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Abstract

This paper examines the prediction accuracy of various machine learning (ML) algo-
rithms for firm credit risk. It marks the first attempt to leverage data on corporate social
irresponsibility (CSI) to better predict credit risk in an ML context. Even though the lit-
erature on default and credit risk is vast, the potential explanatory power of CSI for firm
credit risk prediction remains unexplored. Previous research has shown that CSI may
jeopardize firm survival and thus potentially comes into play in predicting credit risk. We
find that prediction accuracy varies considerably between algorithms, with advanced
machine learning algorithms (e.g. random forests) outperforming traditional ones (e.g.
linear regression). Random forest regression achieves an out-of-sample prediction accu-
racy of 89.75% for adjusted R? due to the ability of capturing non-linearity and complex
interaction effects in the data. We further show that including information on CSI in
firm credit risk prediction does not consistently increase prediction accuracy. One possi-
ble interpretation of this result is that CSI does not (yet) seem to be systematically reflect-
ed in credit ratings, despite prior literature indicating that CSI increases credit risk. Our
study contributes to improving firm credit risk predictions using a machine learning de-
sign and to exploring how CSI is reflected in credit risk ratings.
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I. Introduction

This study investigates the prediction accuracy of machine learning (ML) al-
gorithms for firm credit risk using data on corporate social irresponsibility
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(CSI). We aim to leverage the power of both advanced ML algorithms and data
on irresponsible firm behavior with regard to ESG aspects (i.e. CSI) to improve
the accuracy of credit risk prediction. Our study is motivated by research that
points to the increasingly important role of environmental, social, and govern-
ance (ESG) aspects for firm credit risk. ESG performance has been linked to
lower firm and credit risk (Stellner et al. 2015; Jo/Na 2012; Sassen et al. 2016)
and to higher credit ratings (Jiraporn et al. 2014; Kiesel/Liicke 2019; Dorfleitner
et al. 2020; Oikonomou et al. 2014).

Common to these previous studies is that they have predominantly used ESG
performance data to examine firms’ corporate social performance (CSP). One
exception, however, is Kolbel et al’s (2017) study on the exposure to negative
ESG performance, based on the idea of corporate social irresponsibility (CSI)
(Strike et al. 2006). They showed that CSI leads to higher credit risk as priced by
the market through increased spreads of credit default swaps (CDS). However, it
is still unclear whether CSI is also systematically reflected in credit ratings and
thus informs credit risk predictions. Therefore, our study uses a comprehensive
machine learning regression design to test how consistently CSI has been con-
sidered in the credit risk analyses of major credit rating agencies. It is important
to note that our study differs from previous research on ESG performance and
credit risk (e.g. Stellner et al. 2015; Dorfleitner et al. 2020; Sassen et al. 2016) as
we focus on negative ESG performance as opposed to positive ESG perfor-
mance.

Our study also has both a practical, “supply-driven” motivation and a practi-
cal, “demand-driven” motivation. The suppliers of credit ratings, so-called cred-
it rating agencies, have recognized that ESG aspects are no longer solely a matter
of philanthropy but may deeply impact firm performance and risk. The docu-
mentation by major credit rating agencies (such as S&P Global) indicates that
ESG aspects are to some extent reflected in credit ratings. For example, S&P
Global claims that it “has long considered Environmental, Social, and Govern-
ance (ESG) factors in its credit ratings [...], [capturing] ESG factors in many
areas of [its] methodology” According to S&P Global, ESG aspects are consid-
ered in credit risk analysis along three dimensions: business risk (e.g. competi-
tive position), financial risk (e.g. cash flow/leverage assessment), and manage-
ment and governance.! On November 21, 2019, S&P Global issued a press re-
lease on its most recent step toward ESG integration by acquiring RobecoSAM’s
ESG rating business.

As far as the “demand” side is concerned, the Principles Responsible Invest-
ment (PRI) Association conducted an investor survey in 2017 and 2018 among

1 For S&P Global’s claims about ESG integration in credit risk analysis, please see:
https://www.spglobal.com/ratings/en/products-benefits/products/sustainable-finance and
https://www.spglobal.com/ratings/en/products-benefits/products/esg-in-credit-ratings#.
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credit analysts, portfolio managers, and ESG analysts about the integration of
ESG aspects into credit risk analysis and ratings (PRI 2018). The survey found
that 62.9 % of participants agreed that valuation models are adjusted as a result
of ESG considerations in their organization. According to participants, the gov-
ernance dimension of ESG most frequently impacts credit risk analysis, fol-
lowed by the environmental and social dimensions. The survey identified the
three most common reasons for including ESG aspects in credit risk analyses as
“Risk management,” “Client demand,” and “Fiduciary duty” The results of this
survey underpin the constantly increasing demand to integrate ESG aspects into
credit risk analysis.

Regarding methodology, our decision to use ML algorithms was motivated by
research in finance that has found evidence for the superior predictive power of
ML algorithms compared to more traditional algorithms (e.g. Barboza et al.
2017; Gu et al. 2020). ML has proven highly successful in addressing many
problems ranging from early-day applications (e.g. spam detection) to more re-
cent fields of application (e.g. financial forecasting and portfolio building). Af-
ter long playing merely a minor role in finance, the potential of ML in financial
prediction and modeling has started to gain momentum. Using ML in bank-
ruptcy prediction (Barboza et al. 2017), empirical asset pricing and portfolio
construction (Gu et al. 2020), stock selection (Rasekhschaffe/Jones 2019), and
sovereign credit ratings prediction (Bennell et al. 2006) are just a few examples.
ML techniques are particularly powerful in solving prediction and classification
tasks due to their ability to closely capture non-linearity, complex relationships,
and interactions in the data. Common issues of traditional linear algorithms
such as multi-collinearity or low signal-to-noise ratios are not a serious concern
for ML techniques, as we show below. Accordingly, our study tests a comprehen-
sive set of ML algorithms for predicting credit risk as measured by credit rat-
ings.

We use an extensive international sample of 43,476 firm-quarter observations
with a time-series of over 12 years (March 2007 to September 2019). To address
the potential impact of CSI on credit risk, we used data from RepRisk, which
specializes in ESG and business conduct risk research. Data on our measure for
credit risk, long-term issuer credit ratings, were primarily obtained from S&P
Global. We also used data from the two other major rating agencies, Moody’s
and Fitch, in an additional analysis. Our study uses algorithms ranging from
“plain vanilla” linear regression to more sophisticated machine learning tech-
niques such as Multi-layer Perceptron regression. In line with previous research
(e.g. Barboza et al. 2017), we used sklearn’s? package default settings for all al-
gorithms to ensure a high degree of replicability and applicability. We assessed

2 sklearn is the short version for scikit learn. The application programming interface
(API) reference can be found on https://scikit-learn.org/stable/index.html.
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prediction accuracy with the three most common measures in machine learn-
ing: R% adjusted R% and root mean squared error (RMSE). Using default set-
tings also aims to alleviate the frequently expressed criticism that ML tech-
niques are a “blackbox”. Default hyper-parameters enable precisely replicating
our research. To ensure transparency, all algorithms, hyper-parameters, and set-
tings can be found in Table A.7 and are also available in the sklearn API refer-
ence.

Our study has two main findings. First, using advanced ML algorithms con-
siderably increases prediction accuracy for credit risk by accounting for non-lin-
earity and complex interaction effects in the data. Random Forest regression
offers the highest out-of-sample prediction accuracy of 89.75% for adjusted R?,
indicating that this algorithm reliably predicts credit risk two quarters into the
future. This result is in line with previous research findings on the similar su-
periority of Random Forest algorithms in default prediction (Barboza et al.
2017) and time-series forecasting (Gu et al. 2020). Second, CSI does not (yet)
seem to be consistently and systematically reflected in credit risk as measured
by credit rating data. Incorporating information about CSI into our models
does not unambiguously increase prediction accuracy for credit risk. This find-
ing at least holds for both the data and the comprehensive set of ML algorithms
used in this study. One possible interpretation is that CSI is not (yet) incorpo-
rated into the credit risk analyses of rating agencies to such a degree that this
would result in considerably higher prediction accuracy, as is the case for prof-
itability or liquidity, for example. Another interpretation is that rating agencies
use a significantly different operationalization of ESG aspects, which is not
available to the public.

Our study makes several contributions to the literature and has several impli-
cations for market participants. First, to our best knowledge, our study is the
first of its kind to synthesize credit risk prediction with state-of-the-art machine
learning algorithms using credit rating data. In a credit risk context, our results
support the findings of previous research, among others, that advanced ML al-
gorithms are superior to traditional algorithms, particularly in financial predic-
tion tasks (e.g. Barboza et al. 2017; Khandani et al. 2010; Gu et al. 2020). Our
finding of high prediction accuracy for advanced ML algorithms is based on
high out-of-sample adjusted R* and low RMSE, which are robust compared to
alternative specifications of our ML models. High prediction accuracy allows
market participants to more reliably assess future credit risk. Our trained mod-
els are ready to use to predict the credit risk of any firm for which relevant data
are available to the predictors used in our study. Our result points to the grow-
ing importance of machine learning models in the paradigmatic fintech indus-
try. However, our predictive method fundamentally differs from methods of sta-
tistical inference. In particular, machine learning models do not tell us anything
about the underlying mechanisms (economic and theoretical) between the pre-
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dictor and the target variables (e.g. the reasons for a certain relationship be-
tween predictors and targets).?

Second, to our best knowledge, our study is the first of its kind to investigate
whether including CSI into ML models increases the prediction accuracy of
credit risk. In doing so, we also test the extent to which CSI is reflected in the
credit risk analyses of rating agencies. Even though previous research has found
a positive relationship between positive ESG performance and credit risk (e.g.
Dorfleitner et al. 2020; Stellner et al. 2015; Sassen et al. 2016), we explicitly ex-
plore negative ESG performance in a novel machine learning design. Previous
research has shown that market participants account for CSI in evaluating cred-
it risk, as evidenced by increased spreads of CDS (Kolbel et al. 2017). However,
using credit ratings as a proxy for credit risk, our results indicate that higher CSI
is not (yet) reflected to a larger extent in the credit risk analyses of major rating
agencies. Therefore, market participants should be aware that common credit
ratings might not entirely reflect the environmental and societal business con-
duct risks increasingly confronting firms. Examples of increased business con-
duct risk include weaknesses in corporate governance, low product safety, or
compromised employee well-being. All of these factors may entail substantial
future expenses (e.g. compensation payments) and reputational damages. The
remaining five sections of this paper are structured as follows. Section II dis-
cusses related ML applications and empirical literature on ESG aspects and
credit risk. Section III describes the research design of this study. Section IV
provides some descriptive statistics for our sample. Section V displays the re-
sults while Sections VI and VII consider the implications of our findings and
offer concluding remarks.

II. Literature Review

This section considers related ML applications and their potentially superior
explanatory power in credit risk prediction. It also discusses the empirical liter-
ature on the relationship between ESG aspects and credit risk.

1. Machine Learning Applications

The application spectrum of ML algorithms is vast and growing. ML applica-
tions range from cancer prognosis and prediction (Kourou et al. 2015), genetics
and genomics (Zou et al. 2019), and healthcare (Jiang et al. 2017) to automated

3 In this paper, we use the terms “predictor” and “target,” which are more common in
a machine learning context, yet roughly similar to the terms “independent variable” and
“dependent variable,” respectively.
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text classification (Sebastiani 2002). ML algorithms have also been shown to
better solve financial prediction and classification problems than traditional fi-
nancial models. Therefore, ML algorithms potentially add value to many fi-
nance-related fields of application. For instance, machine learning can improve
forecasting consumer credit risk and thus cuts costs from credit losses (Khan-
dani et al. 2010). Machine learning may also help to solve financial prediction
problems such as security pricing, portfolio construction, financial time series
prediction, or risk management (Gu et al. 2020; Rasekhschaffe/Jones 2019). Ad-
ditional ML applications include sovereign credit rating prediction (Bennell
et al. 2006), forecasting interest rates, corporate bond ratings, loan approvals,
and identifying suspicious transactions (Bose/Mahapatra 2001).

Most noticeably, predicting firm default has gained quite some momentum
over the last 25 years with ever-evolving ML algorithms and exponentially in-
creasing computing power and data availability. Early studies on corporate de-
fault using “intelligent” techniques such as neural networks include Altman et al.
(1994) and Boritz/Kennedy (1995). Most of these studies offered partially incon-
clusive results, possibly due to the comparably low computational power, data
availability, or pure immaturity of the subject and algorithm implementations.

In a more recent study, Barboza et al. (2017) compared a wide range of more
advanced ML algorithms to traditional ones of default prediction, such as logis-
tic regression. Default prediction is a typical classification problem (i.e. 1 for
default, 0 otherwise). Using US data, they showed that the majority of more ad-
vanced ML algorithms are significantly superior in default prediction accuracy
than traditional techniques. The authors were also able to increase the total es-
timated prediction accuracy by about 11 percentage points using advanced ML
algorithms (e.g. random forests).* This increased prediction accuracy is very
likely due to ML algorithms’ special treatment of non-linearity, complex interac-
tion effects, and lower sensitivity to multi-collinearity. Building on these find-
ings, we expect that ML techniques will also add considerable explanatory pow-
er to help predict credit risk in a regression context.

2. Corporate Social Irresponsibility and Credit Risk

Similar to default risk, predicting credit risk is important for both researchers
and practitioners for numerous reasons. Credit risk is the probability of a debtor
not repaying the principal and interest on the debt in part or in full (Vassalou/
Xing 2004). Being unable or unwilling to repay all debts is equivalent to a de-

4 Some of the work in predicting default risk even considers advanced hybrid ML al-
gorithms as a superior method (Yeh et al. 2014). However, we will not discuss these stud-
ies due to their specificity and restricted applicability.
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fault. Thus, credit risk is also an ex-ante evaluation of firm default risk. The first
comprehensive theory and model of the pricing of corporate debt (i.e. credit
risk) was developed by Merton (1973, 1974), whose work was later advanced by
Leland (1994). These models not only enabled pricing any corporate liability but
were also used to predict bankruptcy (e.g. Bharath/Shumway 2008).

Merton’s (1974) and Leland’s (1994) models have also contributed to continu-
ally developing the credit risk analyses of credit rating agencies. For market par-
ticipants, these rating agencies became an interesting source of credit risk as-
sessments as they provided information about the downside risk of firms no
longer being able to repay their debts in part or in full. Besides their importance
for market participants, credit ratings are also one of the most important drivers
of capital structure choice by executives (Graham/Harvey 2001). Changes in
credit ratings may result in very concrete costs such as changes in coupon rates,
losing a contract, or triggering the repurchase of bonds (Kisgen 2006). Similar to
previous research (e.g. Sun/Cui, 2014; Hsu/Chen 2015; Kealhofer 2003), our
study uses these credit ratings as a proxy for credit risk. Credit risk is economi-
cally relevant in various dimensions. Firms with higher distress and credit risk
offer significantly lower financial returns (Dichev 1998; Campbell et al. 2008).
Moreover, credit risk has been linked to market illiquidity and increased yield
spreads (Ericsson/Renault 2006). Ultimately, higher credit risk hurts firm profit-
ability due to higher refinancing costs. Therefore, credit risk is key not only to
the decision-making processes of lenders but also to those of investors.

In addition to the importance of credit risk, the impact of CSP on credit risk
has attracted quite some attention. CSP is multidimensional and thus covers
firm behavior in the environmental (e.g. pollution control), social (e. g. diversi-
ty), and corporate governance (e. g. stakeholder strategy) dimensions (Waddock/
Graves 1997). CSP has been shown to reduce the risk of falling into default (e.g.
Sun/Cui 2014) and firm risk (e.g. Jo/Na 2012; Lee/Faff 2009). The aforemen-
tioned research suggests that the risk-reducing effect of CSP is also reflected in
lower credit risk. In fact, rating agencies tend to reward socially and environ-
mentally responsible firms with higher credit ratings (Hsu/Chen 2015; Jiraporn
et al. 2014; Kiesel/Liicke 2019). In particular, high performance on ESG aspects
concerning primary stakeholders (i. e. employees, customers, etc.) plays a major
role in higher credit ratings (Ashbaugh-Skaife et al. 2006; Attig et al. 2013). An-
ecdotal evidence exists for cases in which credit ratings were alternated due to
changes in the CSP of firms such as Wells Fargo or Toshiba in the period
2016 -2018 (Henisz/McGlinch 2019).

Another stream of research has investigated the spreads of bonds and bank
loans (henceforth, credit spreads) as a measure of credit risk. Several studies
have shown that firms with high (low) CSP are rewarded (penalized) by the cor-
porate bond market with lower spreads (Oikonomou et al. 2014; Goss/Roberts
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2011; Chava 2014; Stellner et al. 2015; Drago et al. 2019). On the one hand, less
responsible firms pay between 7 and 18 basis points higher bond risk premia
(Goss/Roberts 2011). Moreover, firms that have environmental concerns are
charged significantly higher interest rates on bank loans (Chava 2014). On the
other hand, performing well on ESG aspects such as “support for local commu-
nities, higher levels of marketed product safety and quality characteristics, and
avoidance of controversies regarding the firm’s workforce” positively impacts
bond risk premia (Oikonomou et al. 2014). Moreover, high CSP is linked to re-
duced zero-volatility spreads (Stellner et al. 2015). The announcement of ESG
performance ratings has also been shown to decrease CDS spreads, pointing to
the credit risk-decreasing role of ESG performance (Drago et al. 2019).

However, the evidence on CSP and credit risk is rather mixed. The same study
that found reduced zero-volatility spreads due to high CSP did not find a statis-
tically significant effect of high CSP on credit ratings (Stellner et al. 2015). In
terms of credit spreads, another study found that more responsible firms have to
pay higher bond risk premia (Menz 2010). However, due to the lack of statistical
significance, Menz (2010) concluded that environmental and social factors have
not yet been considered in corporate bond pricing. Moreover, both Stellner et al.
(2015) and Menz (2010) focused on the European market, which might explain
their findings.

While the relationship between positive CSP (i.e. ESG performance) and
credit risk is well explored, a more recent study has shifted the focus from CSP
to CSI (i.e. negative ESG performance). CSI can be defined as a “set of corpo-
rate actions that negatively affects an identifiable social stakeholders legitimate
claims” (Strike et al. 2006, p. 852). It comprises behavior that is explicitly irre-
sponsible, while the absence of this behavior is not necessarily responsible
(Strike et al. 2006). For example, while the violation of human rights is general-
ly perceived as irresponsible, not violating human rights, however, should be a
matter of course. This observation also explains why corporate socially respon-
sible behavior is hardly reported in the news, whereas socially irresponsible be-
havior receives high media coverage (Kolbel et al. 2017).

Kolbel et al. (2017) investigated whether CSI is linked to higher financial risk.
Contrary to the idea of a value-enhancing and reputation-building effect of CSP
(i.e. ESG performance), they instead examined the risk-generating effects of
CSI, based on research by Strike et al. (2006). To measure CSI, they used data
from RepRisk. The link between CSI and financial risk is promising as both
concern the risk dimension of firms. Kélbel et al. (2017) found that firms facing
CSI also experience significantly higher CDS spreads and that this effect is pri-
marily driven by the governance dimension.

Our investigation is based primarily on Kolbel et al. (2017)’s findings on CSI
and CDS spreads. Their results lead us to expect that information on CSI should
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be relevant to predicting credit risk and thus be priced in credit ratings. In con-
trast to previous studies, we are interested in robust empirical evidence as to
whether CSI (i.e. compared to ESG performance) informs credit risk predic-
tions as reflected in credit ratings (i.e. compared to CDS spreads). Similar to
Kolbel et al. (2017), we used data on CSI from RepRisk. Moreover, we are also
interested in the predictive ability that a machine learning regression design can
add to this kind of prediction problem.

III. Research Design

This section discusses CSI predictors, additional market- and account-
ing-based predictors, the measure of credit risk (i. e. the target), and the sample
collection process. The data part is followed by explaining the ML algorithms
used in this study.

1. Predictors for Corporate Social Irresponsibility

We used data from RepRisk to measure the CSI of firms. RepRisk specializes
in ESG and business conduct risk research by leveraging artificial intelligence
and big data to derive relevant risk metrics. Therefore, RepRisk adheres to the
term “ESG risk” RepRisk captures material ESG risks and violations of interna-
tional standards, which can impact the reputation and financial performance of
firms. They screen over 90,000 public sources and stakeholders in 20 different
languages on a daily basis. Thus, risk metrics are also updated daily. Their
screening universe comprised 130k public and private firms (cross-sector and
cross-market) when we conducted our study. The historical data on RepRisk
dates back to January 2007. The research scope covers 28 broad, comprehensive,
and mutually-exclusive ESG issues. For instance, “waste issues,” “local pollu-
tion,” “forced labor,” “human rights,” and “fraud.” Every risk incident in the Re-
pRisk database is linked to one of these 28 ESG issues. RepRisk identifies any
company that is associated with a negative ESG incident.

RepRisk analyzes each risk incident according to its severity (harshness),
reach (influence), and novelty. Finally, using a proprietary algorithm, RepRisk
quantifies a firm’s ESG risk with its “RepRisk Index (RRI)” The RRI captures
and quantifies reputational risk exposure related to the 28 ESG issues. It ranges
from 0 to 100, and higher values indicate higher ESG risk exposure. RepRisk
provides three different RRI values. First, Current RRI, which measures the cur-
rent ESG risk exposure (i.e. quarterly in our case). Second, Peak RRI, which
captures the highest level of ESG risk exposure over the two previous years.
While the Current RRI is instead a snapshot of a firm’s exposure to ESG risks,
Peak RRI accounts for the time-delayed manifestations of overall ESG risk.
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Third, RRI Change or Trend, which is the past 30-day increase or decrease of
the RRI. Since we used quarterly observations, we only considered Current RRI
and Peak RRI as predictors of credit risk. We further used a vector that contains
the number of incidents for the 28 single ESG issues multiplied by the respective
news count as an alternative measure of CSI.>

One of the advantages of RepRisk compared to, for instance, MSCI ESG or
Refinitiv is that the RRI is based on third-party disclosed information (i.e. news
media) rather than on self-disclosed information. We are, of course, aware that
this fact does not necessarily imply an entirely objective measure of CSI. This
concern is reinforced by the fact that the algorithm calculating the RRI is pro-
prietary and thus not available for external scrutiny. Moreover, only a few stud-
ies have so far used RepRisk data (e.g. Kolbel et al. 2017). We believe this pre-
sents a chance but must also be kept in mind as a caveat. Ultimately, we find that
RepRisk provides a reliable estimate of CSI (i.e. not ESG performance), one that
is readily available to researchers and market participants.

2. Additional Accounting and Market Related Predictors

In addition to CSI, we controlled for several important factors of credit risk,
which are well-founded in the previous literature. We obtained our additional
credit risk predictors from Compustat/CRSP for all our sample firms. We follow
Agarwal and Taffler’s (2008) three main arguments for an accounting-based
model: First, credit risk does not suddenly arise but evolves slowly and thus is
best reflected in fundamental values. Second, “window dressing” very likely on-
ly marginally affects predictions when using a sophisticated set of accounting
variables. Third, loan covenants tend to be based on fundamental values, as re-
flected in accounting-based numbers.

Most importantly, we used the common accounting-based variables for cor-
porate distress as evidenced by Altman (1968) and Ohlson (1980): Working cap-
ital/Total assets (LIQU), Retained earnings/Total assets (PROF), Earnings before
interest and taxes (Ebit)/Total assets (OPEF), Market value/Long-term debt
(ME), and Sales/Total assets (AT). Moreover, we used predictors that account
for short-term effects on financial performance and credit risk (Barboza et al.
2017). These variables include growth in assets (ASSETS), growth in sales
(SALES), and percentage change in the price-to-book ratio (P/B). Since firms
with higher leverage are also more likely to have difficulties in repaying their
debts, we accounted for the predictive ability of long-term debt/common equity

5 More information on our ESG Issues measure can be found in Table A.6. For more
information on the RepRisk methodology, please see https://www.reprisk.com/content/
static/reprisk-methodology-overview.pdf.
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(LEV) (Oikonomou et al. 2014; Attig et al. 2013; Sun/Cui 2014). More mature
firms are usually less likely to face default, which is why we included firm age
(AGE) as a predictor (Sun/Cui 2014). Firm age is calculated as the current year
minus the year in which the company first appeared in the Compustat/CRSP
database. Smaller firms usually experience much higher credit risk than larger
firms (Vassalou/Xing 2004). Therefore, we included firm size (SIZE) as a predic-
tor.

Following Merton (1974) and Ashbaugh-Skaife et al. (2006), we added operat-
ing income before depreciation/interest expense (interest coverage; INTCOV)
as an early indicator of the ability to repay debt and net PPE/total assets
(CAPINT).® Based on the Global Industry Classification Standard, we also in-
cluded sector dummies into our models to account for the impact of sector
specificity on credit risk. All our variables are calculated as ratios at the end of
every quarter, which allowed us to investigate a large international sample with-
out facing currency conversion issues. However, in an additional analysis, we
repeated our main analyses with a more homogeneous sample by using only US
firms. All predictors were measured at two quarters before the credit rating (i.e.
with a lag of two quarters, i.e. at f — 2) to measure the ex-ante predictive ability
of our models.

3. Proxy for Credit Risk

Regarding the target variable, our study differs substantially from previous re-
search on default or bankruptcy prediction, which has commonly used actual
firm defaults, as shown in Alaka et al. (2018). However, we are interested in firm
credit risk that ultimately informs ex-ante about firm default probability. We
measured credit risk by S&P long-term issuer credit ratings (henceforth S&P
ratings) as these ratings constitute an overall and forward-looking evaluation of
a debtor’s creditworthiness (i. e. the capacity and willingness to repay the obliga-
tions due).” S&P ratings have been widely used as a proxy for firm credit risk
(e.g. Sun/Cui 2014; Hsu/Chen 2015; Kealhofer 2003).

In line with Hsu/Chen (2015) and Avramov et al. (2009), we coded the S&P
ratings as a numerical variable ranging from 1 to 22. 1 indicates a AAA rating
(i.e. the highest possible) and 22 reflects a D rating (i.e. the lowest possible).
Thus, higher values for S&P ratings indicate higher credit and default risk, and

6 In contrast to Ashbaugh-Skaife et al. (2006), we used net values for Property, Plant, &
Equipment (PPE) as these were available for both US and international firms on Com-
pustat/CRSP.

7 For detailed information on S&P ratings, please see https://www.standardandpoors.
com/en US/web/guest/article/-/view/sourceld/504352.
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vice versa. It is important to note that S&P claims that their rating process con-
sider