3-, and 4-year
maturity. The tests reported in Table 11 suggest that the positive loan-amount estimates
are concentrated in the longer-maturity loans (i.e., 4-year maturity). This outcome goes
against the explanation that firms increase their demand for short-term debt after adverse
ESG events.

Finally, banks may respond to increased financial risk by changing other terms of the
loan contract. For example, they can impose stricter covenants, demand collateral, or
reduce the maturity of the loan. All three policies, in principle, can help increase the
safety of the loans, so the banks might be more willing to increase the loan amounts. We

test all three predictions in our matched sample using data from DealScan. The results
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Figure 2: Firm Fundamentals after the Events
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Note: This figure shows the results of event studies around the UNGC principle violations for
firms’ fundamentals in an 18-quarter window. Panel A shows sales, Panel B — ROA, Panel C
— market value of equity, and Panel D — Altman z-score. Only treated firms are included.

are in Table 12. Column 1 shows that, after a negative ESG event, banks do not demand
more collateral from the treated firms. Column 2 shows that banks do not impose more
covenants; if anything, treated firms receive fewer covenants. Column 3 suggests that
the maturity of loans offered increases rather than decreases.

Taken together, our tests suggest that brown borrowers’ worsening financial health is
unlikely to explain our findings. In the next two subsections, we test two potential mech-
anisms that can explain our results, focusing specifically on differential debt-originating
behavior by banks and by public bondholders. The first explanation is that banks have

superior information about borrowers’ cash flows compared to public bondholders. The
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Table 11: Impact of ESG Performance on the Loan Amounts: Longer-Term Loans

log(Loan Amt)%, = BPost;; - Eventy + v X + i + Ky + Eint

Dependent variable:

Log (Loan Amount)

1) (2) (3) (4)
Post 0.011 —0.003 0.004 —0.009
(0.008) (0.007) (0.008) (0.007)
Event 4.601*** 6.424*** 6.096*** 6.719"**
(0.187) (0.136) (0.147) (0.138)
Post - Event —0.002 0.006 —0.002 0.020**
(0.010) (0.008) (0.008) (0.008)
Subset 1 year 2 years 3 years 4 years
Matching Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Observations 46,520 45,032 44,216 37,087
R? 0.998 0.999 0.999 0.999

Note: This table provides results of the estimation of equation (2) where the dependent variable
is the logarithm of the bank loan amount. The sample contains loans of longer maturity than
our benchmark results. Column 1 keeps loans longer than 1 year, column 2 — 2 years, column
3 — 3 years, and column 4 — 4 years. The events are violations of the UNGC principles. The
estimates are based on nearest-neighbor propensity score matching. The variables used in
matching include pre-event ESG ratings, balance sheet indicators, date, and industry. Bank

and borrower fixed effects are included. Standard errors are clustered at the borrower level

and displayed in parentheses. *,**,and *** correspond to 10-, 5-, and 1% significance level,

respectively.

second explanation is that banks and bondholders have different preferences for ESG per-
formance of their holdings — while bondholders want to divest from socially irresponsible

firms, banks do not reduce lending in the same way.

6.2 Banks’ superior information

The next explanation we consider is banks’ superior information about their borrow-
ers. In contrast to public debt or equity holders, banks are known to invest a lot of

resources in screening (Ramakrishnan and Thakor (1984), Allen (1990)) and monitoring
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Table 12: Impact of ESG Performance on Collateral, Covenants, and Maturity

Termsfbt = BPosty - Eventyy + v X + i + Kp + Eip

Dependent variable:

Collateral Covenants Maturity
(1) (2) (3)
Post 0.007* 0.027*** —11.599**
(0.003) (0.003) (4.862)
Event 1.052*** 0.003 290.244***
(0.004) (0.004) (5.358)
Post - Event 0.008 —0.021*** 14.910*
(0.003) (0.003) (6.299)
Matching Yes Yes Yes
Bank FE Yes Yes Yes
Firm FE Yes Yes Yes
Observations 50,007 49,998 50,007
R? 0.884 0.963 0.961

Note: This table provides results of the estimation of equation (2) where the dependent variable
is one of the loan terms. The dependent variable in Column 1 is an indicator of whether the
next loan has collateral. The dependent variable in Column 2 is an indicator of whether the
next loan has covenants. Column 3 has the next loan’s maturity as a dependent variable. The
events are violations of the UNGC principles. The estimates are based on nearest-neighbor
propensity score matching. The variables used in matching include pre-event ESG ratings,

balance sheet indicators, date, and industry. Bank and borrower fixed effects are included.

Standard errors are clustered at the borrower level and displayed in parentheses. *,** and ***

correspond to 10-, 5-, and 1% significance level, respectively.

(Diamond (1984), Winton (1995)) their borrowers. This close relationship allows banks
to obtain a lot of information, often soft information that other investors do not possess
(Bhattacharya and Chiesa (1995), Yosha (1995)).

We suggest that this information about firms also helps banks better understand
their borrowers’ ESG risks. In particular, banks may be able to differentiate between
borrowers whose ESG risks also imply financial risks and borrowers whose ESG risks are
not financially material. Banks can thus provide credit mostly to borrowers whose ESG
risks are not material and offer lower interest rates to these borrowers, compared to the

rates offered by the public bond market, which does not differentiate between borrowers.
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As a result, brown borrowers with financially immaterial ESG risks may be more willing
to rely on bank credit.

One way to test this explanation is to find a variable that captures the financial mate-
riality of borrowers’ ESG risks. If the described mechanism holds, we would expect this
variable to be a moderator in the relationship between sizes of bank loans and borrowers’
ESG performance: banks should provide loans of larger sizes to brown borrowers whose
ESG risks are less financially material.

We use the ESG Industry Materiality Map produced by MSCI to measure the financial
materiality of ESG risks of our firms. The Map is based on the data and analysis MSCI
conducts to construct its ESG ratings. The company-level ESG ratings measure how
well a corporation manages its financially material ESG risks. The Map aggregates
assessed materiality at the GICS (sub-)industry level, for each out of thirty-four issues
related to E (environmental), S (social), or G (governance).'® For each issue and (sub-
)Jindustry, the Map provides a weight measuring how financially harmful an issue is
for a given (sub-)industry. For example, for Healthcare Equipment, the most material
issue is Governance (39%), followed by Product Safety & Quality (33.6%), followed by
Human Capital Development (22%), followed by Carbon Emissions (5%), Privacy &
Data Security (0.2%), and Chemical Safety (0.1%). The Map is updated on a regular
basis and is publicly available. Importantly, MSCI launched this tool only at the end of
2020.'" Hence, public bondholders do not have access to the Map for the entirety of our
sample.

We merge the Map with our firm-event-level dataset in four steps. First, we identify
the firms’ GICS sub-industries. Second, we manually classify the thirty-four ESG issues
into the ten UNGC Principles. In the final step, we assign a materiality score to each
firm-event as follows. For each UNGC Principle listed as violated during an event, we

sum the weights assigned in this firm’s industry to ESG issues related to this Principle.

16To access the Map and the lists of industries, sub-industries, and issues, visit the MSCI ESG Industry
Materiality Map website.

17See Nasdaq, November 16, 2020. MSCI launches public tool to help corporates and industry stake-
holders understand its ESG Ratings model.
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If, during an event, multiple Principles were violated, we next sum all weights from all
the violated Principles. Finally, we create a variable H M ateriality that equals 1 if the

event’s materiality is above the 75" quantile and 0 otherwise.'®

To examine whether financial materiality is moderating the relationship between the
size of bank loans and firms” ESG performance, we interact the dummy for a financially
material adverse ESG event with the main variables of interest and run the following

regressions:

log(Loan Amt)libt = B - HMateriality; - Post; + v X + @ + Kp + 0 + ¢ (8)

log(Loan Amt)ébt = B - HMateriality; - Posty - Bventy + v X + Kp + 0 + ¢ (9)

Table 13 shows the estimation results. The variable H Materiality is defined at the
event level and equals 1 if the event’s materiality is above the 75" quantile. Consistent
with the informational advantage mechanism, the realized materiality level of adverse
ESG events moderates the relationship between firms’ ESG performance and bank loan
amounts. The moderating relationship is present in the specifications without borrower
fixed effects, potentially because materiality does not vary substantially over time and
is borrower-specific. The outcome suggests that banks can distinguish between brown
borrowers whose ESG risks are material and brown borrowers whose ESG risks are not
material. In specifications without time fixed effects, loans increase by 7.7% in the
event-study sample and by 6.3% in the matched sample when the event is not financially
material. For financially material events, the corresponding net effects are -8.0% and -
9.7%. Banks appear to issue larger loans to brown borrowers, but only if these borrowers’
brownness does not affect the borrowers’ financial health. This pattern is consistent with
banks being able to offer credit to financially solid companies that cannot obtain enough
financing in the public bond market due to the information asymmetry between investors

and brown borrowers.

18We choose the 75" quantile rather than the median because the median materiality is 0 in our dataset.
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Table 13: Impact of ESG Performance on the Loan Amount, Moderator Test: Effect of
Events’ Materiality

log(Loan Amt)l,, = B - HMateriality;, - Posty - Eventy + v X + Kp + 0y + it

Dependent variable:

(1)

Log (Loan Amount)

(2)

(3)

(4)

Post —0.007 0.077*** —0.020* 0.006
(0.009) (0.010) (0.011) (0.011)
Post - Event 0.048*** 0.063***
(0.014) (0.015)
HM - Post - Event 0.013 —0.157*** —0.045*** —0.160***
(0.010) (0.012) (0.010) (0.011)
Matching No No Yes Yes
Bank FE Yes Yes Yes Yes
Time FE Yes No Yes No
Controls Yes Yes Yes Yes
Observations 30,557 30,557 49,991 49,991
R? 0.997 0.996 0.995 0.995

Note: This table provides results of the estimation of equations (8) and (9). The materiality of
events is measured based on the MSCI ESG Industry Materiality Map. The first two columns
correspond to the event-study results. The events are violations of the UNGC principles.
Columns 3-4 are based on nearest-neighbor propensity score matching. The variables used in
matching include pre-event ESG ratings, balance sheet indicators, date, and industry. Time
and bank fixed effects are included. Standard errors are clustered at the firm level and displayed
in parentheses. *,**  and *** correspond to 10-, 5-, and 1% significance level, respectively.

6.3 Preference for green investments

Our next explanation is that banks and public bondholders have different preferences
for green investments. Specifically, public bondholders may inherently value their com-
panies’ high ESG performance, presumably because public bondholders’ investors value
ESG (Krueger et al. (2020); Bauer et al. (2021)), either due to the warm-glow-giving

utility they obtain from investing in socially responsible firms or due to stricter reg-
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ulatory environment.!® The preference for high-ESG investments would create incen-
tives for bondholders to divest from the firms whose ESG performance deteriorates, as
we observe in the data. A large body of the literature also argues that bondholders
have preferences for green investment (Larcker and Watts (2020); Baker et al. (2024);
Renjie and Xia (2023)).

At the same time, banks may not value borrowers’” ESG performance as strongly be-
cause of a different investor pool or because of laxer regulation.?’ Even if banks’ borrow-
ers violate UNGC principles, banks may continue providing loans to them, and even can
make profits by charging higher loan spreads. Banks that pay attention to their borrow-
ers’ ESG rating often do so because of reputational or financial risk (Houston and Shan
(2022)). Consistent with this explanation, our results suggest that bank lending does
not clearly fall for brown firms while loan rates rise.

When some investors inherently value ESG performance, and others do not, in equi-
librium, the former will invest more in green companies and the latter more in brown
companies (Friedman and Heinle (2016)). Interest rates, while being generally higher for
brown companies, would be more favorable for investors that do not value ESG perfor-
mance. The reasons for increased interest rates might be different. Bondholders increase
interest rates because they reduce the supply of debt. Banks, in turn, increase loan
rates because they have more bargaining power — borrowers’ demand for bank loans may
increase because bondholders divest.

To test the preferences explanation empirically, we again conduct a moderation test.
If the preferences explanation holds in the data, the relationship between the borrowers’

credit conditions and their ESG performance should be moderated by the level of the

9Pyblic bondholders mostly consist of large institutional investors that face increasing regulatory
scrutiny and public pressure to divest from poor ESG-performing corporations. In particular, the
Securities and Exchange Commission has recently adopted a rule implying that an investment fund
can only use an ESG-themed name if at least 80% of its portfolio aligns with the stated ESG goals
(see the SEC’s press release on September 20, 2023). The Commission also has increased scrutiny over
financial investors’ commitment to their stated policies (see the SEC’s press release on November 22,
2022) and improper disclosure (see the SEC’s press release on May 23, 2022).

20In contrast, the US banks are not (yet) regulated as heavily with respect to the greenness of their loan
portfolios. The majority of ESG initiatives for banks are voluntary.
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lenders’ preferences for ESG.

We construct two measures of banks’ preferences for their borrowers’ ESG perfor-
mance. The first measure is banks’ investors’ self-disclosed tastes for ESG. We construct
this measure as follows. First, for each bank, we identify its three largest shareholders
using the 13-F filings from the SEC’s Electronic Data Gathering, Analysis, and Re-
trieval (EDGAR) system or from banks’ or institutional investors’ websites. Second, we
use major shareholders’ official websites, sustainability reports, press releases, SEC fil-
ings, documentation, and third-party ESG ratings to identify whether each shareholder
claims to be high-ESG-oriented. We use ChatGPT-40 to determine whether sources of
information about a shareholder mention a sustainability goal. We provide examples
of sustainability goals in institutional investors’ quarterly reports in Appendix A. The
ultimate measure of the bank’s investors’ self-disclosed preference for ESG is the number
of shareholders who claim to be high-ESG-oriented. Because we only look at the three
largest shareholders, our measure of banks’ investors’ self-disclosed preference for ESG
varies from 0 to 3. A potential weakness of this measure is that self-disclosed preference
for ESG may be greenwashing and may not necessarily imply an investor actually prefers
high-ESG investments and pushes their bank to lend to greener borrowers.

The second measure that we construct may potentially better capture the bank’s
shareholders’ actions to improve the greenness of their banks’ portfolios — the presence
of an ESG-related committee on the bank’s board of directors. We obtain information
on banks’ boards of directors and committees from the BoardEx database. The second
measure is a dummy variable, which equals 1 if the board of directors of a bank has an
ESG-related committee.

For bondholders, we follow Aleszczyk and Loumioti (2024) and define a bondholder as
sustainable if it is a signatory of the Principles for Responsible Investment or participates
in the Science Based Targets initiative (SBTi). We then calculate a measure for the firm
— the share of its bondholders that are PRI signatories or participate in SBTi. The

higher the measure is, the more sustainable the bondholders are.
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We run the following regressions:

log(Loan Amt),,, = B - zy - Posty - Eventy + v Xy + o + ki + 0, + e (10)

log(Bond Amt)y = BESGBondHolders;, - Posty - Eventyy + v X + a; + € (11)

where 2y is either the number of the bank’s three major shareholders that claim to be
high-ESG-oriented or a dummy variable indicating whether the bank’s board of directors
has an ESG-related committee. The second regression looks into bond amounts for firms
whose bondholders have higher or lower PRI signatory status or SBTi participation.

Columns 1-4 of Table 14 present the results for banks. Both measures moderate the
relationship between firms’ ESG performance and the sizes of loans that these firms
obtain, consistent with our second mechanism — banks’ unique preferences for their
borrowers’ ESG performance. Banks, on average, extend larger loans to brown borrowers,
but banks with preferences for high ESG performance do not change their lending or at
most increase it by a smaller amount. In terms of economic magnitudes, a bank that
does not have any high-ESG-oriented major shareholders extends 14.4% to 27.5% larger
loans after a borrower’s ESG performance deteriorates. This increase is reduced by 6.3%
to 9.5% for each major high-ESG-oriented shareholder. For the specifications with ESG
committees, a bank without an ESG-related committee on its board extends 1.5% to
5.9% larger loans after a negative ESG event. If a bank has an ESG-related committee,
it might reduce the size of loans extended to brown borrowers: the effect varies from
-1.9% to -9.7%.

Column 5 of Table 14 presents the results for bonds. We do not find that PRI
signatory status or SBTi participation significantly moderates the bond financing re-
sponse: the interaction term is statistically insignificant. Thus, unlike the bank tests,

this proxy does not explain cross-sectional variation in bondholders’ response to negative

ESG events.

Overall, in this section, we discuss potential underlying mechanisms driving our main
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Table 14: Impact of ESG Performance on the Loan and Bond Amounts: ESG
Committees, Shareholders, and Sustainability Funds

log(Loan Amt)ibt = (- ESGCommitteey, - Posty - Eventy + v X + o 4+ Kp + 0 + €5

log(Loan Amt),,, =
B - NumESGShareholdersy - Posty, - Eventy + v X + o + Ky + 0 + €t

log(Bond Amt)y = BESGBondHolders;, - Posty - Eventy + v Xy + a; + it

Dependent variable:

Log (Loan Amount) Log
(Bond
Amount)
(1) (2) (3) (4) (5)
Post - Event 0.015 0.059*** 0.275*** 0.144 —0.451
(0.015)  (0.022)  (0.065) (0.119)  (0.869)
Post - Event - ESGComm —0.019  —0.097***
(0.019)  (0.029)
Post - Event - NumESGShareH —0.095*** —0.063
(0.022)  (0.040)
Post - Event - ESGBondHolders 2.511
(1.973)
Matching Yes Yes Yes Yes Yes
Bank FE Yes Yes Yes Yes -
Borrower FE Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes
Observations 30,585 30,585 26,164 26,164 1,854
R? 0.997 0.996 0.998 0.995 0.995

Note: This table provides results of the estimation of equations (10) and (11) where the
moderator variable is the dummy variable that equals 1 if a bank has an ESG-related committee
on its board of directors in Columns 1-2, the number of bank shareholders who claim to be
high-ESG-oriented in Columns 3-4, and the share of bondholders who are PRI signatories
or participate in the Science Based Targets initiative in Column 5. The results are based
on nearest-neighbor propensity score matching. The variables used in matching include pre-
event ESG ratings, balance sheet indicators, date, and industry. Bank and firm fixed effects
are included. Standard errors are clustered at the firm level and displayed in parentheses.

* kok

J* and *** correspond to 10-, 5-, and 1% significance level, respectively.



findings. We first argue that our results cannot be fully driven by brown borrowers’ worse
financial health. We next demonstrate how at least two forces can explain our findings

— banks’ superior information about firms’ fundamentals and the different preferences of

banks and bondholders.
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7 Conclusion

This study investigates credit conditions faced by corporations with low Environmental,
Social, and Governance performance. We document multiple patterns: companies with
poor ESG performance (1) borrow less from the bond market while banks do not appear
to reduce lending, (2) face higher costs of debt overall, and (3) pay a lower loan premium
relative to model-implied loan spreads than green firms.

We propose and test two mechanisms that align with our findings. The first mech-
anism is banks’ superior knowledge about their borrowers. Because banks have closer
relationships with borrowers, they might be better skilled than public investors at as-
sessing the implications of borrowers’ low ESG performance for future cash flows. As a
result, if banks are less uncertain about the borrower’s risk, they can selectively issue
loans to brown yet financially healthy borrowers and make bank credit relatively more
attractive. The second mechanism is banks’ and public bondholders’ different prefer-
ences for the ESG performance of their holdings. We argue that bondholders may value
their holdings’ ESG performance more than banks do, and thus reduce their funding to
borrowers whose ESG performance deteriorates.

Our study contributes to the public debate on whether capital supply to brown
firms should be regulated. Multiple calls have been made to affect brown firms’ actions
indirectly through their debt providers. However, to our knowledge, so far there exists
limited large-sample evidence on the debt conditions of brown companies. We fill this
void and show that brown companies receive less bond financing while banks do not

appear to reduce lending.
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Appendix

A Institutional investors’ ESG focus

Below we provide some examples of sustainability goals that institutional investors men-
tion. We use these goals and goals with similar wording to classify an investor as a

high-ESG-oriented.
1. Sustainable Investment:

(a) “Commitment to sustainable investing”

(b) “Sustainability-focused funds”

(c) “Sustainable investment strategies”

(d) “Investing in sustainability”

(e) “Long-term sustainable growth”

(f) “Environmental, social, and governance (ESG) criteria”

(g) “Sustainable finance initiatives”
2. Environmental, Social, and Governance (ESG):

(a) “ESG integration in investment decisions”
(b) “Responsible investing”

(c¢) “ESG-focused investment products”

(d) “Commitment to ESG principles”

(e) “Incorporating ESG factors”

(f) “Sustainable and responsible investment”
3. Climate Change and Environmental Impact:

(a) “Climate change strategy”
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(b) “Reducing carbon footprint”

(c) “Environmental stewardship”

(d) “Commitment to decarbonization”

(e) “Green bonds and sustainable finance”

(f) “Environmental impact assessment”
4. Social Responsibility:

(a) “Socially responsible investing”

(b) “Promoting social equity and inclusion”
(c) “Diversity and inclusion in investments”
(d) “Human rights in investment practices”

(e) “Community engagement and social impact”
5. Governance:

(a) “Strong governance practices”
(b) “Ethical business practices”
(c) “Corporate governance and sustainability”

(d) “Transparency and accountability in investment”

B Additional results and robustness tests

B.1  Climate events

The main results of the paper consider negative ESG events, including environmental,
social, and governance events. However, most of the focus in the media and research has
been on climate issues. Most of the events in our sample are environmental and since

we consider large firms with access to syndicated lending, most firms had at least one
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environmental event in the sample. Nonetheless, in this section, we consider a robustness
test in which we keep only the events that are climate-related. We show the impact of
climate events on the prices of bonds and bank loans, as well as the quantities of loans
and bonds.

Tables B.1-B.4 show that our results hold if we focus only on environmental events.
First, both loan spreads and bond yields increase implying that it is more expensive to
borrow after negative environmental events. Second, while public bondholders divest
from firms after the events, banks do not seem to cut their lending to such firms. We
should also note that the number of observations in climate-only tables is not much
lower than in the tables with all events because most of the events in our sample are

climate-related.

B.2  Excluding financial crisis

In this section, we exclude the financial crisis and show that our results are robust.
Specifically, we only keep observations (after matching) before 2008 and after 2009.
Tables B.5-B.8 show the results. This robustness test helps to mitigate a possible reverse
causality concern — banks cut credit to firms and those firms then experience negative

ESG events.

B.3  Different matching method

We use nearest-neighbor propensity score matching in the main analysis. In this section,
we consider an alternative matching strategy — Mahalanobis distance matching. Tables
B.9 and B.10 show that the pricing results and the bond-financing results are robust to
the matching technique. The loan-amount estimates are more sensitive to fixed-effect
choices, consistent with our conservative interpretation of the main results as evidence

that banks do not sharply reduce lending to brown firms.
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Table B.1: Impact of ESG Performance on the Loan Spread: Climate Events

iy = BPosty(-Eventy) + v X + i + Kb + €t

Dependent variable:

All-in-drawn spread

2)

(3)

(4)

Post 0.822 5.593*** —1.928*** —2.411*
(0.939) (1.095) (0.621) (1.041)
Event 146.983*** —25.434***
(4.546) (1.118)
Post - Event 3.927** 6.916***
(1.079) (1.502)
Matching No No Yes Yes
Bank FE Yes Yes Yes Yes
Borrower FE Yes No Yes No
Controls Yes Yes Yes Yes
Observations 9,797 9,797 22,283 22,283
R? 0.923 0.869 0.956 0.895

Note: This table provides results of the estimation of equations (1) and (2) where the dependent
variable is all-in-drawn spread. The first two columns correspond to the event-study results.
The events are climate-related violations of the UNGC principles. Columns 3-4 are based on
nearest-neighbor propensity score matching. The variables used in matching include pre-event
ESG ratings, balance sheet indicators, date, and industry. Bank and borrower fixed effects
are included. Standard errors are clustered at the borrower level and displayed in parentheses.

* okk
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Table B.2: Impact of ESG Performance on the Bond Yields: Climate Events

b, = BPosty(-Eventy) + v X + i + 0; + i

Dependent variable:
Bond yield

(1) 2) 3) (4)

Post 2.235%* 3.367* —1.702%** —0.646***
(0.052) (0.061) (0.123) (0.172)
Event 0.711%** 0.955"**
(0.131) (0.132)
Post - Event 4.658*** 3.496***
(0.171) (0.172)
Matching No No Yes Yes
Time FE Yes No Yes No
Firm FE Yes Yes Yes Yes
Observations 1,367,619 1,367,619 2,039,819 2,039,819
R2 0.198 0.155 0.044 0.039

Note: This table provides results of the estimation of equations (1) and (2) where the dependent

variable is bond yields. The first two columns correspond to the event-study results. The events

are climate-related violations of the UNGC principles. Columns 3-4 are based on nearest-

neighbor propensity score matching. The variables used in matching include pre-event ESG

ratings, balance sheet indicators, date, and industry. Time and firm fixed effects are included.
ko sksk

Standard errors are clustered at the firm level and displayed in parentheses. *,** and ***
correspond to 10-, 5-, and 1% significance level, respectively.
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Table B.3: Impact of ESG Performance on the Loan Amount: Climate Events

log(Loan Amt),, = BPosty(-Event;s) + v X + ; + Kp + Eipt

Dependent variable:

Log (Loan Amount)
(1) 2) 3) (4)

Post 0.018** 0.008 —0.014 0.006
(0.009) (0.010) (0.010) (0.009)
Event 3.280™** —0.095
(0.132) (0.199)
Post - Event 0.025** —0.011
(0.012) (0.012)
Matching No No Yes Yes
Bank FE Yes Yes Yes Yes
Borrower FE Yes No Yes No
Controls Yes Yes Yes Yes
Observations 19,032 19,032 32,556 32,556
R2 0.997 0.995 0.997 0.994

Note: This table provides results of the estimation of equations (1) and (2) where the dependent

variable is the logarithm of the bank loan amount. The number of observations is larger than
in the regressions with all-in-drawn spreads because there are some loan contracts with missing
price information. The first two columns correspond to the event-study results. The events are
climate-related violations of the UNGC principles. Columns 3-4 are based on nearest-neighbor
propensity score matching. The variables used in matching include pre-event ESG ratings,
balance sheet indicators, date, and industry. Bank and borrower fixed effects are included.
Standard errors are clustered at the borrower level and displayed in parentheses. *,** and ***
correspond to 10-, 5-, and 1% significance level, respectively.
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Table B.4: Impact of ESG Performance on the Bond Financing Amount: Climate
Events

log(Bond Amt)gs = BPosty(-Eventy) + v Xy + i + 0 + it

Dependent variable:
Log(Bond Financing Amount)

(1) (2) (3) (4)
Post —0.029*** —0.004 0.020* 0.060***
(0.004) (0.004) (0.009) (0.009)
Event 12.520*** 13.122%*
(0.085) (0.04())
Post - Event —0.036*** —0.042%**
(0.010) (0.010)
Matching No No Yes Yes
Time FE Yes No Yes No
Firm FE Yes Yes Yes Yes
Observations 73,897 73,897 104,767 104,767
R?2 0.999 0.998 0.998 0.997

Note: This table provides results of the estimation of equations (1) and (2) where the dependent

variable is bond amounts. The first two columns correspond to the event-study results. The
events are climate-related violations of the UNGC principles. Columns 3-4 are based on nearest-
neighbor propensity score matching. The variables used in matching include pre-event ESG
ratings, balance sheet indicators, date, and industry. Time and firm fixed effects are included.
Standard errors are clustered at the firm level and displayed in parentheses. *** and ***
correspond to 10-, 5-, and 1% significance level, respectively.
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Table B.5: Impact of ESG Performance on the Loan Spread: No Financial Crisis

iy = BPostiy(-Eventy) + v X + o + Kb + €t

Dependent variable:

1)

All-in-drawn spread

2)

3)

4)

Post —0.062 2.649*** —4.071%** —9.069***
(0.672) (0.785) (0.480) (0.876)
Event 131.051*** —23.977*
(3.045) (0.895)
Post - Event 5.074*** 11.447**
(0.795) (1.169)
Matching No No Yes Yes
Bank FE Yes Yes Yes Yes
Borrower FE Yes No Yes No
Controls Yes Yes Yes Yes
Observations 16,860 16,860 34,416 34,416
R?2 0.924 0.874 0.958 0.891

Note: This table provides results of the estimation of equations (1) and (2) where the depen-
dent variable is all-in-drawn spread. The sample excludes the global financial crisis. The first
two columns correspond to the event-study results. The events are violations of the UNGC prin-
ciples. Columns 3-4 are based on nearest-neighbor propensity score matching. The variables
used in matching include pre-event ESG ratings, balance sheet indicators, date, and industry.
Bank and borrower fixed effects are included. Standard errors are clustered at the borrower

level and displayed in parentheses. ,and *** correspond to 10-, 5-, and 1% significance level,

respectively.
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Table B.6: Impact of ESG Performance on the Bond Yields: No Financial Crisis

b, = BPosty(-Eventy) + v X + i + 0; + i

Dependent variable:
Bond yield

(1) 2) 3) (4)

Post 1.693*** 2.219*** 0.033 —0.754***
(0.033) (0.041) (0.131) (0.144)
Event —2.670%** —3.164***
(0.139) (0.146)
Post - Event 1.442%** 1.784***
(0.140) (0.134)
Matching No No Yes Yes
Time FE Yes No Yes No
Firm FE Yes Yes Yes Yes
Observations 1,773,731 1,773,731 2,769,450 2,769,450
R2 0.182 0.169 0.043 0.041

Note: This table provides results of the estimation of equations (1) and (2) where the dependent
variable is bond yields. The sample excludes the global financial crisis. The first two columns
correspond to the event-study results. The events are violations of the UNGC principles.
Columns 3-4 are based on nearest-neighbor propensity score matching. The variables used in
matching include pre-event ESG ratings, balance sheet indicators, date, and industry. Time
and firm fixed effects are included. Standard errors are clustered at the firm level and displayed

in parentheses. *,** and *** correspond to 10-, 5-, and 1% significance level, respectively.
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Table B.7: Impact of ESG Performance on the Loan Amount: No Financial Crisis

log(Loan Amt),, = BPosty(-Event;) + v X +  + Kp + Eipt

Dependent variable:

Log (Loan Amount)
(1) (2) (3) (4)

Post 0.022%** 0.024*** 0.006 0.018**
(0.006) (0.007) (0.007) (0.008)
Event 4.189*** —0.111
(0.164) (0.171)
Post - Event 0.009 —0.008
(0.010) (0.010)
Matching No No Yes Yes
Bank FE Yes Yes Yes Yes
Borrower FE Yes No Yes No
Controls Yes Yes Yes Yes
Observations 29,810 29,810 48,565 48,565
R?2 0.997 0.996 0.998 0.995

Note: This table provides results of the estimation of equations (1) and (2) where the dependent

variable is the logarithm of the bank loan amount. The number of observations is larger than
in the regressions with all-in-drawn spreads because there are some loan contracts with missing
price information. The sample excludes the global financial crisis. The first two columns
correspond to the event-study results. The events are violations of the UNGC principles.
Columns 3-4 are based on nearest-neighbor propensity score matching. The variables used in
matching include pre-event ESG ratings, balance sheet indicators, date, and industry. Bank
and borrower fixed effects are included. Standard errors are clustered at the borrower level
and displayed in parentheses. *,** and *** correspond to 10-, 5-, and 1% significance level,
respectively.
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Table B.8: Impact of ESG Performance on the Bond Financing Amount: No Financial
Crisis

log(Bond Amit)gs = BPosty(-Eventy) + v Xy + i + 0 + it

Dependent variable:

Log(Bond Financing Amount)

(1) (2) (3) (4)
Post —0.046*** —0.018*** —0.023*** 0.036"**
(0.003) (0.004) (0.008) (0.007)
Event 13.314*** 13.340***
(0.146) (0.079)
Post - Event —0.016* —0.032%**
(0.008) (0.008)
Matching No No Yes Yes
Time FE Yes No Yes No
Firm FE Yes Yes Yes Yes
Observations 103,342 103,342 145,949 145,949
R?2 0.999 0.998 0.998 0.997

Note: This table provides results of the estimation of equations (1) and (2) where the dependent
variable is bond amounts. The sample excludes the global financial crisis. The first two columns
correspond to the event-study results. The events are violations of the UNGC principles.
Columns 3-4 are based on nearest-neighbor propensity score matching. The variables used in
matching include pre-event ESG ratings, balance sheet indicators, date, and industry. Time
and firm fixed effects are included. Standard errors are clustered at the firm level and displayed

in parentheses. *,** ,and *** correspond to 10-, 5-, and 1% significance level, respectively.

29



Table B.9: Impact of ESG Performance on Bank Loans: Mahalanobis Distance
Matching

Y;bt = ﬂPOStit . Eventit + ’YXz‘bt + a; + Kp + Eint

Dependent variable:

All-in-drawn spread Log (Loan Amount)
1) (2) (3) (4)

Post —2.375%** —2.791%* —0.001 0.050***

(0.498) (0.781) (0.006) (0.010)
Event 133.702*** —20.099*** 4.515%* —0.173***

(3.513) (0.944) (0.159) (0.010)
Post - Event 3.146 4.452%* 0.030** —0.031**

(0.863) (1.155) (0.008) (0.013)
Matching Yes Yes Yes Yes
Time FE Yes No Yes No
Bank FE Yes Yes Yes Yes
Borrower FE Yes Yes Yes Yes
Observations 33,480 33,480 49,420 49,420
R? 0.954 0.895 0.998 0.995

Note: This table provides results of the estimation of equation (2) where the dependent variable

is either all-in-drawn loan spreads (columns 1-2) or loan amounts (columns 3-4). The events are

violations of the UNGC principles. The estimates are based on nearest-neighbor Mahalanobis

distance matching. The variables used in matching include pre-event ESG ratings, balance sheet

indicators, date, and industry. Bank, borrower, and time fixed effects are included as indicated.
ko okok

Standard errors are clustered at the firm level and displayed in parentheses. *,** and ***
correspond to 10-, 5-, and 1% significance level, respectively.
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Table B.10: Impact of ESG Performance on Bonds: Mahalanobis Distance Matching

Y;bt = BPOStit . Eventit + fYXz‘bt + «; + 6’t + Eivt

Dependent variable:

Bond yield Log(Bond Financing Amount)
W 2) (3) (4)
Post —0.280 —0.509 —0.042*** 0.024*
(0.343) (0.319) (0.007) (0.006)
Event —11.986*** —11.462*** 13.413** 13.337*
(0.182) (0.182) (0.126) (0.079)
Post - Event 1.838*** 1.145* 0.017 —0.015**
(0.332) (0.310) (0.007) (0.007)
Matching Yes Yes Yes Yes
Time FE Yes No Yes No
Firm FE Yes Yes Yes Yes
Observations 2,903,356 2,903,356 176,687 176,687
R? 0.998 0.998 0.998 0.998

Note: This table provides results of the estimation of equation (2) where the dependent variable

is either bond yields (columns 1-2) or bond amounts (columns 3-4). The events are violations

of the UNGC principles. The estimates are based on nearest-neighbor Mahalanobis distance

matching. The variables used in matching include pre-event ESG ratings, balance sheet indi-

cators, date, and industry. Time and firm fixed effects are included as indicated. Standard
ko okok

errors are clustered at the firm level and displayed in parentheses. *,**, and *** correspond to
10-, 5-, and 1% significance level, respectively.
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B.4 Parallel trends assumption

Most of our results are based on difference-in-differences with matching. The main
assumption for identification is that absent treatment (a negative ESG event), firms in
treatment and control groups behave similarly. To add evidence to the assumption, we
check if there are pre-trends — if interest rates started rising and bond amounts started
declining already before events. To test this, we regress outcome variables on the sum
of pre-event time periods multiplied by events.

Figure B.1 shows the results. There was no rise in loan spreads or change in loan
amounts for treated firms prior to the event. There was also no decline in bond amounts.
The only place where there is a small pre-trend is bond yields — there is an increase in
bond yields of treated firms five years prior to the event. However, there is no rise in
bond yields four, three, two, or one year prior to the event. The results provide evidence
broadly consistent with our parallel trend assumption.

Despite the evidence from Figure B.1, there could be remaining concerns. First, some
pre-trends are significant (even though they go in opposite directions), which can indicate
that treatment and control groups can be somewhat different. Second, the absence (or
presence) of pre-trends does not prove the validity of the parallel trend assumption.

To address the concerns, we implement the methodology from Rambachan and Roth
(2023). Specifically, we assume a violation of the parallel trend assumption in the linear
model form consistent with slopes in Figure B.1. We then use a linear trend as a prior
and fit a regression to see if post-trends are still visible. If yes, this will be strong evidence
in support of strong effects even in the presence of linear pre-trends. In the context of
the example with pre-existing financial shocks, such results would imply that ESG events
impact credit costs and amounts even if there have been linear differences between treated
and control firms. Rambachan and Roth (2023) refer to the methodology as an “honest”
difference-in-differences.

Figure B.2 shows the results. In all four panels, despite linear pre-trends, there

are strong post-trends. Specifically, loan spreads and bond yields are rising following
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negative ESG events. Loan amounts do not show the same decline as bond amounts,

consistent with the matching estimates presented in the paper.

B.5 Matching diagnostics

In this section, we show some common matching diagnostics. One way to argue that
matching is good is to compare distributions of variables in the treatment and control
groups. Figure B.3 shows the distribution functions. Overall, our matching strategy is
doing well in matching balance sheet variables. ESG scores of treated firms appear to
be higher than those of the control firms, so the bias is downward.

Next, we show complete model diagnostics. Panel A of Table B.11 shows means of
assets, liabilities, ESG scores, and total distance before and after matching. Matching
significantly improves the distance between the treated and control groups. We do not
show dates and industries here because these variables are not numeric. Panel B shows
how many units are matched and how many remain unmatched. The model only excludes
116 units from the sample of firms that experience events. The model still has limitations.
For example, ESG scores are not very balanced. This raises the importance of examining
pre-trends and assessing the sensitivity of our results to possible violations of the parallel-

trends assumption.
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Table B.11: Propensity Score Matching Diagnostics

Panel A: Covariate Balance Before and After Matching

Variable Means Treated Means Control Means Treated Means Control
(All Data) (All Data) (Matched) (Matched)
Distance 0.3822 0.1311 0.3847 0.2378
Assets 109004.93 16607.17 110234.46 37084.86
Liabilities 68902.33 12224.02 69686.75 27801.53
ESG score 0.5162 —0.4086 0.5244 0.0230

Panel B: Sample Sizes

Group Number of Observations
Control (All) 38,608

Treated (All) 8,192

Control (Matched) 8,076

Treated (Matched) 8,076

Control (Unmatched) 30,532

Treated (Unmatched) 116

Note: This table shows diagnostics of nearest-neighbor propensity score matching. Panel A
shows the means of treated and control units before and after matching. Panel B shows sample
sizes, including matched and unmatched samples.
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Figure B.1: Pre-Trends in Debt Prices and Debt Amounts

Panel A: Loan spreads Panel B: Loan amounts
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Note: This figure shows pre-trends in debt amounts and prices. Each dot represents regression
coefficients when regressing dependent variables on lags of time variable (one to five years prior
to events) interacted with the treatment indicator. 1% confidence intervals are included. Panels

A and B show loan spreads and amounts, respectively. Panels C and D show bond yields and
amounts, respectively.
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Figure B.2: Linear Pre-Trends and Post-Trends in Debt Prices and Debt Amounts:
Rambachan and Roth Approach
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Note: This figure plots the results of the difference-in-differences estimation assuming linear
pre-trends that fit the slopes in Figure B.1. The methodology follows Rambachan and Roth
(2023). Red lines are assumed linear trends. Blue lines are estimates after pre-testing. Panels
A and B show loan spreads and amounts, respectively. Panels C and D show bond yields and
amounts, respectively.
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Figure B.3: Distributions of Variables after Matching

Panel A: ESG scores Panel B: Z-scores
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Note: This figure shows distribution histograms of variables used for propensity score match-
ing. Red bars represent the control group, while blue bars represent the treatment group.
Panels A and B show ESG scores from RepRisk and Altman z-scores, respectively. Panels C
and D show total assets and total liabilities, respectively.
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