
Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=rear20

European Accounting Review

ISSN: (Print) (Online) Journal homepage: www.tandfonline.com/journals/rear20

Work from Home Suitability and Credit Risk
Assessment

Harvey Nguyen, Mia Hang Pham & Cameron Truong

To cite this article: Harvey Nguyen, Mia Hang Pham & Cameron Truong (29 Sep 2023):
Work from Home Suitability and Credit Risk Assessment, European Accounting Review, DOI:
10.1080/09638180.2023.2239865

To link to this article:  https://doi.org/10.1080/09638180.2023.2239865

© 2023 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group.

Published online: 29 Sep 2023.

Submit your article to this journal 

Article views: 921

View related articles 

View Crossmark data

https://www.tandfonline.com/action/journalInformation?journalCode=rear20
https://www.tandfonline.com/journals/rear20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/09638180.2023.2239865
https://doi.org/10.1080/09638180.2023.2239865
https://www.tandfonline.com/action/authorSubmission?journalCode=rear20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=rear20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/09638180.2023.2239865?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/09638180.2023.2239865?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/09638180.2023.2239865&domain=pdf&date_stamp=29 Sep 2023
http://crossmark.crossref.org/dialog/?doi=10.1080/09638180.2023.2239865&domain=pdf&date_stamp=29 Sep 2023


European Accounting Review, 2023
https://doi.org/10.1080/09638180.2023.2239865

Work from Home Suitability and Credit
Risk Assessment

HARVEY NGUYEN ∗, MIA HANG PHAM ∗ and CAMERON TRUONG∗∗

∗School of Economics and Finance, Massey University, New Zealand, ∗∗Department of Accounting, Monash University,
Australia

(Received: May 2021; accepted: July 2023)

Abstract Employing firm-level work from home (WFH) suitability derived from the U.S. universe job
postings, we investigate whether rating agencies and debt holders incorporate WFH suitability in their risk
assessments. We document that firms with higher WFH suitability have higher credit ratings and lower
costs of debt. Our results are robust to different fixed effect estimations, sampling methods, and controls.
We identify two ways that WFH suitability translates into higher credit ratings: high WFH suitability is
associated with lower future cash flow volatility and lower default risk. Overall, our study suggests that
WFH suitability is an important determinant of credit risk assessments and that firms should see flexible
work arrangements as an effective strategy in their crisis management planning.

Keywords: Work from home; Credit rating; Default risk

JEL Classification: G12; G24; G30; G32; G33; H12; I10

‘The unprecedented pandemic is truly testing normal business risk management approaches right now.’ –

– Chris Donohue, Managing Director of the Global Association of Risk Professionals (GARP) Benchmarking
Initiative.

1. Introduction

Working-from-home (WFH hereafter) is a form of telecommuting that is robust to physical dis-
tancing (Fitzer, 1997). WFH essentially relies on technologies and organizational structures that
allow employees to conduct jobs without human interaction in physical proximity. While WFH
has become an increasingly common practice in recent times (Gallup, 2020), WFH is arguably
most critical to firms during economic watersheds and disruptions. When a firm adopts WFH
quickly and effectively, ensuring continued productivity and communication with its stakehold-
ers, the firm can mitigate the adverse effect of events like COVID-19 on operations. However,
firms vary greatly in their adaptability of WFH, resulting in observable heterogeneous resilience
when firms have to handle unexpected disruptions to social and economic activities. In this study,
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we investigate whether credit assessments reflect the extent to which a firm is well suited to adopt
WFH, also known as WFH suitability (Bai et al., 2020; Dingel & Neiman, 2020).

We rely on measures recently introduced in labor economics by Bai et al. (2020) and Dingel
and Neiman (2020) that quantify the extent to which a firm’s operations are suitable with physical
distancing. This index captures the percentage of a firm’s workforce that has the WFH option
where higher values of the index indicate higher levels of WFH suitability. Bai et al. (2020) first
obtain universe job posting data from Burning Glass Technologies (BGT) and aggregate this
data to the employer level. They then merge this BGT data with the WFH suitability data from
Dingel and Neiman (2020). This procedure enables these researchers to construct the percentage
of incoming workers that is likely to have a WFH option for each firm. Using the COVID-19
outbreak as an exogenous shock, Bai et al. (2020) document that firms with high WFH suitability
exhibit higher stock returns and better financial performance.

We begin by validating that WFH suitability in Bai et al. (2020) is a reasonable proxy for tele-
work. First, we document that firms from metropolitan areas or from industries with the highest
share of jobs that can be done from home exhibit higher WFH suitability. Second, high-tech
firms and firms with global operations also exhibit higher WFH suitability. By contrast, those
firms with high labor intensity or high proportion of routine-task labor show lower WFH suit-
ability. The inclusion of several firm characteristics, industry and year fixed effects, can explain
between 32-35% variation in firm-level WFH suitability. Thus, besides systematic variation,
firms also exhibit a large degree of idiosyncrasies in their WFH suitability. Finally, we argue that
the overall WFH suitability should go up after the outbreak of COVID-19 as firms adapt to the
rolling lockdown and social distancing. We document evidence consistent with this conjecture.
Specifically, we document a significantly higher level of WFH suitability in the first quarter of
2020 compared to the fourth quarter of 2019.

Following these validation tests, we turn our attention to examining whether WFH suitability
is associated with credit risk assessments. We focus on a firm’s credit risk as this is one of
the most important concerns in financing decisions, according to a seminal survey among top
executives conducted by Graham and Harvey (2001). The value of a firm’s creditworthiness
is also highlighted during the Asian financial crisis of 1997-1998, the global financial crisis of
2007-2009, and most recently, the COVID-19 crisis starting in early 2020. In the extant literature,
empirical studies such as Cornaggia et al. (2017), Bonsall et al. (2019), and Pham et al. (2022)
have explored how attributes of firm management may help explain the variation in credit risk
assessment. In this study, we show that firms with higher WFH suitability enjoy higher credit
ratings and lower corporate bond yield spreads. The results suggest that rating agencies and debt
holders incorporate firm-level WFH suitability in their risk assessments.

One of the challenges in documenting the effects of WFH suitability is that WFH suitability
may merely capture firm attributes that plausibly relate to the resiliency of operations. For exam-
ple, firms in high-tech industries often exhibit higher levels of WFH suitability and these firms
should be able to weather adverse shocks better than other firms because of their technology
diversity, higher resourcefulness, and flexibility (see, for example, Hsu et al., 2018; Koren &
Tenreyro, 2013). As such, we use several identification strategies to ensure that the results doc-
umented in our study are not driven by firm fundamentals or other omitted correlated variable
bias.

First, we control for firm-fixed effects to account for possible time-invariant firm-specific
omitted variables. If firm fundamentals, corporate organizational structures, and time-invariant
firm characteristics such as culture or governance are those that chiefly drive credit ratings, the
incorporation of firm fixed effects should allow one to find out whether WFH suitability is an
incremental credit rating factor. We find the inclusion of firm fixed effects does not eliminate the
role of WFH suitability. Second, we employ a propensity score-matched sample and show that
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firms with high WFH suitability exhibit better credit ratings than matched firms with low WFH
suitability.

Third, we examine possible mechanisms through which WFH arrangements may influence
credit risk. This analysis also shows fundamental channels that can help mitigate any possi-
ble spurious estimation. As workplace flexibility contributes to ensure business continuity and
productivity in disruptions, we test two possible explanations that are central to credit risk assess-
ments: i) lower future cashflow volatility, and ii) lower default risk. We find that firms with high
WFH suitability are associated with a lower future cash flow volatility and a lower level of
default risk. Notably, using path analysis, we find that WFH suitability has a direct impact on
credit ratings, incremental to those readily captured by existing credit rating determinants.1

Forth, we explore the possibility that WFH suitability matters more for certain types of firms
operating within certain economic environments than for other firms. We document that the
impact of WFH suitability on corporate credit ratings is more pronounced among firms operating
in a highly uncertain environment, firms with speculate-grade ratings of debts, firms in highly
competitive markets, and firms belonging to non-high-tech industries. Thus, WFH suitability is
an important credit rating factor, specifically among firms for which creditors may face relatively
high credit risks.2

Our study offers three important contributions to the literature. First, contemporary research
has uncovered several key attributes that help firms withstand the adverse impact of the COVID-
19 pandemic. These include access to liquidity (Acharya & Steffen, 2020), high cash holdings
(Ramelli & Wagner, 2020), strong balance sheet (Ding et al., 2020), high environmental and
social ratings (Albuquerque et al., 2020; Bae et al., 2021), managerial ability (Nguyen et al.,
2023), financial flexibility (Fahlenbrach et al., 2021), and governments’ business support pro-
grams (Nguyen et al., 2022; Philippon, 2021; Ru et al., 2021). Our study demonstrates WFH
suitability as an important contributing factor to a firm’s resilient performance during a crisis
episode. While the predominant view of telecommuting is cost saving and productivity improve-
ment (Apgar, 1998; Pinsonneault & Boisvert, 2001), firms should also see WFH as an effective
strategy in their crisis management planning.

Second, our study contributes to a nascent literature that evaluates WFH as a new dimension
of future work. Given the incidence of the COVID-19 pandemic, there is a prediction of a per-
manent switch to WFH as a new corporate norm (Brynjolfsson et al., 2020). Our study highlights
that WFH suitability should become a key element of non-financial attributes, similar to other
known metrics such as environmental, social, and governance performance (Albuquerque et al.,
2020; Clarkson et al., 2019; Lins et al., 2017) or employee and customer satisfaction (Edmans,
2011; Truong et al., 2021). While our evidence suggests that rating agencies and debt capital
providers factor flexible work arrangements such as WFH suitability in their risk assessments,
WFH suitability can also be relevant to other stakeholders’ decisions such as investors’ portfolio

1Credit rating agencies consider the comprehensiveness of a company’s business continuity and disaster
recovery plans when assessing a firm’s overall creditworthiness. They, for instance, look at the disrup-
tions when transitioning firm’s operations to a remote work environment and whether a firm can main-
tain a sufficient staffing level to support their businesses in their credit rating reports. The rating guidance
is available at https://www.spglobal.com/ratings/en/research/articles/201116-servicer-evaluation-spotlight-report-social-
and-governance-factors-have-consistently-powere-11723045 (retrieved on June 20, 2022).
2We also consider a battery of alternative explanations and find that WFH suitability has an influence on credit ratings that
is independent of CEO ability, risk-taking incentives, CEO overconfidence, and accounting quality. In addition, WFH
suitability has an effect on credit risk assessments that is independent of corporate governance and other monitoring
mechanisms such as financial analysts, institutional investors, and board quality. Furthermore, we use the proportion of
WFH suitability that cannot be explained by firm fundamentals and further confirm that WFH suitability is important,
incremental to firm fundamentals, in credit rating assessments.
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choices, banks’ lending policies, auditors’ professional engagement, and policymakers’ guideline
and standard formulation.

Finally, this study emphasizes the significance of information about firms, especially in the
context that WFH suitability signals resilience that is relevant to lenders. Carruthers and Cohen
(2010) and Liberti and Petersen (2019) establish that credit agencies can derive soft information
from firms and then incorporate both soft and hard information in their credit rating decisions.3

Subsequent studies have attempted to examine how rating agencies incorporate various soft
information in their credit risk assessment, such as managerial ability (Bonsall et al., 2017; Cor-
naggia et al., 2017), managers’ experience and educational background (Ma et al., 2021; Pham
et al., 2022), partisan perception (Kempf & Tsoutsoura, 2021), or corporate social responsibility
(Attig et al., 2013; Chintrakarn et al., 2020; Jiraporn et al., 2014). A recent risk practice report
by McKinsey & Company (2020) also highlights the growing importance of soft information in
that the conventional sources of data in credit risk assessments become obsolete in times of the
COVID-19 pandemic and dynamic approaches to credit risk should incorporate digital transfor-
mation and high-frequency data into decision engine. While levels of WFH suitability may be
observable to credit agencies in their assessments of firms’ operations, this information is rather
difficult to summarize in a numeric value and likely requires a certain knowledge of context to
fully comprehend. Thus, findings in our study can be viewed as evidence that soft information
such as WFH suitability is reflected in credit agencies’ assessments. Our paper, therefore, con-
tributes to a growing body of research that documents the relevance of soft information in credit
risk assessments (e.g., see Pham et al. (2022) for a review of the literature). In doing so, we also
respond to Hanlon et al. (2022)’s call for research that provides more insights into the behavioral
economics of accounting for decision-makers.

The remainder of the paper proceeds as follows. Section 2 discusses the related literature
and empirical predictions. Section 3 discusses data and summary statistics. Section 4 presents
empirical findings and Section 5 offers concluding remarks.

2. Related Literature and Empirical Predictions

Work from home (also called telecommuting or telework) is an alternative work method where
employees can take advantage of advancements in technology and organizational structure to
conduct work without the requirement of human interaction in physical proximity.4 This type of
modern work arrangement has been increasingly common practice in recent times. In the United
States, the proportion of employees who primarily work from home had more than tripled from
0.75% to 2.4% over the period 1980–2010 (Mateyka et al., 2012). This proportion stands at an
all-time high of 65% in March 2020 due to the lockdown and social distancing in fighting the
COVID-19 outbreak (Gallup, 2020).

The efficacy of WFH has been an important topic in the research literature as well as in prac-
tice. Based on several case studies and surveys, earlier studies (Bailyn, 1988; Bélanger, 1999;
DuBrin, 1991; Mokhtarian, 1991; Nilles, 1975; Olson, 1988; Piskurich, 1996) have documented
positive associations of WFH adoption with lower employee turnover and absenteeism and with

3Liberti and Petersen (2019) identify hard information as recorded numbers such as those from financial statement reports
or exchange trading activities. Soft information includes opinions, ideas, rumors, economic projections, statements of
management’s plans, market commentary and such information is not immediately quantifiable.
4This is a form of telecommuting that can be defined in the economic literature as ‘work arrangement in which employees
perform their regular work at a site other than the ordinary workplace, supported by technological connections’ (Fitzer,
1997, p. 65). There are three principal components of telecommuting: i) utilization of information technology, ii) links
with an organization, and iii) de-localization of work (Pinsonneault & Boisvert, 1996).
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higher productivity and profitability. These positive impacts on productivity and employees can
be mainly attributed to the higher degree of autonomy when employees work at home and thus
they have higher intrinsic motivation. However, a major drawback of these research findings is
that employees may self-select into their WFH arrangement, thereby potentially upwards biasing
productivity outcomes.

To address the self-selection problem of working from home, recent studies rely on exper-
imental research designs (Bloom et al., 2015; Dutcher, 2012). Using a laboratory experiment
where students from a U.S. university conduct tasks that mimic real work, Dutcher (2012)
finds that working from home increases productivity when individuals perform creative tasks
but decreases productivity when individuals perform repetitive tasks. Bloom et al. (2015) con-
duct a randomized corporate experiment in a large Chinese travel agency and report significant
productivity gains from telework. This productivity improvement comes about mainly because
WFH arrangement enables flexibility, convenience, and a quiet working atmosphere.5

There has been little empirical research of large scale on the impact of WFH on firm perfor-
mance, mostly due to a lack of data on firm-level variation in WFH practices. The study of Bai
et al. (2020) employs the universe of U.S. job postings to construct a firm-level index of WFH
suitability and is the first that offers assessments of the cross-sectional variation in the extent to
which each firm’s work is suitable for work from home. Using a difference-in-differences frame-
work, the study then documents evidence that firms with high WFH index values, compared
to their low-WFH peers, have higher stock returns and better financial performance during the
COVID-19 pandemic. Bai et al. (2020) conclude that WFH suitability acts as a resilience factor
that helps firms cope with major adverse social and economic shocks.

We conjecture that high values of WFH suitability are also relevant to the debt market in that
there is a lower likelihood that firms with high WFH suitability miss principal and interest pay-
ments. This is because when social distancing or lockdown is required during adverse economic
conditions, a smooth and prompt switch to WFH allows firms to maintain productivity and con-
tinuous communication with their stakeholders. Essentially, those firms with high levels of WFH
suitability should be able to avoid operational disruptions. Correspondingly, the value of WFH
suitability is likely to reduce the collection uncertainty of firms’ debt, which should manifest
through higher levels of credit rating.6

We also acknowledge that as a priori, it may not be exactly clear that the impact of WFH
suitability on credit ratings will necessarily be incremental to those from firm fundamentals.
First, prior research suggests that most of the variation in credit ratings can be explained by
firm fundamental factors and thus differences in WFH suitability may not play a large role in
the rating process. Second, research results in Bai et al. (2020) showing the benefits of WFH
suitability to equity holders may not necessarily translate to the debt market, as debt and equity

5While experimental studies have their strengths in internal validity, the generalization of these results is difficult because
these experiments are conducted on subgroups of employees in a single firm and they lack external validity. Using
theoretical modelling, Rupietta and Beckmann (2018) offer a more generalized explanation for WFH productivity gains
in that working from home increases employee’s intrinsic motivation, and thus their work efforts.
6Anecdotal evidence suggests that risk assessments likely incorporate workplace arrangements. In their report for Zenith
Service S.p.A in 2021, Standard and Poor’s ranked the company strong in terms of management and organization with
a stable outlook due to its quick transition to remote working during the pandemic. In their report, S&P stated that the
company ‘implemented the opportunity to work from home and flexible working hours during 2019, which made the tran-
sition for most of their staff to work remotely in response to this pandemic relatively seamless to their operations’. Link:
The S&P report can be access from https://www.spglobal.com/ratings/en/research/articles/211213-servicer-evaluation-
zenith-service-spa-12206110 (retrieved on July 10, 2022).
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holders often have different tolerances and preferences for risk.7 Finally, if the cross-sectional
variation in WFH suitability merely reflects an array of known firm characteristics and industry
norms, one should expect little value from a synthetic dimension.8

Given mixed implications from extant literature, the relation between WFH suitability and
credit risk remains an open and important empirical question. In this study, we address this
question via a four-pronged research investigation. First, we assess the construct validity of a
firm-specific measure of WFH suitability. We relate WFH suitability values to observable deter-
minants of WFH suitability and the COVID-19 shock. Second, we examine the relation between
WFH suitability and several measures of firms’ performance that should be relevant to debt hold-
ers. Third, we examine the impact of WFH suitability on credit ratings and bond yield spreads.
Finally, using a difference-in-differences framework, we study the impact of WFH suitability on
a firm’s distance to default during the COVID-19 pandemic period to estimate causal effects.

3. Data and Summary Statistics

3.1. Data and Sample

We obtain firm-specific accounting data and credit ratings from Compustat, stock prices and
returns from the Center for Research in Security Prices (CRSP), and corporate bond data from
Mergent Fixed Income Securities Database. Consistent with prior research (e.g., Cheng & Sub-
ramanyam, 2008), we exclude financial and utility firms from our sample and winsorize all
continuous variables at the 1st and 99th percentiles. The other data we use include analyst cover-
age data from the I/B/E/S database, institutional ownership information from Thomson Reuters
Institutional Holdings (13F) database, corporate social responsibility rating information from the
MSCI/ KLD database, and board quality data from the ISS/ RiskMetrics database.

Our sample for validation of firm-level WFH suitability consists of 11,947 firm-year observa-
tions spanning 2010–2019. Our final credit rating sample consists of 6,237 firm-year observations
spanning 2010–2020.9 Appendix A provides a detailed description of the variables used in this
study.

3.2. Measures of Credit Rating

Following credit risk assessment literature (e.g., Ashbaugh-Skaife et al., 2006; Kim et al., 2013),
we obtain Standard & Poor’s Long-term Domestic Issuer Credit Rating from Compustat and
Capital IQ databases and construct numeric variables that reflect the ratings of the issuers.10

Specifically, we translate ratings numerically, increasing in credit quality as follows: D (or
SD) = 1, . . . , AAA = 22.11 We follow Ham and Koharki (2016) and Pham et al. (2022) and

7Debt holders are more likely to value firms’ ability in limiting default risk (Merton, 1974). It is, therefore, unclear if
higher stock returns and lower return volatility, equity attributes associated with WFH suitability as documented in Bai
et al. (2020), are relevant to debt holders.
8The adoption of WFH is not without critique and concerns. A review of the literature on telecommuting Pinsonneault
and Boisvert (2001) suggests that WFH can result in reduced productivity, weak morale, and even mental health issues
as conflicts may arise between family and work-related roles. Clark (2000) also suggest that the separation between
home and work is an important division for workers’ mental wellbeing. Because WFH can blur this distinction, this can
negatively affect employee morale and productivity.
9Our sample begins in 2010 as it is the first year the WFH suitability data is available. Our credit rating sample ends in
2020 according to the latest coverage in Capital IQ’s S&P Rating database at the time of writing this paper.
10Compustat database stops updating S&P credit rating since early 2017. For rating data from 2017 onwards, we follow
the literature (e.g., Pham et al., 2022) and source credit rating data from Capital IQ database.
11Appendix B provides a detail discussion of credit rating classifications.
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use the average of a firm’s monthly credit ratings in a given fiscal year, denoted RATING, as our
measure of credit rating.

We also consider two alternative measures of credit ratings. First, we use credit ratings from
Egan-Jones Ratings Company, an investor-paid rating agency (e.g., Bonsall et al., 2017; Pham
et al., 2022; Xia, 2014). Second, we employ issuer-level ratings from Mergent Fixed Income
Security Database (FISD) as an alternative measure of credit risk.12

3.3. Measures of Working from Home Suitability

Bai et al. (2020) construct a firm-level measure of the percentage of the workforce that has the
work-from-home option by matching over 200 million job postings from the Burning Glass Tech-
nologies database with the working-from-home suitability indication from Dingel and Neiman
(2002).13 We use the average of a firm’s quarterly working-from-home suitability scores in a
given year as our measure of working from home suitability (denoted WFH). The higher value
of WFH scores indicates higher levels of work from home suitability.

We also construct the firm-level working from home suitability score that is industry-adjusted
and therefore comparable among firms across industries. Specifically, for each year and in each
industry, we compute the mean of WFH scores within each industry and use the difference
between each firm WFH score and the industry average value as the industry-adjusted WFH
score (denoted WFH_IND_ADJ).

In addition, we employ a dichotomous variable for high levels of WFH suitability. Specifically,
HIGHWFH is a dummy variable that takes the value of 1 if a firm’s WFH suitability scores fall
into the top quintile of the sample distribution and zero otherwise.

3.4. Descriptive Statistics

We present the descriptive statistics for variables employed in the study in Panel A and the
correlation matrix among these variables in Panel B of Table 1.

The average WFH score is 0.588 with a standard deviation of 0.251, which indicates a
considerable amount of variation in the cross-section. The average credit rating is 12.501 (cor-
responding to the medium ratings, BBB-). The average firm size (in logarithm form) is 8.83
and the average debt-to-asset ratio is 36%. On average, firms earn 4.60 percent return-on-asset
(ROA) and cover their interest 14 times. The average book-to-market ratio is 0.421 and the aver-
age cash flow volatility (CFVOL) is 0.028. In our sample, 14.3 percent of firm-year observations
are associated with negative earnings. Overall, our credit rating and firm characteristics are in
line with prior studies (Ashbaugh-Skaife et al., 2006; Cheng & Subramanyam, 2008; Cornaggia
et al., 2017; Pham et al., 2022).

4. Empirical Findings

4.1. Validation of WFH Suitability

We start our empirical analysis by assessing the validity of our firm-level WFH suitability
measure. We consider two validation analyses.

First, we examine whether our firm-level WFH suitability measure is related to a set of firm
attributes plausibly correlated with telework or work from home. We consider a range of possible

12We thank the Editor for suggesting this measure.
13We thank John Bai, Wang Jin, Sebastian Steffen, and Chi Wan for sharing the working-from-home data.
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Table 1. Summary statistics for credit rating sample.

Panel A: Descriptive Statistics

Variable Observations Mean SD P25 P50 P75

RATING 6,237 12.501 3.204 10.000 12.583 15.000
WFH 6,237 0.588 0.251 0.410 0.603 0.786
WFH_IND_ADJ 6,237 0.001 0.205 − 0.124 0.011 0.135
HIGHWFH 6,237 0.128 0.334 0.000 0.000 0.000
Firm level characteristics
LOGSIZE 6,237 8.834 1.385 7.845 8.712 9.786
LEV 6,237 0.360 0.180 0.234 0.336 0.458
ROA 6,237 0.046 0.066 0.019 0.044 0.077
LOSS 6,237 0.143 0.351 0.000 0.000 0.000
ZSCORE 6,237 1.505 1.231 0.741 1.432 2.197
SUBORD 6,237 0.137 0.344 0.000 0.000 0.000
CAP_INTEN 6,237 0.564 0.396 0.234 0.468 0.842
INT_COV 6,237 14.008 40.777 4.599 7.800 13.797
BTM 6,237 0.421 0.393 0.189 0.362 0.575
CFVOL 6,237 0.028 0.026 0.013 0.022 0.036
CUMRET 6,237 0.147 0.349 − 0.064 0.129 0.326

Panel B: Correlation matrix

RATING WFH LOGSIZE LEV ROA LOSS ZSCORE SUBORD CAP_INTEN INT_COV BTM CFVOL CUMRET

RATING 1.000
WFH 0.100 1.000
LOGSIZE 0.621 0.060 1.000 n
LEV − 0.380 − 0.113 − 0.138 1.000
ROA 0.368 0.017 0.082 − 0.181 1.000
LOSS − 0.327 − 0.009 − 0.122 0.180 − 0.644 1.000
ZSCORE 0.331 − 0.129 − 0.007 − 0.380 0.503 − 0.335 1.000
SUBORD 0.021 0.003 0.084 0.096 − 0.110 − 0.005 − 0.180 1.000
CAP_INTEN − 0.046 − 0.273 0.006 0.104 − 0.134 0.110 − 0.135 0.206 1.000
INT_COV 0.183 0.050 0.056 − 0.256 0.187 − 0.089 0.185 − 0.061 − 0.060 1.000
BTM − 0.150 − 0.022 − 0.040 − 0.272 − 0.280 0.153 − 0.080 0.103 0.171 − 0.050 1.000
CFVOL − 0.213 − 0.021 − 0.220 0.029 0.014 0.112 0.022 − 0.124 − 0.006 0.012 − 0.027 1.000
CUMRET 0.016 0.036 − 0.007 − 0.031 0.174 − 0.143 0.068 0.006 − 0.090 0.017 − 0.277 − 0.005 1.000

The table reports the descriptive statistics (Panel A) and correlation matrix (Panel B) for the credit rating sample covering 6,237 firm–year observations from 2010 to 2020. RATING is
the S&P credit rating measure from Compustat and Capital IQ databases. WFH and WFH_IND_ADJ are the firm-level working from home suitability scores and the industry-adjusted
WFH score, respectively. HIGHWFH is a dummy variable that takes the value of 1 if a firm’s WFH suitability scores fall into the top quintile of the sample distribution and zero
otherwise. Appendix A provides detailed descriptions of the variables.
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determinants of work-from-home options, including (i) firm size (LOGSIZE), (ii) debt-to-asset
ratio (LEV ) ratio as a proxy for the debt-related pressures faced by the firm (iii) return-on-
assets (ROA), return volatility (REVOL) as a measure of operating risk (Callen et al., 2010), (iv)
inventory-to-sale ratio (INVENTORY ), book-to-market ratio (BTM ) to capture expected growth
prospects, (v) an indicator indicating where a firm’s foreign sale ratio is above the sample median
(FSALES), (vi) an indicator indicating where a firm belongs to high tech industries (HIGHTECH)
following National Science Foundation (1998), (vii) the industry-level share of jobs (IND_TELE)
that can be done from home from Dingel and Neiman (2020), (viii) an indicator, METRO_TELE,
indicating top 5 metropolitan areas with the highest share of jobs that can be done at home from
Dingel and Neiman (2020), (ix) labor intensity (LABOR_INTENSITY ) defined as the propor-
tion of the number of employees over total sales, and (x) a firm’s share of routine-task labor
(ROUTINE) from Zhang (2019). We report the correlation matrix between WFH suitability and
firm determinants in Appendix OA13 in the Online Appendix and regression results in Table 2’s
Panel A.

We find that WFH suitability is positively related to (i) metropolitan areas with the highest
share of jobs that can be done from home and (ii) industries with the highest share of jobs that
can be done from home, (iii) foreign sales, (iv) high tech firms and negatively related to (v)
firms with a high proportion of routine-task labor and (vi) firms with high labor intensity. These
findings suggest that WFH suitability correlates well with attributes that should facilitate a high
level of WFH.

Second, we use the COVID-19 pandemic as an exogenous shock on work-from-home and
consider WFH suitability before and during Covid-19. Figure A1 in the Online Appendix shows
that the is a significant increase in Google search for ‘work from home’ in 2020. Figure A2 in
the Online Appendix shows that over the period January-June 2020, ‘work from home’ is men-
tioned in the media more than 10 times higher than in the whole year of 2019. These findings
confirm our expectation that the practice of WFH should be particularly higher in 2020. Results
from Panel B of Table 2 suggest that the firm-level WFH suitability scores are indeed signif-
icantly higher during the Covid-19 period compared to the pre-Covid19 period. On average,
firms show a 1.5% gain in the percentage of work that can be done from home in the first quarter
of 2020.

Overall, the evidence from our examination of cross-sectional variation in WFH suitability
and the change surrounding the Covid-19 shock suggests that WFH suitability correlates with
WFH-enabling attributes, and this score also rises noticeably once the pandemic starts. Interest-
ingly, our models with a comprehensive list of firm characteristics and industry norms explain
about 32% to 35% of the variation in WFH suitability. Thus, while WFH can be systematically
determined, a large extent of variation in WFH suitability appears to be firm-level idiosyncrasies.
This is in line with the survey finding from Bloom et al. (2009) on varying practices of WFH
across firms.

We continue our analyses by considering the impacts of WFH suitability on corporate out-
comes that matter for the overall risk profile of a firm. Specifically, we investigate how WFH
suitability affects a firm’s overall productivity and its future variability. Our focus on these
corporate outcomes is intuitive, for three reasons. First, WFH suitability is part of a disaster
recovery and business continuity plan which helps firms quickly recover and better respond to
operational disruption. For example, a crisis such as the recent pandemic may force employees to
work from home, creating disruption in the workforce. The extent to which firms can smoothly
facilitate this transition (better WFH suitability) will influence overall workforce productivity.
Second, WFH suitability should enable flexibility, autonomy, and a convenient working atmo-
sphere (Bloom et al., 2015; Dutcher, 2012; Rupietta & Beckmann, 2018). As human capital
is the key driver of corporate total outputs we expect that employees with WFH arrangement
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Table 2. Validation of firm-level WFH suitability.

Panel A: WFH suitability and firm determinants

Dependent variable: WFH Suitability

Predicted signs coeff. t.stat. coeff. t.stat.

LOGSIZE ? 0.002 (0.87) − 0.002 ( − 0.60)
LEV ? − 0.022 ( − 0.83) − 0.026 ( − 1.08)
BTM ? 0.001 (1.43) 0.001 (1.24)
INVENTORY ? − 0.037∗ ( − 1.84) − 0.037 ( − 1.57)
ROA ? − 0.036 ( − 0.80) − 0.060 ( − 1.37)
RETVOL ? 0.290 (0.60) − 0.099 ( − 0.21)
IND_TELE + 0.259∗∗∗ (5.32) 0.197∗∗∗ (3.57)
METRO_TELE + 0.030∗∗ (2.40) 0.024∗ (1.89)
FSALES + 0.021∗∗ (2.22) 0.021∗∗ (2.07)
HIGHTECH + 0.059∗∗∗ (3.59) 0.042∗∗∗ (2.60)
ROUTINE – − 0.238∗∗∗ ( − 2.88)
LABOR_INTENSE – − 0.052∗∗∗ ( − 6.76)

Industry fixed effects Yes Yes
Year fixed effects Yes Yes
Adjusted R-squared 0.327 0.354
Observations 15,127 11,947

Panel B: WFH Suitability surrounding COVID-19 pandemic

Pre-COVID-19 COVID-19 Difference Difference

(1) (2) (2) - (1) (t-stat)
WFH Suitability 0.600 0.615 0.015∗∗ (2.02)

Panel A reports the results when we regress scores of work-from-home suitability on firm fundamentals. The independent
variable is a firm-level working-from-home suitability score (WFH) in Bai et al. (2020). Firm determinants include firm
size (LOGSIZE), book-to-market ratio (BTM ), inventory-to-sale ratio (INVENTORY ), return-on-assets (ROA), return
volatility (RETVOL), an indicator indicating where a firm’s foreign sale ratio is above the sample median (FSALES),
an indicator indicating where a firm belongs to high tech industries (HIGHTECH), the industry-level share of jobs
(IND_TELE) that can be done from home from Dingel and Neiman (2020), an indicator (METRO_TELE) indicating top
5 metropolitan areas with the highest share of jobs that can be done at home from Dingel and Neiman (2020), labor
intensity (LABOR_INTENSITY ) defined as the proportion of the number of employees over total sales, and a firm’s
share of routine-task labor (ROUTINE) from Zhang (2019). The t-statistics are computed using standard errors robust to
heteroscedasticity and clustered simultaneously on the firm and year dimensions. Panel B compares the average of WFH
suitability before (2018-2019 period) and during Covid-19 (first quarter of 2020). ∗, ∗∗, and ∗∗∗ denote significance at
the 10%, 5%, and 1% levels, respectively.

options would experience more satisfying working conditions, higher intrinsic motivation and
job dedication, and deliver higher productivity.14 In addition, having a flexible work arrange-
ment could also influence retention rates, leading to lower levels of voluntary turnover, and
reducing the costly and time-consuming re-hiring and training expenditures. Third and finally,
WFH flexible arrangements can facilitate business continuity by maintaining sufficient operating
cash flows and reducing the uncertainty of future outcomes, especially during major disruptions
such as the COVID-19 pandemic and Nguyen et al. (2021)).15 We, therefore, consider both the
short-term and long-term effects of WFH suitability on these corporate outcomes.

14In a recent global survey conducted by ManPowerGroup Solutions, about 40 percent of the surveyed can-
didates report that schedule flexibility is one of the top factors they consider when making career decisions.
The survey is available at: https://www.manpowergroupsolutions.com/wps/wcm/connect/976d951f-5303-41d4-be36-
4938169d2d80/ManpowerGroup_Solutions-Work_for_Me.pdf. (retrieved on May 20, 2022)
15WFH can place a negative impact on employee productivity. The inconclusive conclusions on the association between
WFH and firm productivity is, therefore, an empirical question.
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Appendix A1 reports the results for these tests. We find that firms with higher WFH suitability
exhibit lower cash flow volatility and higher productivity compared to their peers. In addition,
the impacts of WFH on a firm’s productivity and its future variability tend to be short or medium
rather than long-term.

4.2. The Effect of Work-from-home Suitability on Credit Ratings

4.2.1. Univariate analysis
We follow the accounting literature and use credit rating as a primary indicator of a firm’s credit
risk (e.g., Ashbaugh-Skaife et al., 2006; Bonsall et al., 2017; Cheng & Subramanyam, 2008;
Cornaggia et al., 2017; Kim et al., 2013; Kuang & Qin, 2013). According to Standard & Poor’s,
a firm’s credit rating reflects a ratings agency’s opinion of the entity’s overall creditworthiness in
terms of its capacity to satisfy its financial obligations (Standard and Poor’s, 2002). We examine
whether, and to what extent, rating agencies incorporate firm-level WFH suitability into their risk
assessment. We start our univariate analysis by forming portfolios based on firms’ working-from-
home suitability scores. In each year t, we sort stocks into decile portfolios based on their WFH
(WFH_IND_ADJ) scores and then compute the portfolio credit rating by taking the average of
the ratings across all stocks in the portfolio.

Table 3 reports the descriptive statistics for the rating across WFH-sorted portfolios. Firms in
the high WFH suitability portfolios have higher credit ratings. The 10–1 row reports the aver-
age rating difference between the low and high WFH suitability stock. These univariate results
establish a positive relation between WFH suitability and credit rating at the univariate level.
However, some of the differences in credit risk could be due to other firm characteristics which
we will consider in the following sections.

4.2.2. Regression analysis
We employ a regression framework where we can control for firm-specific characteristics and
time-invariant factors at the same time. We use the following regression:

RATINGi,t = f (HIGHWFHi,t, Controlsi,t, FixedEffects), (1)

where RATING is the S&P issuer credit rating; HIGHWFH is a dummy variable that takes the
value of 1 if a firm’s working from home suitability scores falls into the top quintile of the sample
distribution and zero otherwise; Controls refer to firm-level control variables, and FixedEffects
refer to industry-fixed effects (firm-fixed effects) and year fixed effects. Following prior stud-
ies (e.g., Kaplan & Urwitz, 1979; Ashbaugh-Skaife et al., 2006; Bonsall et al., 2017; Cornaggia
et al., 2017; Pham et al., 2022), we control for various firm characteristics that can be associated
with firm credit risk assessment, including firm size (LOGSIZE), debt-to-asset ratio (LEVER-
AGE), return-on-assets (ROA), interest coverage (INT_COV ), an indicator of whether the firms
report negative earnings in a prior fiscal year (LOSS), financial distress measured by Altman
(1968)’s z-score (ZSCORE), firms’ capital intensity (CAP_INTEN), an indicator indicating if the
firm has subordinated debt (SUBORD). We further control for the book-to-market ratio (BTM )
and the volatility of a firm’s operating cash flow (CFVOL) to capture expected growth prospects
and the cash flow volatility (e.g., Cheng & Subramanyam, 2008; Cornaggia et al., 2017). We
also include a contemporaneous stock return to capture expected business disruptions. We use
the cumulative monthly returns in a given year (CUMRET). Finally, we control for year fixed
effects and industry fixed effects (based on Fama-French 48 industry classifications) to control
for time- and industry-invariant factors that could be associated with credit ratings.
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Table 3. The effect of work-from-home suitability on
credit ratings: Univariate analysis.

RATING

WFH Suitability WFH WFH_IND_ADJ

1 (Low) 11.5354 11.5511
2 11.9395 12.2754
3 12.4009 12.1303
4 12.7551 12.6354
5 12.7674 12.8369
6 12.8247 12.5780
7 12.8561 13.0744
8 12.6620 12.7684
9 12.7092 12.5556
10 (High) 12.5625 12.6077
10 - 1 1.0271∗∗∗ 1.0566∗∗∗
t-statistic (5.46) (5.66)

The table reports the distribution of credit rating by work-from-
home suitability decile groups. RATING is the S&P credit rating
measure from Compustat and Capital IQ databases. WFH and
WFH_IND_ADJ are the firm-level working from home suitabil-
ity scores and the industry-adjusted WFH score, respectively. In
each year t, we sort stocks into decile portfolios based on their
WFH (WFH_IND_ADJ) scores and then compute the portfolio
credit rating by taking the average of the ratings across all stocks
in the portfolio. The 10–1 measure row reports the average rat-
ing difference between the low and high WFH suitability stocks.
∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% levels,
respectively.

We also control for firm fixed effects to account for time-invariant firm-specific omitted vari-
ables. Following credit rating literature (e.g., Cornaggia et al., 2017; Kim et al., 2013; Kuang
& Qin, 2013), we use concurrent independent variables to minimize the possibility that prior
years’ WFH suitability results in observables in the current year, which are then incorporated
in the current year’s ratings. To correct for cross-sectional and time-series dependence, we use
robust standard errors clustered simultaneously by firm and year dimensions (Petersen, 2009;
Gow et al., 2010).16

For regression analysis, we consider both the OLS estimation and the ordered logit models.
The OLS estimation requires that the distance between two adjacent rating categories be constant
across the full range of ratings, whereas, the ordered probit estimation can accommodate the
varying distance between adjacent rating categories, but is more sensitive to a large number of
fixed effects. We, therefore, report the results from the ordered probit model to complement the
OLS results.

Table 4 presents the baseline regression results. We find that the coefficient estimates on
work-from-home suitability are positive and significant across different model specifications.
This suggests firms with higher WFH suitability have more favorable credit ratings. In model
(1), firms in the top quintile of the WFH suitability scores (i.e., HIGHWFH = 1) exhibit 0.38
higher in credit rating. In model (2) when firm fixed effects are employed, the economic mag-
nitude becomes smaller, with firms in the top quintile of the WFH suitability scores (i.e.,
HIGHWFH = 1) exhibiting 0.102 higher in credit rating.

16We also cluster standard errors by industry, by year, or by both industry and year, and find the results (untabulated for
brevity) are qualitatively unchanged.
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Table 4. The effect of work-from-home suitability on credit ratings: Regression
analysis.

Dependent variable: RATING

OLS OLS Ordered Logit
(1) (2) (3)

HIGHWFH 0.3803∗∗∗ 0.1024∗∗ 0.3926∗∗∗
(2.70) (2.05) (5.23)

LOGSIZE 1.2037∗∗∗ 0.8358∗∗∗ 1.2471∗∗∗
(18.02) (8.27) (53.02)

LEV − 3.6854∗∗∗ − 2.0518∗∗∗ − 3.7638∗∗∗
( − 7.81) ( − 6.21) ( − 21.06)

ROA 5.4000∗∗∗ 0.2811 5.1691∗∗∗
(2.65) (0.48) (8.53)

LOSS − 0.3513∗∗ − 0.1749∗∗ − 0.2291∗∗
( − 2.21) ( − 2.31) ( − 2.57)

ZSCORE 0.5459∗∗∗ 0.2130 0.7669∗∗∗
(3.26) (1.41) (22.15)

SUBORD − 0.5031∗∗ − 0.1181 − 0.4355∗∗∗
( − 2.22) ( − 0.93) ( − 4.96)

CAP_INTEN 0.5974∗∗∗ 1.4519∗∗∗ 0.5527∗∗∗
(2.81) (4.68) (6.75)

INT_COV 0.0019 − 0.0000 0.0015∗∗
(1.12) ( − 0.01) (2.09)

BTM − 1.1249∗∗∗ − 0.4048∗∗∗ − 1.1423∗∗∗
( − 5.94) ( − 3.25) ( − 14.86)

CFVOL − 7.4445∗∗∗ − 2.9657∗∗ − 9.3809∗∗∗
( − 3.43) ( − 2.57) ( − 9.07)

CUMRET − 0.7324∗∗∗ − 0.4179∗∗∗ − 0.7082∗∗∗
( − 4.42) ( − 4.18) ( − 9.41)

Year fixed effects Yes Yes Yes
Industry fixed effects Yes No Yes
Firm fixed effects No Yes No
R-squared/Pseudo R-squared 0.6752 0.9404 0.1751
Observations 6,237 6,237 6,237

The table reports the results of the regression of work-from-home suitability on credit risk assess-
ment. The dependent variables of interest are the S&P credit rating measures (RATING) from
Compustat and Capital IQ databases. The independent variable of interest (HIGHWFH) is a
dummy variable that takes the value of 1 if a firm’s WFH suitability scores fall into the top
quintile of the sample distribution and zero otherwise. The t-statistics (z-statistics) are computed
using standard errors robust to heteroscedasticity and clustered simultaneously on the firm and year
dimensions (Gow et al., 2010; Petersen, 2009). ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%,
and 1% levels, respectively. Appendix A provides detailed descriptions of the variables.

Consistent with prior studies (e.g., Ashbaugh-Skaife et al., 2006; Cornaggia et al., 2017;
Kaplan & Urwitz, 1979; Kuang & Qin, 2013), credit risk assessment is more favorable for larger
firms, firms with higher return-on-asset ratio, firms with higher expected growth prospects and
lower financial distress while lower for firms with higher leverage, firms that report a loss in the
prior fiscal year, firms with subordinated debts, and firms with higher cash flow volatility.

In Online Appendix, we supplement the baseline regression results in Table 4 with a myriad of
robustness tests to ensure that our results are not sensitive to specific model specifications, alter-
native measures of WFH suitability, an alternative measure of default risk, or additional control
variables. We report the results for these tests in Appendix OA2 in the Online Appendix. We
find our results are robust. In Appendix OA3, we employ credit ratings from Egan-Jones Ratings
Company as an alternative measure of credit risk. Prior studies (e.g., Beaver et al., 2006; Xia,
2014) suggest that investor-paid rating agencies, such as Egan-Jones Ratings, can produce more
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informative ratings than issuer-paid rating agencies, and hence can be employed as an indepen-
dent assessment of credit risk. We also employ issuer-level ratings from Mergent Fixed Income
Security Database (FISD) as another measure of credit risk and report the results for this test in
Appendix OA7. Consistent with the previous analyses, the samples for two alternative measures
of credit risk (i.e., Egan-Jones ratings and issuer-level ratings) begin in 2010 (as it is the first
year the WFH suitability data is available) and end in 2020, the latest available data at the time
of writing this paper. Results from Appendix OA3 and Appendix OA7 consistently suggest that
WFH suitability is associated with better credit risk assessment. In Appendix OA4, we consider
several alternative explanations and find that WFH suitability has an effect on credit risk assess-
ments that is independent of corporate governance and other monitoring mechanisms such as
financial analysts, institutional investors, or board quality. Furthermore, we use the proportion
of WFH suitability that cannot be explained by firm fundamentals in Appendix OA6 and fur-
ther confirm that WFH suitability is important, incremental to firm fundamentals, in credit rating
assessments.

4.2.3. Propensity-score-matched sample analysis
A potential concern of the relation between WFH suitability and credit risk assessment is that
firms with and without WFH suitability options could be fundamentally different. Thus, the
association between WFH suitability and credit ratings could be driven by differences in firm
characteristics. To ensure that we compare the credit ratings of firms with higher WFH suit-
ability and the credit ratings of otherwise similar firms, we use the propensity score matching
approach.

We first estimate the probability of being assigned to the treatment or control group using a
logistic regression with all firm-level controls as specified in the baseline regression (equation
(2)) and firms within the same industry. Our treatment (control) group includes firms with
(without) WFH suitability scores that fall into the top quintile of the sample distribution.
We then use propensity scores to perform one-to-one nearest-neighbor matching within 0.01
caliper without replacement. We report the average treatment effect estimates in panel A of
Table 5. Table 5’s results suggest that treated firms and their matched control firms have
similar characteristics. This confirms the high quality of the match. More importantly, we
find that credit ratings are higher for firms in the treatment group relative to firms in the
control group.

We then take a more conservative step and further perform a regression analysis based on
the matched sample to mitigate any differences that can be attributed to firm fundamentals.
If WFH suitability scores matter for the credit risk assessment, we would expect the signifi-
cant effect of WFH arrangement on credit ratings in a matched sample once all firm attributes,
time- and industry-invariant factors, that could be associated with credit ratings, are taken into
consideration. We include the results for these analyses in Panel B of Table 5.

Model (1) and Model (2) report the results for OLS models and ordered logit models, respec-
tively. We find that the effect of WFH suitability on credit ratings based on a matched sample
is both statistically and economically similar to that in our baseline models in Table 4. These
findings suggest that firms with higher WFH suitability have more favorable credit ratings and
that this effect is not entirely driven by firm fundamentals.17

17In Appendix OA5, we employ an instrumental variable approach to further address the concern that our OLS esti-
mates could be biased by omitted variables that correlate both with flexible workplace arrangements and with credit
risk assessments. We propose the economic conditions when a CEO enters the labor market can serve as an instrument
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4.2.4. Possible channels
Having documented the relation between WFH suitability and credit rating, we next turn our
attention to mechanisms that could underlie this relation. We conjecture that there are two
possible channels through which WFH suitability influences credit risks.

First, workplace flexibility contributes to maintain business continuity and productivity in
disruptions, leading to sustainable performance and lower risks of default. As a result, the first
possible channel through which WFH suitability can influence credit rating is through sustaining
firm productivity.

Second, WFH flexible arrangements can facilitate business growth by maintaining sufficient
workout personnel and operating cash flows, hence reducing the variability of future outcomes
(e.g., Giurge and Bohns, 2020; Nguyen et al., 2021).18 Workplace flexibility also contributes
to lower levels of employee voluntary turnover, reducing abnormal expenditures in re-hiring,
training, or other labor costs. Appendix A1 provides strong evidence for this conjecture. Given
credit rating agencies consider the volatility of future cash flows when assessing firms’ repay-
ment capability (Standard and Poor, 2002), reducing cash flows variability is another possible
mechanism that WFH can promote a firm’s capacity to service its future debt obligations, and
hence contribute to its overall creditworthiness.

To test for these possible channels, we follow the accounting literature (e.g., DeFond et al.,
2016; Pham et al., 2022) and adopt a path analysis. Path analysis uses a structural equation
model to test how a source variable (in our setting, WFH suitability) affects an outcome
variable (here, credit rating) by decomposing the correlation between the source and the out-
come variables into their direct and indirect paths through mediating variable(s) (e.g., Baron
& Kenny, 1986). Path analyses in our study serve two meaningful purposes. First, we would
verify whether the documented relationship between WFH suitability and credit rating is spu-
rious given a statistically significant relation neither immediately implies causation nor an
economic fundamental underlying the relation (Wooldridge, 2016). Second, this path analysis
would help quantify the magnitude of the direct and indirect paths from WFH suitability to credit
ratings.

We use the volatility of future cash flows (denoted CFVOL) to capture future variability. To
capture firm productivity, we employ the firm-level total factor productivity measure (denoted
TFP) as proposed in İmrohoroğlu and Tüzel (2014). We perform the following models for our
path analysis:

Rating = β0 + β1 × WFH + β2 × TFP + β3 × Cashflow Volatility + Controls + εt

(2)

TFP = α0 + α1 × WFH + εt (3)

Cashflow Volatility = μ0 + μ1 × WFH + εt (4)

for the CEO’s decision for advancing flexible work arrangements. Section B3 in the Online Appendix discusses ratio-
nales behind our choice of instrumental variable and Table OA5 reports the results for this test. Results from the 2SLS
estimations consistently suggest that firms with higher WFH suitability have more favorable credit ratings.
18For example, S&P considered LNR Partners LLC’s financial position to be sufficient, affirmed their overall strong
ranking with stable outlook due to the firm’s good disaster recovery and business continuity plan. LRN almost expe-
rienced no disruption in their operations when all of their employees worked from home. In the report, S&P stated
that: ‘we believe LNR has a deep bench of experienced workout personnel that it can redeploy across the servicing
platform to maintain adequate staffing to mitigate the anticipated increase in special servicing volume . . . ’. The S&P
report can be assess from https://www.spglobal.com/ratings/en/research/articles/200618-lnr-partners-llc-strong-special-
servicer-ranking-affirmed-outlook-is-stable-11536311 (retrieved on July 10, 2022).
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Table 5. Propensity-score-matched sample analysis.

Panel A: Summary statistics for the matched sample

Treat Control Difference p-value
(1) (2) (1) – (2)

RATING 12.755 12.199 0.556∗∗∗ (0.002)
LOGSIZE 8.788 8.808 − 0.020 (0.780)
LEVERAGE 0.346 0.341 0.005 (0.569)
ROA 0.053 0.053 0.000 (0.969)
LOSS 0.134 0.159 − 0.025 (0.171)
ZSCORE 1.304 1.296 0.008 (0.914)
SUBORD 0.091 0.094 − 0.003 (0.860)
CAP_INTEN 0.392 0.406 − 0.013 (0.490)
INT_COV 17.960 18.252 − 0.292 (0.911)
BTM 0.365 0.373 − 0.008 (0.685)
CFVOL 0.030 0.030 0.000 (0.956)
CUMRET 0.178 0.186 − 0.008 (0.658)

Panel B: Regression analysis based on the matched sample

Dependent Variable: RATING

Model (1) Model (2)
OLS Ordered Logit

HIGHWFH 0.5474∗∗∗ 0.5110∗∗∗
(3.21) (5.00)

LOGSIZE 1.3471∗∗∗ 1.3931∗∗∗
(14.14) (27.99)

LEV − 3.6828∗∗∗ − 3.7512∗∗∗
( − 4.95) ( − 10.45)

ROA 6.0576∗∗∗ 6.5240∗∗∗
(2.95) (5.81)

LOSS − 0.3981 − 0.3185∗
( − 1.63) ( − 1.75)

ZSCORE 0.2774∗ 0.5152∗∗∗
(1.71) (8.01)

SUBORD − 0.5939 − 0.6387∗∗∗
( − 1.60) ( − 3.14)

CAP_INTEN 0.6694∗∗ 0.5316∗∗∗
(2.03) (2.93)

INT_COV 0.0021 0.0013
(0.87) (1.18)

BTM − 1.4652∗∗∗ − 1.4672∗∗∗
( − 4.83) ( − 9.19)

CFVOL − 3.7616 − 6.1821∗∗∗
( − 1.35) ( − 3.13)

CUMRET − 0.5710∗∗∗ − 0.7105∗∗∗
( − 4.38) ( − 4.56)

Year fixed effects Yes Yes
Industry fixed effects Yes Yes
R-squared/Pseudo R-squared 0.6980 0.1951
Observations 1,534 1,534

The table presents the results of the regression of work-from-home suitability on credit risk assessment for a propensity-
score-matched sample over the period from 2010 to 2020. The treatment (control) group includes firms with (without)
WFH suitability scores that fall into the top quintile of the sample distribution. We present the post-match diagnostic
analysis in Panel A. Panel B reports the results for the regression analysis conducted on the matched sample. The depen-
dent variables of interest are the S&P credit rating measures (RATING) from Compustat and Capital IQ databases. The
independent variable of interest (HIGHWFH) is a dummy variable that takes the value of 1 if a firm’s WFH suitability
scores fall into the top quintile of the sample distribution and zero otherwise. The t-statistics (z-statistics) are computed
using standard errors robust to heteroscedasticity and clustered simultaneously on the firm and year dimensions (Gow
et al., 2010; Petersen, 2009). ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% levels, respectively. Appendix A
provides detailed descriptions of the variables.
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Figure 1. Path analysis.

The independent variable of interest is WFH suitability. Rating is the S&P issuer credit rat-
ing as discussed in Model (1). TFP and Cashflow Volatility capture firm productivity and the
volatility of future cash flows, respectively. Controls include relevant control variables from the
baseline regression in Model (2). The path coefficient β1is the magnitude of the direct path from
WFH suitability to credit ratings. The path coefficient β2 (β3) is the magnitude of the path from
firm productivity (cashflow volatility) to credit ratings. The path coefficient α̂1 × ̂β2(μ̂1 × ̂β3) is
the magnitude of the indirect path from WFH to credit rating mediated through firm productivity
(cashflow volatility). Figure 1 graphically illustrates the direct and indirect paths and Table 6
reports the results for this path analysis.19

According to Table 6’s results, the direct path coefficient between WFH and credit rating
[P(WFH, Credit Rating)] is positive and significant at the 1% level, confirming our baseline
result that firms with higher WFH suitability are associated with higher credit ratings. Regard-
ing the first mediating variable, firm productivity, the path coefficient between WFH and firm
productivity [P(WFH, Path)] is positive and significant at the 1% level (the coefficient estimate
of 0.2020 and p-value < 0.01), suggesting that firms with higher WFH suitability are associated
with higher productivity. Similarly, the path coefficient between WFH and cashflow volatility
[P(WFH, Path)] is negative and significant at the 1% level (the coefficient estimate of − 0.0765
and p-value < 0.01), suggesting that firms with higher WFH suitability are associated with lower
cash flow volatility.

The path coefficients between firm productivity and credit ratings and between cashflow
volatility and credit ratings [P(Path, Credit Rating)] are all significant at the 1% level. This is
consistent with our conjecture that higher firm productivity and lower cashflow volatility lead to

19The sample for the path analyses consists of the intersection of all variables in the baseline sample and two mediating
variables, including firm-level productivity and volatility of future cash flows.
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Table 6. Path analysis.

Path = TFP Path = Cashflow Volatility

(1) (2) (3) (4)
Coeff. p-Value Coeff. p-Value

Direct Path
P (WFH, RATING) 0.0390∗∗∗ (0.00) 0.0390∗∗∗ (0.00)
Indirect Path
P (WFH, Path) 0.2020∗∗∗ (0.00) − 0.0765∗∗∗ (0.00)
P (Path, RATING) 0.0866∗∗∗ (0.00) − 0.0347∗∗∗ (0.00)
P (WFH, Path) × P (Path, RATING) 0.0175∗∗∗ (0.00) 0.0027∗∗∗ (0.00)
Total effect 0.0565∗∗∗ (0.00) 0.00417∗∗∗ (0.00)
Mediated % in Total 30.97% 6.37%
Observations 4,348 4,348

The table reports the results from a path analysis that examines the effect of work-from-home suitability on credit
ratings through ex ante firm productivity and cash flow volatility. We estimate the following models in the path
analysis:

RATING = β0 + β1 × WFH + β2 × TFP + β3 × Cashflow Volatility + Controls + εt (a)

TFP = α0 + α1 × WFH + εt (b)

Cashflow Volatility = μ0 + μ1 × WFH + εt (c)

The independent variable of interest is the firm-level work-from-home suitability score (WFH); RATING refers
to a credit rating measure from Compustat and Capital IQ databases, as discussed in Model (1). To capture Firm
Productivity, we employ the firm-level total factor productivity measure (denoted TFP) as proposed in İmrohoroğlu
and Tüzel (2014). To capture Cash flow Volatility, we use the volatility of future cash flows, measured as the standard
deviation of operating cash flows scaled by total assets from year t + 1 to year t + 4. The term Controls represents
the relevant control variables from the baseline regression in Model (1). The path coefficient β1is the magnitude of
the direct path from work-from-home suitability to credit ratings. The path coefficient β2 (β3) is the magnitude of
the path from firm productivity (cashflow volatility) to credit ratings. The path coefficient α̂1 × ̂β2(μ̂1 × ̂β3) is the
magnitude of the indirect path from work-from-home suitability to credit ratings mediated through firm productivity
(cashflow volatility). The significance of the indirect effect is estimated using Sobel (1982) test statistics. The table
reports the path coefficients of interest. ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% levels, respectively

higher credit ratings. The total mediated path for firm productivity, α̂1 × ̂β2, is positive and signif-
icant at 1% with a coefficient estimate of 0.0175 and p-value < 0.01. The result implies that firm
productivity is a significant channel that helps explain 30.97% [ = 0.0175/ (0.0390 + 0.0175)]
of the positive relation between WFH suitability and credit rating. Similarly, cashflow volatility
is a significant channel that helps explain 6.37% [ = 0.0027/ (0.0390 + 0.0027)] of the positive
relation between WFH suitability and credit ratings.

Overall, the path analysis in Table 6 suggests two main findings. First, the effect of WFH
suitability on credit rating is significantly mediated through at least two channels: (i) firm produc-
tivity and (ii) cashflow volatility. Second, WFH suitability has a direct impact on credit ratings,
incremental to those readily captured by existing credit rating determinants.

4.2.5. Cross-sectional analysis
We explore the possibility that WFH suitability matters more for certain types of firms within
certain economic environments than for others. Specifically, we examine the impact of WFH
suitability on corporate credit ratings separately for (i) firms with higher and lower levels of past
variability, (ii) investment- and speculative-grade firms, (iii) firms in highly competitive markets,
and (iv) firms belong to high-tech and other industries.
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First, we examine the impact of WFH suitability on corporate credit ratings conditional on
environment uncertainty, measured by the volatility of cash flows during the previous four
years. Second, we consider firms with investment-grade ratings (ratings better than or equal to
BBB-) and firms with speculative-grade ratings (S&P ratings below BBB-). Third, we examine
the impact of WFH suitability on corporate credit ratings conditional on the competitive envi-
ronment. Workplace flexibility is important to retain talents, especially in highly competitive
markets (e.g., Rupietta & Beckmann, 2018). Market competition is, therefore, related to flexi-
ble work arrangements. To measure product market power, we construct a Lerner index (Lerner,
1934), with higher values of the index indicating higher product market competition. Finally,
we examine the impact of WFH suitability on corporate credit ratings for firms belonging to
high-tech industries and other industries. We follow Decker et al. (2017) and define high-tech
industries using their 4-digit NAICS codes. We use the seemingly unrelated regressions (SUR)
and the Wald test for the coefficient differences across different subsamples (e.g., Bonsall et al.,
2017; Pham et al., 2022).

Table 7 presents the results of these tests.20 We document that the impact of WFH suitability
on corporate credit ratings is more pronounced among firms operating in a highly uncertain
environment, firms with speculate-grade ratings, firms in highly competitive markets, and firms
belonging to non-high-tech industries. Overall, WFH suitability is an important credit rating
factor, specifically among firms for which creditors face relatively high credit risks.

4.3. Work-from-home Suitability and Bond Yield Spread

We use the cost of debt capital as a proxy for the market-based measure of a firm’s credit risk
and examine whether a firm’s WFH suitability affects bond investors’ required rates of return.
We consider all new nonconvertible issue fixed-rate corporate bonds issued, reported by the Mer-
gent Fixed Income Security Database (FISD), and then match the FISD data with Compustat and
CRSP data, yielding a final sample of 1,501 firm bond issuances during our sample period. Offer-
ing credit spreads are measured as the offering yields to maturity in excess of similar duration
treasuries. We employ the following regression:

LnSPREAD = f (WFH , ISSUE, Controls, IndFE, YearFE) (5)

where LnSPREAD is offering credit spread in logarithm form, WFH refers to two measures
of working from home suitability scores; ISSUE refers to issue issuance-specific characteris-
tics; Controls refers to firm-level control variable, and IndFE (YearFE) refers to industry-fixed
effects (year-fixed effects). We control for issuance-specific characteristics, including the natural
logarithm of the offering amount of the new bond (LnOFFER) and the number of years until
maturity on the new bond (MATURITY ), and further control for various firm characteristics that
can be related to credit quality as in the baseline regression in Table 4. In addition, we include
bond issuance-specific rating fixed effects, year- and industry-fixed effects to control for bond
issuance-specific ratings, and time- and industry-invariant factors that could be associated with
bond spreads.

Table 8 presents the results for these tests. We find the coefficient estimates on WFH and
WFH_IND_ADJ are negative and significant across all model specifications, suggesting that
firms with higher WFH suitability are associated with a lower credit spread. The magnitude of
the WFH suitability effect on credit spreads is also economically significant. In model (2) of

20The number of observations in each of the cross-sectional analyses in Table 7 depends on the availability of the
cross-sectional variables and the nature of the tests.
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Table 7. Cross-sectional analysis.

Dependent variable: RATING

Past Variability Grade Competition High-tech and others

High Low Speculative Investment High Low High Others
(1) (2) (3) (4) (5) (6) (7) (8)

HIGHWFH 0.2008∗ − 0.0205 0.2504∗∗∗ 0.0103 0.7637∗∗∗ 0.2759 0.0024 0.3878∗∗∗
(1.88) ( − 0.27) (3.21) (0.11) (4.07) (1.42) (0.01) (2.87)

LOGSIZE 0.6150∗∗∗ 1.1683∗∗∗ 0.9737∗∗∗ 0.4445∗∗∗ 1.2744∗∗∗ 1.0523∗∗∗ 1.4115∗∗∗ 1.1660∗∗∗
(3.68) (3.28) (45.22) (15.03) (13.72) (9.58) (12.86) (15.84)

LEV − 1.9437∗∗∗ − 1.9328∗∗ − 3.4679∗∗∗ − 0.9567∗∗∗ − 3.9996∗∗∗ − 3.6803∗∗∗ − 3.4439∗∗∗ − 3.9050∗∗∗
( − 3.96) ( − 2.41) ( − 16.89) ( − 4.86) ( − 5.73) ( − 4.27) ( − 3.85) ( − 7.77)

ROA 2.5224∗∗ − 1.5268 5.1340∗∗∗ 0.2189 7.5738∗∗ − 3.8671∗∗∗ − 2.7794 6.4660∗∗∗
(3.03) ( − 1.14) (8.25) (0.36) (2.41) ( − 3.49) ( − 1.08) (3.09)

LOSS − 0.1362 − 0.2147 0.2715∗∗ − 0.6924∗∗∗ 0.2435 − 0.8516∗∗∗ − 0.1972 − 0.3907∗∗
( − 1.41) ( − 1.42) (2.28) ( − 7.62) (0.76) ( − 3.62) ( − 0.69) ( − 2.22)

ZSCORE − 0.1615 0.6083∗∗∗ 0.2626∗∗∗ 0.3135∗∗∗ 0.2547 0.8671∗∗∗ 1.0632∗∗∗ 0.4899∗∗∗
( − 1.05) (4.10) (9.03) (8.97) (1.35) (6.78) (7.35) (2.86)

SUBORD 0.0441 − 0.6054∗∗ − 0.2301∗∗ 0.0949 − 0.8008∗∗ 0.1638 − 0.9599∗ − 0.4377∗
(0.19) ( − 2.80) ( − 2.00) (1.03) ( − 2.01) (0.49) ( − 1.73) ( − 1.77)

CAP_INTEN 0.9740∗ 2.8970∗∗∗ 1.0194∗∗∗ 0.0391 1.0846∗∗∗ 0.3384 − 0.4004 0.7751∗∗∗
(1.99) (3.21) (10.44) (0.44) (2.62) (1.02) ( − 0.74) (3.47)

INT_COV − 0.0028∗∗∗ 0.0075∗∗∗ 0.0022∗∗∗ − 0.0006 0.0001 − 0.0003 0.0036 0.0001
( − 3.63) (3.66) (4.36) ( − 0.54) (0.13) ( − 0.25) (1.31) (0.07)
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BTM − 0.5661∗∗∗ − 0.2661 − 2.0857∗∗∗ − 0.1565∗∗ − 1.9916∗∗∗ − 0.4570∗∗ − 1.7260∗∗∗ − 1.1202∗∗∗
( − 3.45) ( − 1.35) ( − 17.67) ( − 2.22) ( − 5.17) ( − 2.13) ( − 3.72) ( − 5.70)

CFVOL − 2.9865 − 8.0422 − 4.2898∗∗∗ − 4.0047∗∗∗ − 19.6685∗∗∗ − 3.2253 − 6.1565 − 7.2233∗∗∗
( − 1.52) ( − 0.81) ( − 3.65) ( − 3.90) ( − 4.77) ( − 0.97) ( − 1.14) ( − 2.91)

CUMRET − 0.4931∗∗∗ − 0.5056∗∗∗ − 0.7187∗∗∗ − 0.3240∗∗∗ − 0.9516∗∗∗ − 0.3665∗∗ − 0.7403∗∗∗ − 0.7117∗∗∗
( − 3.79) ( − 4.13) ( − 6.83) ( − 4.14) ( − 4.33) ( − 2.58) ( − 3.63) ( − 3.72)

Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
Industry fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
Adjusted R-squared 0.939 0.962 0.566 0.269 0.739 0.684 0.782 0.663
Observations 1,445 1,418 3,624 2,613 1,558 1,559 956 5,281

SUR & Wald Test for differences in coefficients:
χ2 Test 2.92∗ (0.08) 3.07∗ (0.07) 7.37∗∗∗ (0.01) 7.71∗∗∗ (0.01)
p-value (0.08) (0.07) (0.01) (0.01)

The table reports the results from the regressions of S&P credit ratings on work-from-home suitability for subsamples of firms. The dependent variables of interest are the S&P credit
rating measures (RATING) from Compustat and Capital IQ databases. The independent variable of interest (HIGHWFH) is a dummy variable that takes the value of 1 if a firm’s
WFH suitability scores fall into the top quintile of the sample distribution and zero otherwise. Columns (1)-(2) report the results for high and low levels of past variability based
on the top (bottom) quartile of the cash flow volatility, respectively. Columns (3)-(4) report results separately for subsamples of firms with investment-grade ratings and speculative-
grade ratings, respectively. Columns (5)-(6) report the results for high and low levels of market competition based on the top (bottom) quartile of Lerner index (Lerner, 1934),
respectively. Columns (7)-(8) report the results for high tech and other industries, respectively. We follow Decker et al. (2017) and define high-tech industries using their 4-digit NAICS
levels, including computer and communications equipment manufacturing (NAICS 3341, 3342); semiconductor, navigational, and other electronic component manufacturing (NAICS
3344, 3345); pharmaceutical and medicine manufacturing (NAICS 3254); aerospace product (NAICS 3364); software publishers, internet and broadcasting (NAICS 5112, 5161); other
telecommunications (NAICS 5179); internet service provider and data processing service (NAICS 5181, 5182); architectural, engineering and related services (NAICS 5413); computer
systems design (NAICS 5415); and scientific research and development (NAICS 5417). The t-statistics are computed using standard errors robust to heteroscedasticity and clustered
simultaneously on the firm and year dimensions. ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% levels, respectively.
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Table 8. Work-from-home suitability and bond yield spread.

Dependent variable: LnSPREAD

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

WFH − 0.1311∗∗ − 0.0875∗∗∗
( − 2.54) ( − 2.78)

WFH_IND_ADJ − 0.1303∗∗ − 0.0828∗∗
( − 2.50) ( − 2.40)

LnOFFER 0.1039∗∗∗ 0.1040∗∗∗
(4.13) (4.14)

MATURITY 0.0174∗∗∗ 0.0174∗∗∗
(9.42) (9.43)

LOGSIZE − 0.1269∗∗∗ − 0.1270∗∗∗
( − 6.68) ( − 6.71)

LEV 0.3452∗∗ 0.3455∗∗
(1.96) (1.97)

ROA 0.0860 0.0836
(0.21) (0.20)

LOSS 0.0680∗ 0.0669∗
(1.67) (1.65)

ZSCORE − 0.0633∗∗∗ − 0.0634∗∗∗
( − 3.00) ( − 3.01)

SUBORD − 0.0431 − 0.0432
( − 0.68) ( − 0.68)

CAP_INTEN 0.0937∗ 0.0948∗
(1.74) (1.76)

INT_COV − 0.0007∗∗∗ − 0.0007∗∗∗
( − 4.31) ( − 4.28)

BTM 0.3110∗∗∗ 0.3117∗∗∗
(3.55) (3.56)

CFVOL 1.9266∗∗∗ 1.9202∗∗∗
(5.00) (4.96)

CUMRET 0.0335 0.0332
(0.46) (0.45)

Bond rating fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Industry fixed effects Yes Yes Yes Yes
Adjusted R-squared 0.6374 0.7358 0.6373 0.7357
Observations 1,501 1,501 1,501 1,501

The table presents the results of the regression of work-from-home suitability on new bonds’ offering
credit spreads. WFH and WFH_IND_ADJ are the firm-level working from home suitability scores
and the industry-adjusted WFH score, respectively. The dependent variable of interest is the offering
credit spreads, measured as the logarithm of the offering yield to maturity in excess of similar duration
treasuries (LnSPREAD). The t-statistics are computed using standard errors robust to heteroscedasticity
and clustered simultaneously on the firm and year dimensions. ∗, ∗∗, and ∗∗∗ denote significance at the
10%, 5%, and 1% levels, respectively.

Table 8, moving from the 25th percentile to the 75th percentile of WFH suitability results in a
reduction in credit spread by 3.29% ( = − 0.0875 × 0.376).

4.4. The Impact of Covid-19 on Corporate Default Risk

To further address a potential identification challenge that firm-level WFH suitability is unlikely
random, but rather a firm’s endogenous choice, we use the COVID-19 outbreak and enforced
lockdowns as an exogenous shock to work-from-home and argue that firm-level WFH suitability
before the COVID-19 is orthogonal to the pandemic.
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Not surprisingly, the outbreak of the COVID-19 pandemic has forced millions of employees
to work from home. Next, the pandemic-induced economic shock, together with the requirement
for social distancing and lockdowns, should materially increase the expected corporate default
frequency because of heightened cash flow risk. Whether firms would face operational disrup-
tions then should largely depend on the suitability of their work for WFH during the pandemic.
The capacity to switch to WFH arrangement allows firms to maintain their business operations
and mitigate cash flow risk. Firms with this ability should be less sensitive to the pandemic and,
compared to others, have lower default risk. This observation forms the basis for our empirical
tests: we predict a lesser impact of the COVID-19 pandemic on the default risk of firms with
high WFH suitability.

Panel A of Table 9 presents mean values in expected default frequency between 2019 (pre-
COVID-19) and 2020 (COVID-19) for firms in our sample. We employ data in the last two
quarters of 2019 and the first two quarters of 2020 for this analysis. The result is consistent with
the COVID-19 pandemic having a tangible effect on expected default frequency. The expected
default frequency is, on average, 0.05 in the last two quarters of 2019, and 0.07 in the first two
quarters of 2020 (the difference is significant at the 1 percent level).21 This is a 37% increase,
consistent with an exogenous rise in expected default frequency caused by COVID-19.

In order for a difference-in-differences regression to be an appropriate methodology, outcome
variables for firms with high WFH suitability and other firms should exhibit parallel trends over
the pre-COVID-19 period. TimeTrend is a time trend variable that captures four quarters in 2019.
We use the following regression:

EDF = f (TimeTrend, High_Suitability × TimeTrend, CTRL, FEs) (6)

where EDF refers to two measures of default risk, including (i) the expected default frequency
measure (EDF) proposed by Bharath and Shumway (2008) and Brogaard et al. (2017) and (ii)
the industry-adjusted value (EDF_IND_ADJ); High_Suitability is a dummy variable that takes
the value of 1 if a firm’s average WFH suitability score during the pre-COVID-19 period (2010-
2019) belongs to the top quartile of the sample distribution and zero otherwise; CTRL refers to
firm-level control variables as in Brogaard et al. (2017); and FEs refer to industry-fixed effects.

Panel B of Table 9 presents a parallel trend test. The test variable is the interactive term,
High_Suitability × TimeTrend, which is insignificantly different from zero. This trend test indi-
cates that there is no pre-treatment difference in default risk between the two groups of firms and
that the impact on default risk occurs after the COVID-19 outbreak.

We then estimate a difference-in-differences regression model to examine whether a firm’s
WFH suitability prior to the COVID-19 pandemic influences its default risk. We use the
following regression:

EDF = f (High_Suitability × COVID19, FIRMCTRL, FEs) (7)

COVID19 is a dummy variable that takes the value of 1 for the first two quarters of 2020 and zero
for the last two quarters of 2019. Firm controls include firm size, leverage ratio, book-to-market
ratio, asset liquidity, the ratio of net income to total assets, the inverse of annualized stock return
volatility, and annual excess returns (Brogaard et al., 2017).

The parameter of interest is the coefficient on the interaction term (High_Suitability ×
COVID19) which captures the differential impacts of the COVID-19 pandemic on firms with

21This finding complements a recent report from Moody Ratings showing that expected corporate default rate in
the U.S. approached 6.2% percent in July 2020, the highest level since May 2010. Moody’s report is available at:
https://www.moodys.com/creditfoundations/Default-Trends-and-Rating-Transitions-05E002.
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Table 9. The impact of COVID-19 on corporate default risk.

Panel A: Change in Corporate Default Risk from 2019 to 2020

2019 (Quarters 3 and 4) 2020(Quarters 1 and 2) Diff (p-value)

EDF 0.0519 0.0712 < 0.001

Panel B: Parallel Trend Tests

Dependent variable: Default risk

EDF EDF_IND_ADJ
(1) (2)

High_Suitability × TimeTrend − 0.0009 − 0.0013
( − 0.59) ( − 0.86)

TimeTrend 0.0009 0.0020
(0.96) (1.56)

Controls Yes Yes
Industry fixed effects Yes Yes
Adjusted R-squared 0.3087 0.2681
Observations 4,000 4,000

Panel C: Difference-in-differences regression analysis

EDF EDF EDF EDF EDF EDF_IND_ADJ EDF_IND_ADJ EDF_IND_ADJ EDF_IND_ADJ
(1) (2) (3) (4) (5) (6) (7) (8) (9)

High_Suitability × COVID19 − 0.0170∗∗ − 0.019∗∗∗ − 0.018∗∗ − 0.017∗∗∗ − 0.019∗∗∗ − 0.016∗∗∗ − 0.013∗ − 0.012∗∗∗ − 0.013∗∗∗

( − 2.16) ( − 7.64) ( − 2.46) ( − 6.46) ( − 9.53) ( − 10.33) ( − 1.87) ( − 4.35) ( − 5.76)
COVID19 0.034∗∗∗ 0.031∗∗∗ 0.003 0.000

(16.38) (24.76) (1.33) (0.12)
High_Suitability − 0.011∗∗ − 0.000 − 0.014∗∗∗ − 0.003

( − 2.21) ( − 0.01) ( − 2.94) ( − 0.78)
LOGSIZE − 0.005∗∗∗ − 0.071∗∗ − 0.005∗∗∗ − 0.006∗∗∗ − 0.052∗ − 0.006∗∗∗

( − 2.98) ( − 2.32) ( − 2.98) ( − 3.27) ( − 1.86) ( − 3.28)
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LEV 0.157∗∗∗ 0.207∗∗ 0.157∗∗∗ 0.155∗∗∗ 0.178∗∗ 0.155∗∗∗

(4.89) (2.57) (4.87) (4.86) (2.51) (4.85)
BTM − 0.006∗∗∗ − 0.015∗∗∗ − 0.006∗∗∗ − 0.006∗∗∗ − 0.010∗ − 0.006∗∗∗

( − 3.25) ( − 2.97) ( − 3.12) ( − 4.02) ( − 1.88) ( − 3.79)
ASSET_LIQUIDITY − 0.323∗∗∗ − 0.282∗∗ − 0.323∗∗∗ − 0.266∗∗∗ − 0.136 − 0.266∗∗∗

( − 4.15) ( − 2.09) ( − 4.14) ( − 5.06) ( − 1.03) ( − 5.11)
INCOME/ASSET − 0.002 0.007∗ − 0.002 − 0.002 0.002 − 0.002

( − 0.90) (1.77) ( − 0.91) ( − 0.95) (0.57) ( − 0.97)
1/SIGMA − 0.020∗∗∗ − 0.005 − 0.020∗∗∗ − 0.019∗∗∗ − 0.000 − 0.019∗∗∗

( − 11.68) ( − 1.49) ( − 11.78) ( − 11.64) ( − 0.09) ( − 11.70)
EXRET − 0.293∗∗∗ − 0.247∗∗∗ − 0.293∗∗∗ − 0.290∗∗∗ − 0.237∗∗∗ − 0.290∗∗∗

( − 15.57) ( − 7.16) ( − 15.88) ( − 13.61) ( − 7.29) ( − 13.88)

Industry fixed effects No Yes No Yes Yes Yes No Yes Yes
Firm fixed effects Yes No Yes No No No Yes No No
Quarter fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adjusted R-squared 0.529 0.361 0.624 0.101 0.361 0.298 0.603 0.028 0.298
Observations 2,461 2,461 2,461 2,461 2,461 2,461 2,461 2,461 2,461

Panel A reports the expected default frequency in the last two quarters of 2019 and the first two quarters of 2020. The p-value is for the t-test for the means. Panel B reports the results
for the parallel trend test. EDF is expected default frequency measure, following Bharath and Shumway (2008) and Brogaard et al. (2017). EDF_IND_ADJ is the industry adjusted
EDF measure. TimeTrend is a time trend variable that captures four quarters in 2019. Panel C reports the difference-in-difference analysis. High_Suitability is a dummy variable that
takes the value of 1 if a firm’s average WFH suitability score during the pre-COVID-19 period (2010-2019) belongs to the top quartile of the sample distribution and zero otherwise.
COVID19 is a dummy variable that takes the value of 1 for the first two quarters of 2020 and zero for the last two quarters of 2019. LOGSIZE is the natural logarithm of firm size
measured by total assets; LEV is the leverage ratio measured as the ratio of total debt to book assets; BTM is the book to market ratio; INCOME/ASSET is the ratio of net income to
total asset; 1/SIGMA is the inverse of annualized stock return volatility; ASSET_LIQUIDITY is the ratio of current assets over current liabilities; EXRET is the annual excess return.
The t-statistics are computed using standard errors robust to heteroscedasticity and clustered simultaneously on the firm and quarter dimensions. ∗, ∗∗, and ∗∗∗ denote significance at
the 10%, 5%, and 1% levels, respectively.
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high versus low values of pre-COVID WFH suitability scores. We focus on a short window of
two quarters before and during the Covid-19 pandemic to capture its immediate impact, and at
the same time, mitigate the possibility of confounding effects from other corporate and mar-
ket events. To correct for cross-sectional and time-series dependence, we use robust standard
errors clustered simultaneously by both firm and quarter dimensions (Gow et al., 2010; Petersen,
2009).

We report the results for these tests in Panel C of Table 9. The coefficient estimates on the
interaction term, High_Suitability × COVID19, are negative and statistically significant across

different model specifications.
22

This indicates that firms with high WFH suitability, when com-
pared to their counterparts with low WFH suitability, exhibit lower expected default frequency
during the COVID-19 pandemic. The magnitude of the WFH suitability effect on default prob-
ability is economically significant. In model (5) of Table 9’s Panel C, the change in EDF of
firms in the top quartile of pre-COVID-19 WFH suitability scores (i.e., High_Suitability = 1),
compared to the change in EDF of other firms, is 1.90% lower in the first two quarters of 2020.

4.5. Firm-level Covid Exposure and Default Risk

As some firms can be more exposed to COVID-19 than others (Albuquerque et al., 2020; Ding
et al., 2020; Hassan et al., 2020; Nguyen et al., 2023), we examine the impact of WFH suit-
ability on corporate default amid the pandemic conditioning on the levels of firms’ exposure to
the pandemic. We employ a novel measure of firm-level exposure to the COVID-19 pandemic,
captured by the frequency of keywords related to COVID-19 extracted from the earnings call
transcripts developed by Hassan et al. (2020).23 If a firm’s WFH practices prior to the COVID-
19 pandemic indeed influence its credit risk during the pandemic, we expect this impact to be
more pronounced for firms that are more exposed to the pandemic.

To test this possibility, we re-estimate a difference-in-differences regression model as in Table
9 for two subsamples based on the firm-level exposures to the COVID-19 pandemic. We define
high (low) COVID-exposure firms as those above (below) the sample mean of the COVID-
19 risk exposure over the first two quarters of 2020. We report the results for these tests in
Table 10.

Table 10’s results suggest that the effect of WFH suitability on default risk during the
COVID-19 pandemic is more pronounced among firms that are more exposed to the pandemic.
For example, in models (1) and (2) of Table 10, among high-COVID-19 exposed firms, the
change in EDF of firms in the top quartile of pre-COVID-19 WFH suitability scores (i.e.,
High_Suitability = 1), compared to the change in EDF of other firms, is 2.60% (t-statistics
of − 2.35) lower in the first two quarters of 2020, whereas, this change in EDF among firms
in low-incidence states is 1.24% (t-statistics of − 1.43). We observe similar findings when
industry-adjusted EDF measures are employed in models (3) and (4).

We then use the seemingly unrelated regressions (SUR) and the Wald test for the coefficient
differences across different subsamples. Collectively, we find that compared to their counterparts
with low WFH suitability, firms with high WFH suitability exhibit lower default risk during
the COVID-19 pandemic, and the effect is stronger among firms that are more exposed to the
pandemic.24

23We thank Tarek Hassan, Stephan Hollander, Laurence van Lent, Markus Schwedeler, and Ahmed Tahoun for making
the firm-level exposure to COVID-19 data available at https://www.firmlevelrisk.com/.
24In addition, in the Online Appendix, we find that the effect of WFH suitability on default risk is stronger among firms
located in high-incidence states (Appendix OA9). Furthermore, firms with high WFH suitability are less likely to exhibit
employment- and operation-related violations in times of crisis such as the COVID-19 outbreak (Appendix OA10).
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Table 10. Work-from-home suitability, firm-level COVID exposure, and default risk.

Dependent variable: Default risk

Firm-level COVID exposure Firm-level COVID exposure

High Low High Low

EDF EDF EDF_IND_ADJ EDF_IND_ADJ
(1) (2) (3) (4)

High_Suitability × COVID19 − 0.0260∗∗ − 0.0124 − 0.0257∗∗ − 0.0051
( − 2.35) ( − 1.43) ( − 2.43) ( − 0.64)

LOGSIZE − 0.1176∗∗∗ − 0.0404 − 0.0968∗∗∗ − 0.0256
( − 3.27) ( − 0.79) ( − 2.82) ( − 0.56)

LEV 0.3743∗∗∗ 0.0804 0.3104∗∗∗ 0.0847
(3.90) (0.87) (3.27) (1.05)

BTM − 0.0131∗∗ − 0.0107 − 0.0086 − 0.0062
( − 1.96) ( − 1.59) ( − 1.17) ( − 0.93)

ASSET_LIQUIDITY − 0.3131 − 0.2610∗ − 0.2201 − 0.1522
( − 1.16) ( − 1.90) ( − 0.83) ( − 1.29)

INCOME/ASSET 0.0067 0.0068 0.0043 0.0019
(1.23) (1.24) (0.73) (0.36)

1/SIGMA − 0.0018 − 0.0093∗∗∗ 0.0010 − 0.0042
( − 0.37) ( − 2.60) (0.22) ( − 1.24)

EXCESS_RETURN − 0.2202∗∗∗ − 0.2351∗∗∗ − 0.2065∗∗∗ − 0.2149∗∗∗
( − 5.77) ( − 5.05) ( − 5.62) ( − 5.28)

Firm fixed effects Yes Yes Yes Yes
Quarter fixed effects Yes Yes Yes Yes
Adjusted R-squared 0.6650 0.5970 0.5888 0.6041
Observations 1,006 1,216 962 644

SUR & Wald Test for differences in coefficients

differences (1)–(2) (3)–(4)
χ2 Test 3.79∗∗ 3.18∗
p-value (0.05) (0.07)

The table reports the results of the impact of the COVID-19 pandemic on corporate default risk across two subsamples:
high and low COVID-exposure firms. We employ the firm-level exposure to the COVID-19 pandemic, measured by
the frequency of keywords related to COVID-19 extracted from the earnings call transcripts, from Hassan et al. (2020).
We define high (low) COVID-exposure firms as those above (below) the sample mean of the COVID-19 risk exposure
over the first two quarters of 2020. We estimate a difference-in-differences regression model as in Table 9 for two
subsamples. EDF is expected default frequency measure, following Bharath and Shumway (2008) and Brogaard et al.
(2017). EDF_IND_ADJ is the industry adjusted EDF measure. High_Suitability is a dummy variable that takes the value
of 1 if a firm’s average WFH suitability score during the pre-COVID-19 period (2010-2019) belongs to the top quartile
of the sample distribution and zero otherwise. COVID19 is a dummy variable that takes the value of 1 for the first two
quarters of 2020 and zero for the last two quarters of 2019. LOGSIZE is the natural logarithm of firm size measured by
total assets; LEV is the leverage ratio measured as the ratio of total debt to book assets; BTM is the book to market ratio;
INCOME/ASSET is the ratio of net income to total asset; 1/SIGMA is the inverse of annualized stock return volatility;
ASSET_LIQUIDITY is the ratio of current assets over current liabilities; EXRET is the annual excess return. The t-
statistics are computed using standard errors robust to heteroscedasticity and clustered simultaneously on the firm and
quarter dimensions. ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% levels, respectively.

5. Conclusions

Our study investigates whether WFH suitability contributes to the resiliency of firms and if rating
agencies and debtholders incorporate this flexibility of work arrangements in risk assessments.
Using a novel dataset of U.S. job postings to capture an index of firm-level WFH suitability, we
find that firms with high WFH suitability enjoy higher credit ratings and lower corporate bond
yield spreads. These findings are robust in a battery of identification strategies. We find that firms
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with high WFH suitability are associated with lower future cash flow volatility and lower default
risk, resulting in favorable credit ratings. In addition, the impact of WFH suitability on corporate
credit ratings is more pronounced among firms operating in a highly uncertain environment,
firms with speculate-grade ratings, firms in highly competitive markets, and firms belonging to
non-high-tech industries.25

Our study has explicit research and policy implications. Research findings in this study sug-
gest WFH suitability is an important contributing factor to resiliency, with the effect translating
into a significantly lower cost of debt capital. Future research should investigate the exact mech-
anisms of how WFH suitability can curb downside risks. The accounting literature (Johnson
et al., 2008; Kornberger et al., 2010) has also been long interested in how resources should
be allocated to alternative work arrangements. Given that WFH is not just a temporary aberra-
tion but may become the ‘new normal’ workplace in the aftermath of the COVID-19 pandemic,
research to uncover corporate policies that can facilitate the effective implementation of WFH is
undoubtedly vital.26
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Appendix A: Variable definitions

Variables Descriptions

Credit rating measures
RATING S&P’s Long-Term Domestic Issuer Credit Rating from Compustat and

Capital IQ databases.
Work from home measures
WFH A firm’s working-from-home suitability scores in Bai et al. (2020).
WFH_IND_ADJ Industry adjusted WFH score, measured as the difference between each firm

WFH score and the industry average value.
HIGHWFH A dummy variable that takes the value of 1 if a firm’s WFH suitability scores

fall into the top quintile of the sample distribution and zero otherwise
Firm characteristics
LOGSIZE The logarithm of firm size measured by total assets.
LEV Leverage ratio, measured as the ratio of total debt to book assets.
ROA Net income before extraordinary items, divided by total assets.
LOSS An indicator that takes the value of 1 if the net income before extraordinary

items is negative in the current and prior fiscal year, and zero otherwise.
ZSCORE Altman (1968)’s z-score.
SUBORD An indicator that is equal to one if a firm has subordinated debt, and zero

otherwise.
CAP_INTEN Gross property, plant, and equipment, divided by total assets.
INT_COV Operating income before depreciation, divided by interest expenses.
BTM Book to market, measured as the ratio of the book value of equity over the

market capitalization value.
CFVOL Standard deviation of operating cash flows scaled by total assets from year

t-4 to year t-1.
CUMRET Cumulative monthly stock returns in a given year.
Bond data
LnSPREAD Offering credit spreads in logarithm form.
LnOFFER Natural logarithm of the offering amount of the new bond.
MATURITY The number of years until the maturity of the new bond.
Other variables
TFP The firm-level total factor productivity measure from İmrohoroğlu and Tüzel

(2014).
DTD Merton (1974)’s distance-to-default measure.
G-INDEX Corporate governance index of Gompers et al. (2003).
LN_ANALYST Natural logarithm of the number of analysts issuing an annual forecast for a

firm during the year from I/B/E/S data.
INSTO Institutional ownership measure from Thomson Reuters Institutional

Holdings (13F) Database.
INVENTORY The inventory-to-sale ratio.
LABOR_INTENSE Labor intensity, measured as the proportion of the number of employees over

total sales.
ROUTINE A firm’s share of routine-task labor from Zhang (2019).
CSR CSR rating, measured following Cronqvist and Yu (2017).
RETVOL Stock return volatility, measured as the standard deviation of the monthly

stock return over a year.
IND_TELE the industry-level share of jobs that can be done from home from Dingel and

Neiman (2020)
METRO_TELE An indicator indicating top 5 metropolitan areas with the highest share of

jobs that can be done at home from Dingel and Neiman (2020).
ROLLOVER A measure of rollover risk, estimated following Gopalan et al. (2014).
C-SCORE Khan and Watts (2009) C-SCORE to capture a firm-level accounting

conservatism
EDF Expected default frequency measure, following Brogaard et al. (2017) and

Bharath and Shumway (2008)
ED_IND_ADJ The industry-adjusted expected default frequency measure, measured as

the difference between each firm EDF measure and the industry average
value.
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Appendix B: Credit rating summary

Credit Risk S&P Rating Numerical Rating

Highest quality AAA 22
High quality AA + , AA, AA- 21, 20, 19
Upper medium A + , A, A- 18, 17, 16
Medium BBB + , BBB, BBB- 15, 14, 13
No investment grade BB + , BB, BB- 12, 11, 10
Speculative lower grade B + , B, B- 9, 8, 7
Speculative risky CCC + , CCC, CCC- 6, 5, 4
Speculative poor standing CCC + , CCC, CCC- 3
Highly vulnerable C 2
In default D, SD 1

Appendix B provides a detailed discussion of credit rating classifications.
The figure depicts the direct and indirect path through which work-from-home suitability
can affect credit ratings. We estimate the following models in the path analysis:

RATING = β0 + β1 × WFH + β2 × TFP

+ β3 × Cashflow Volatility + Controls + εt (a)

TFP = α0 + α1 × WFH + εt (b)

Cashflow Volatility = μ0 + μ1 × WFH + εt (c)

The independent variable of interest is the firm-level work-from-home suitability score
(WFH); RATING refers to a credit rating measure from Compustat and Capital IQ
databases, as discussed in Model (1). To capture Firm Productivity, we employ the firm-
level total factor productivity measure (denoted TFP) as proposed in İmrohoroğlu and
Tüzel (2014). To capture Cash flow Volatility, we use the volatility of future cash flows,
measured as the standard deviation of operating cash flows scaled by total assets from
year t + 1 to year t + 4. The term Controls represents the relevant control variables
from the baseline regression in Model (1). The path coefficient β1is the magnitude of
the direct path from work-from-home suitability to credit ratings. The path coefficient
β2 (β3) is the magnitude of the path from firm productivity (cashflow volatility) to credit
ratings. The path coefficient α̂1 × ̂β2(μ̂1 × ̂β3) is the magnitude of the indirect path
from work-from-home suitability to credit ratings mediated through firm productivity
(cashflow volatility).
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