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Preface
This Ph.D. dissertation consists of four essays on empirical banking, corporate bankruptcy
risk, and corporate …nance. The purpose of these essays is to empirically explore (i) the role of
contractual externalities in loan contracts, (ii) the extent trade credit chains leads to propagation
of corporate failures, (iii) non-linear relationships between …nancial ratios and …rm bankruptcy
risk, and (iv) the impact of bank credit supply on corporate capital structure. Below I present
a brief overview of the four chapters of the thesis.
Chapter 1. On the Non-Exclusivity of Loan Contracts: An Empirical Investigation (with Hans
Degryse and Vasso Ioannidou)
Financial contracts are non-exclusive. In credit markets, for example, borrowers cannot credibly commit to take loans from at most one creditor and creditors cannot completely prevent
borrowers from taking credit from other creditors. Such loans, however, could adversely a¤ect
a borrower’s probability of repayment through moral hazard and strategic default. The nonexclusivity of credit contracts has played an important role in several …nancial crises such as the
Latin-American debt crisis in the 1970s and the Asian crisis in the 1990s. More recently, the
non-exclusivity in the credit derivatives market has played a central role in the …nancial crisis
of 2007-2008 as it created severe counterparty risk externalities. A central question is which
institutional framework in banking and …nancial markets can contain the negative externalities
from non-exclusivity or help the contracting parties to internalize the externalities. Despite
the substantial theoretical work on the impact of non-exclusivity on …nancial contracts and its
role in major …nancial crises, up to now, no direct test of the impact of non-exclusivity on the
functioning of …nancial markets was possible due to the lack of adequate data. In this paper we
make use of a unique combination of data availability and an appropriate institutional setting to
investigate empirically the impact of non-exclusivity on credit availability as well as the degree
to which the institutional framework could allow creditors to enforce exclusivity or mitigate the
resulting externalities by employing ex-ante or ex-post punishment.
Chapter 2. Trade Credit and the Propagation of Corporate Failure: An Empirical Analysis.
(with Tor Jacobson)
By issuing trade credit, …rms provide short-term …nancing to their customers. The widespread
use of trade credit implies that there exist networks of …rms that borrow from and lend to
each other. These networks may cause idiosyncratic shocks to propagate in the economy. More
1
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speci…cally, a bankrupt …rm may impose a credit loss on its suppliers which, in turn, can push
them into …nancial distress and bankruptcy. Although the theoretical literature highlights that
the credit chains induced by trade credit are likely to propagate corporate failures and exacerbate
aggregate shocks, there is limited empirical work exploring this presumption, most likely due to
data limitations. In this paper, we contribute to the existing literature by exploring a unique data
set where we observe whether a trade creditor (supplier) experienced a trade debtor (customer)
bankruptcy. This data set allows us to gauge the bankruptcy risk that a trade debtor failure
imposes on its trade creditors. Our empirical analysis thus provides insights on the importance
of trade credit chains for the propagation of corporate failures.
Chapter 3. Taking the Twists into Account: Predicting Firm Bankruptcy Risk with Splines of
Financial Ratios. (with Paolo Giordani, Tor Jacobson, and Mattias Villani)
Bankruptcy is an event of fundamental economic importance. The recent recession has shown
that its rate of occurrence in the aggregate has profound in‡uence on the outcomes of economic
growth and unemployment, as well as …nancial stability through the e¤ects on banks and …nancial
markets in general. At the micro level, bankruptcy can be seen as the main driver of credit risk
and is hence a primary concern for banks and investors that screen …rms and monitor …rms’
e¤orts. In spite of its importance, our empirical understanding of the determinants of bankruptcy
still has remarkable gaps despite the enormous volume of this literature. One such gap, and
the focus of this paper, is an empirical exploration of non-linear relationships between …rm-level
bankruptcy and key …nancial ratios such as …rms’ leverage, earnings, and liquidity. For this
purpose we employ a recently compiled and extensive panel data set with detailed …rm-level
information on all incorporated Swedish businesses, both private and public, over the period
1991-2008. The panel comprises around 4 million …rm-year data points, with an average of over
200,000 …rms per point in time. Our aim is to demonstrate the substantial gains in explanatory
and predictive power that can be achieved by introducing straightforward spline functions into
an otherwise standard multi-period logistic modeling framework
Chapter 4. Bank Loan Supply and Corporate Capital Structure. (with Hans Degryse and Vasso
Ioannidou)
Capital structure theory assumes that demand factors determine …rms’ capital structure. Firms
then can increase their leverage to its desired level. This holds if the supply of funds is in…nitely
elastic at the correct price. However, recent empirical research highlight that supply factors also
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determine a …rm’s capital structure. For instance, access to di¤erent …nancing sources – banks
and bond markets – is one important supply factor. In this paper we explore a bank data set
containing information on all bank-…rm relationships provided by one of the largest Swedish
banks. A key feature of the data set is that it contains information on the amount of credit the
bank is willing to lend to each of its corporate clients – the bank’s credit limit to each …rm. This
credit limit provides an opportunity to explore how a bank’s credit supply impacts on …rms’
leverage decisions. Thus, we contribute to the existing literature by showing how variations in
credit supply within the same …nancing source impacts on …rms’ capital structure.

Chapter 1
On the Non-Exclusivity of Loan Contracts: An Empirical Investigation
Abstract: Theory shows that the non-exclusivity of …nancial contracts generates important
negative contractual externalities. Employing a unique dataset, we identify how these externalities a¤ect credit availability. Using internal information on a creditor’s willingness to lend, we
…nd that a creditor reduces its willingness to lend to a borrower when the borrower obtains a
loan at another creditor (“outside loan”). Consistent with the theoretical literature, the e¤ect
is more pronounced the larger the outside loans and it is muted if the initial lender’s existing
and future loans retain seniority over outside loans and are secured with valuable collateral.

1.1

Introduction

Financial contracts are non-exclusive. In credit markets, for example, borrowers cannot credibly
commit to take loans from at most one creditor and creditors cannot completely prevent borrowers from taking credit from others. This is because contracts cannot be made fully contingent
on loans from other creditors and in particular on future creditors who have not yet lent to the
borrower. Such loans, however, could adversely a¤ect a borrower’s probability of repayment by
exacerbating moral hazard and incentives for strategic default (e.g., Bizer and DeMarzo (1992)
and Parlour and Rajan (2001)). The prospect of such loans is expected to worsen the borrower’s
access and terms of credit. When non-exclusivity is pervasive and cannot be contained, it could
also lead to overborrowing, high rates of default, credit rationing, and market freezes.1
The non-exclusivity of credit contracts has played an important role in several …nancial crises
such as the Latin-American debt crisis in the 1970s and the Asian crisis in the 1990s (Radelet
and Sachs (1998) and Bisin and Guaitoli (2004)). Non-exclusivity has also been identi…ed as an
important factor behind the high interest rates and default rates in the consumer credit card
market (Parlour and Rajan (2001)). More recently, the non-exclusivity in the credit derivatives
market has played a central role in the …nancial crisis of 2007-2008. Acharya and Bisin (2011),
for example, argue that the non-exclusivity of …nancial contracts coupled with the opacity of the
1
Several theoretical papers studied the role of non-exclusivity in …nancial contracting. See, among others,
Bizer and DeMarzo (1992), Kahn and Mookherjee (1998), Parlour and Rajan (2001), Bisin and Guaitoli (2004),
Bennardo et al. (2009), and Attar et al. (2010) for a theoretical analysis of non-exclusivity in di¤erent gametheoretic settings.

4
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over-the-counter (OTC) markets—where credit default swaps (CDS) trade— played a central
role in the current …nancial crisis by creating severe counterparty risk externalities. The risk
that a party—in this case the seller of a CDS— might not be able to ful…ll its future obligations
depends largely on other, often subsequent, exposures. In a theoretical model, the authors show
that more transparency on counterparty risk exposures in the OTC market could have helped
the contracting parties to internalize the externalities.
These insights are in line with parallel theoretical work on the role of the institutional framework on credit markets. Collateral and credit registries, for example, could help creditors protect
their claims and thus dampen the impact of non-exclusivity on credit availability. Collateral,
whose e¤ective use is facilitated by a collateral registry, could mitigate moral hazard and incentives for strategic default (Holmström and Tirole (1997) and Parlour and Rajan (2001)).
Credit registries could in some cases allow lenders to e¤ectively employ ex-post punishment to
enforce exclusivity or mitigate the resulting externalities by conditioning their terms on loans
from others (Bennardo et al. (2009)).
Despite the substantial theoretical work on the impact of non-exclusivity on …nancial contracts and its role in major …nancial crises up to now, no direct test of the impact of nonexclusivity on credit availability was possible due to lack of adequate data. This paper aims
to …ll this void by employing a unique dataset containing information on a creditor’s internal
limit to the borrower both before and after a non-exclusivity event realizes. The internal limit
indicates the maximum amount this creditor is willing to lend to a borrower; it represents the
amount for which the bank’s loan supply becomes vertical. Changes in the internal limit represent changes in loan supply. Hence, using this information, we investigate how a creditor’s
willingness to lend reacts after a …rm with whom it held an exclusive relationship acquires loans
from other creditors, which we refer to as “outside loans”. This would not be possible using data
on the outstanding level of credit as this is an equilibrium outcome driven both by demand and
supply factors whereas the theory concerns supply e¤ects. The empirical analysis takes place in
a setting where individual trades with other creditors can be observed and contractual features,
such as collateral, can be employed more e¤ectively.
Our empirical evidence is consistent with the theories on contractual externalities. We …nd
that when a previously exclusive …rm, obtains a loan from another bank, the …rm’s initial bank
decreases its internal limit to the …rm and it decreases it more the larger the size of the outside
loans. We …nd that $1 from another bank leads to a decrease in the initial bank’s willingness to
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lend by 34 to 50 cents. As explained later, these estimates should be viewed as a lower bound
on the e¤ect of the negative externalities on credit availability and are not driven by reverse
causality, omitted variable bias, or a reduced ability to extract rents. Consistent with the
theoretical literature on contractual externalities, we also …nd that the initial bank’s willingness
to lend does not change when its existing and future loans are protected from the increased risk
of default. In particular, we …nd that an outside loan does not trigger any change in the initial
bank’s willingness to lend if its existing and future loans retain seniority over the outside loans
and the claims are secured with assets whose value is high and stable over time.
While there have not been direct investigations of the non-exclusivity externality using information on a bank’s credit supply, several papers have investigated the reasons and the impact
of establishing single versus multiple bank relationships. Some studies have found that older
and larger …rms and …rms in countries with a lower degree of judicial e¢ciency are more likely
to maintain multiple relationships (for an overview of the empirical studies see e.g., Degryse,
Kim and Ongena (2009)). Some papers also …nd that …rms that borrow from multiple banks
are of lower quality (see, for example, Petersen and Rajan (1994)). Farinha and Santos (2002)
follow the debt share of …rms after initiating multiple relationships. They …nd that the bank
with which the …rm had an exclusive relationship only provided about half of the …rm’s bank
debt after three years. While the …ndings are overall consistent with the presence of signi…cant
negative externalities stemming from the non-exclusivity of loan contracts, these studies do not
identify the driving force behind these associations as they cannot disentangle demand and supply factors. For example, the initial bank’s debt share may decrease as the …rm demands fewer
loans from that bank. Our paper in contrast identi…es how the initial bank’s supply is modi…ed
as we observe the initial bank’s maximum willingness to lend to the …rm.
The remainder of the paper is organized as follows. Section 2 reviews the literature and
develops two testable hypotheses. Section 3 presents the data and the institutional setting,
while Section 4 describes our identi…cation strategy. Section 5 discusses our results and various
robustness checks and Section 6 concludes.

1.2

Hypotheses on the Impact of Non-Exclusivity in Financial Contracting

To structure our empirical analysis, we discuss the extant theoretical literature and summarize
the key insights in two testable hypotheses. We also brie‡y review the institutional environment
to better position our study into this literature. Finally, we discuss alternative theories and
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their implications for our analysis.
As mentioned earlier, the ine¢ciencies resulting from the non-exclusivity of …nancial contracts are addressed in several theoretical papers, each highlighting di¤erent sources of the
resulting externalities. Regardless of the model employed, additional outside lending imposes
externalities on the existing lender by increasing the borrower’s probability of default— the
speci…c channel varies across models.
In Bizer and DeMarzo (1992) and Bennardo et al. (2009) an outside loan imposes an externality on prior debt by exacerbating the borrower’s moral hazard incentives. Everything else
equal, a higher total indebtedness reduces the borrower’s work e¤ort leading to higher probability of default as in Holmström (1979) and Holmström and Tirole (1997). The outside loan
imposes an externality on existing debt because the terms of the loan do not re‡ect the resulting
devaluation of the existing debt. This is in contrast to a one-creditor environment where all
e¤ects from additional loans are internalized. Because new lenders do not pay for the externality they impose on existing debt, they can o¤er loans with more attractive terms.2 As a result
borrowers cannot credibly commit to exclusivity. Recognizing the possibility of future outside
loans, the initial creditor requires higher interest rates for any given loan (or put di¤erently
lends a smaller amount for any given interest rate) than it would if borrowers could commit to
exclusivity. This in turn decreases the maximum amount of loans that the borrower can support.
In Parlour and Rajan (2001) and Bennardo et al. (2009) the non-exclusivity creates incentives for strategic defaults. The authors show that when multiple lenders can simultaneously
o¤er loans to a borrower, incentives to overborrow with intentions to default could arise when
borrowers can exempt a large fraction of their assets from bankruptcy proceedings. Everything
else equal, these incentives increase in the total amount borrowed. Multiple lending in this
setting creates a negative externality to all lenders as each loan increases the default risk of
the others, which inhibits competition and undermines the availability and the terms of credit.
When the externalities are pervasive, it could also result in credit rationing (Bennardo et al.
(2009)).
Overall, the theories on contractual externalities predict that when a borrower obtains a loan
from another creditor, the maximum amount that the borrower’s initial creditor will be willing
2
This sequential contracting creates incentives for opportunistic lending i.e., lenders have incentives to target
the customers of other creditors with attractive o¤ers at the expense of the initial lenders. These incentives arise
because new lenders do not pay for the externality they impose on existing debt, while they can protect their own
claims from the increased risk (through higher interest rates, for example).
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to lend to this borrower should decrease and it should decrease more the larger the outside loan.3
This motivates our …rst testable hypothesis:
(H1) The theory on contractual externalities predicts that when a borrower obtains an outside
loan, the maximum amount that the initial creditor will be willing to lend to the borrower will
decrease and it will decrease more the larger the outside loan.
Creditors could employ several contractual features to mitigate the externalities resulting
from the non-exclusivity of debt contracts. For example, they could use covenants that make
loan terms contingent on future borrowing from other sources. Such covenants, however, are not
widely used because they introduce other ine¢ciencies.4 Moreover, as Attar et al. (2010) point
out, the ability of covenants to enforce exclusivity is bounded by limited liability; in some cases
covenants may even aggravate the problem by creating incentives for opportunistic lending.
Another approach, …rst discussed in Fama and Miller (1972), is to prioritize debt (i.e.,
allow the borrower’s existing debt to retain seniority over new loans). While prioritization
avoids dilution of prior debt, Bizer and DeMarzo (1992) point out that this will not solve the
externalities from sequential contracting if the higher levels of debt increase the incentives for
moral hazard. Asking borrowers to pledge collateral could mitigate the increased incentive for
moral hazard i.e., the fear of losing the pledged assets could induce high e¤ort (Holmström and
Tirole (1997)).5 According to Parlour and Rajan (2001), collateral could also be interpreted as
a commitment to accept only one contract since it is by de…nition a non-exempt asset.6
A ‡oating charge on the borrower’s assets—a special form of collateral that carries over to
future loans— could be an e¤ective way to mitigate the contractual externalities as it allows the
3
In Bizer and DeMarzo (1992), for example, a rational initial creditor anticipates the …rm may seek additional
loans up to the creditor’s willingness to lend. These additional loans may be taken at the initial creditor or outside
creditors. If the initial creditor correctly anticipated the externalities from outside loans in its pricing of prior
debt, when an outside loan is obtained, the initial creditor’s willingness to lend to the borrower should drop by
an equal amount. A smaller drop is expected when the initial creditor’s willingness to lend is partially lower in
anticipation of an outside loan.
4
For example, with the use of debt covenants creditors could permit future borrowing only with the approval
of existing creditors. This, however, would give veto power to existing creditors and open the door to hold-up
problems (see, for example, Smith and Warner (1979) and Bizer and DeMarzo (1992)). Although hold-up problems
could be mitigated if contracts could specify ex ante the exact circumstances under which borrowing would be
allowed, designing fully state-contingent contracts is very di¢cult in practice and often prohibitively expensive.
Making debt callable is an alternative mechanism. As pointed out in Bizer and DeMarzo (1992), this would solve
the problem only if the call price equals the fair market value of debt in the absence of further borrowing. For
this to be true the contract would either have to specify the fair market value ex ante, which is as complex as
writing a fully state-contingent contract or base the call price on the ex post market price of debt, which again
gives rise to hold-up problems.
5
Collateral is also motivated in the literature as a way to mitigate other ex post frictions such as di¢culties
in enforcing contracts (Banerjee and Newman (1993), Albuquerque and Hopenhayan (2004)) and costly state
veri…cation (e.g., Townsend (1979), Gale and Hellwig (1985), Williamson (1986), and Boyd and Smith (1994)).
6
In the context of Attar et al. (2010) valuable collateral could be viewed as a way to sidestep limited liability
(i.e., an alternative to using courts to enforce unlimited liability).
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initial creditor’s existing and future loans to retain seniority over future outside loans and at the
same time curtails incentives for moral hazard and strategic default resulting from the higher
levels of debt.7 The degree to which a ‡oating charge will mitigate the externalities from outside
loans depends positively on the value of the pledged assets and negatively on the volatility of
their values (see, for example, Bennardo et al. (2009)). If, for example, the initial creditor’s
loss in the event of default is negligible, an outside loan will not impose any externalities to
the existing lender and thus should not trigger any changes in its willingness lend. Regular
collateral might not solve the externalities as it does not extend to future loans. This leads us
to our second testable hypothesis:
(H2) The theory on contractual externalities predicts that an outside loan will not trigger a
change in the initial creditor’s willingness to lend if the initial creditor’s existing and future
claims are fully protected.
H1 and H2 are tested in the context of a modern banking system, where collateral and
credit registries are operational, allowing lenders to mitigate the negative externalities from
the non-exclusivity of loan contracts. Everything, else equal, collateral registries facilitate the
e¤ective use of collateral (Haselmann et al. (2010)). Similarly, information sharing through
credit registries could allow lenders to mitigate the negative externalities by conditioning their
o¤ers on future borrower behavior (see, for example, Bennardo et al. (2009)).8 Before turning
to a detailed description of our data and the institutional framework we brie‡y discuss the
predictions of alternative theories.
In addition to the literature on contractual externalities, alternative theories predict that
multiple …nancing sources may actually decrease the borrower’s probability of default, and thus
increase the initial creditor’s willingness to lend. (The outside loan and the initial bank’s willingness to lend are complements.) This could happen, for example, if the outside loans facilitate a
worthwhile project that the initial creditor could not …nance alone (e.g., due to lack of su¢cient
liquidity as in Detragiache et al. (2001) or a too large exposure to the borrower as in Hertzberg
et al. (2011)).9 In sharp contrast with H1, an outside loan in this case should increase the initial
7
Djankov et al. (2008) …nd that debt contracts secured with a ‡oating charge are enforced more e¢ciently:
they have higher recovery rates and shorter enforcement times.
8
Bennardo et al. (2009) point out that although information sharing is expected for the most part to mitigate
the contractual externalities and expand the availability of credit it could also facilitate opportunistic lending if
the value of the assets securing the existing debt is very volatile. See also Attar et al. (2010) on the limitations
of covenants due to limited liability.
9
Hertzberg et al. (2011) write that “a bank’s optimal level of lending is . . . due to the complementarity,
increasing in the expected level of lending of another bank (p.386).” In addition, the willingness of another lender
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creditor’s willingness to lend and it should increase it more the larger the outside loan. Hence,
…nding evidence consistent with H1 would not necessarily imply that these alternative theories
are not at work. It would only imply that the theories on contractual externalities are at work
and that they are su¢ciently important to dominate empirically.

1.3

Data and Institutional Setting

The paper makes use of a unique dataset containing detailed information on all corporate clients
of one of the four largest banks in Sweden.10 The dataset contains detailed information on
the contract and performance characteristics of all commercial loans between April 2002 and
December 2008 as well as information about the borrowing …rm. For each loan, we observe
the origination and maturity dates, type of credit, loan amount, interest rate, fees, collateral as
well as its subsequent performance. For each …rm, we observe its industry, ownership structure,
credit history, credit scores as well as the bank’s internal limit to the …rm—our key variable.
A bank’s internal limit to a …rm indicates the maximum amount that the bank is willing to
lend to the …rm. In economic terms, it indicates the amount for which the bank’s loan supply
becomes vertical. Hence, changes in the internal limit represent changes in loan supply. Loan
o¢cers are not allowed to grant loans that exceed the limit— they can only lend up to that
amount. The internal limits are not directly communicated to …rms as they do not involve a
commitment from the bank.11 This is in sharp contrast to credit lines that are communicated
and are typically committed.12
A …rm’s internal limit is determined based on the …rm’s repayment ability. It can change
during the so called “limit review” meetings, where the maximum exposure towards the …rm
is reevaluated. The meetings typically take place once a year on a date determined at the
end of the previous meeting, but they can be moved to an earlier date if the …rm’s condition
changes substantially (e.g., if the …rm has new investment opportunities or the …rm’s condition
deteriorates substantially). To determine a …rm’s internal limit, the committee makes use of both
to extend credit to a borrower could also be perceived as a positive signal about the borrower’s quality (e.g.,
Biais and Gollier (1997)). A signal from another lender could be particularly useful when the initial creditor is
relatively uninformed or the prospects of the borrower are uncertain.
10
The Swedish banking market is rather concentrated with the four largest banking groups accounting for
around 80 percent of total banking assets. At the end of 2003, there were a total of 125 banks established in
Sweden.
11
Although the internal limit is not directly communicated, …rms could indirectly learn their internal limits
when they become binding. We return to this in the next section when we discuss our methodology.
12
The extant empirical literature has employed lines of credit to study several aspects of the credit markets
such as credit constraints and default risk (see, for example, Su… (2009), Jiménez et al. (2009), and Norden and
Weber (2010)).
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internal proprietary information (e.g., the loan o¢cer’s evaluation report) as well as external
public information. For example, through the main Swedish credit bureau, Upplysningscentralen
(UC), the bank can observe whether the …rm had recent repayment problems with other banks
and non-bank counterparties, the …rm’s external rating, the number, amount, and value of
collateral on all outstanding bank loans as well as the number of loan applications. (The bank
identities are not revealed.) This information is updated monthly and at any point in time the
bank can obtain a report with historical data for the past twelve months.13
Hence, the Swedish institutional setting is such that banks know about past transactions
with other creditors and can learn quickly about the borrowers’ future borrowing. In addition,
Swedish …rms have few bank relationships (see e.g., Ongena and Smith (2000)). Non-exclusivity
events are therefore part of this institutional setting. This provides us with a unique opportunity
to study whether the theories on contractual externalities are at work by studying how the
internal limit changes following the origination of loans from another bank. (These loans are
not syndicated as otherwise the initial creditor can fully control the borrower’s loan taking
behavior.) As explained below, the bank’s response is benchmarked relative to otherwise similar
…rms.
To obtain additional information about the …rm, the bank dataset is merged with accounting
data from the main credit bureau, UC, and information from the Swedish registration o¢ce,
Bolagsverket. In particular, to determine a …rm’s age, the …rm’s date of registration is obtained
from Bolagsverket. The available information from Bolagsverket allows us (as well as current or
prospective lenders) to determine whether the …rm has posted collateral on any of its outstanding loans and observe whether a lender has a ‡oating charge on the …rm. Data on the value
and volatility of the ‡oating charge assets are obtained from the bank dataset and the …rm’s
accounting statements.14

1.4

Methodology

To test H1 and H2 we use a matching procedure. This procedure allows us to benchmark the
adjustment in the internal limit of …rms that obtain loans from other banks (the treatment group)
13

Information from the …rm’s annual accounting statements is also provided for corporations.
The law determines the types of assets that can be pledged under a ‡oating charge claim and the creditors’
rights when a borrower defaults. As of 2004, a ‡oating charge includes inventory, accounts receivable, equipment,
real estate, …nancial assets such as cash, bank deposits, bonds, and stocks and can be invoked during bankruptcy
like other collateral types (see Lag (2003:528) om Företagsinteckningar and Cerqueiro et al. (2011)). Banks
typically combine a ‡oating charge with a negative pledge clause to ensure the priority and value of the ‡oating
charge.
14
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with the adjustment in the internal limit of similar …rms that do not obtain loans from other
banks (the control group). Similar …rms are obtained by matching on several …rm characteristics
at the time of the non-exclusivity event. By matching, we minimize the likelihood that other
factors—besides the loans from other banks— are driving the observed adjustments. Next,
we describe in detail how our treatment and control groups are de…ned as well as the …rm
characteristics that we match on.
1.4.1

Treatment and Control Groups: De…nition and Descriptive Statistics

The treatment group consists of …rms that enter the sample with an exclusive relationship with
our bank and at some point during the sample period obtain a loan from another bank. (We
de…ne a relationship as exclusive if the …rm borrows only from our bank for at least one year
and we refer to the …rst loan(s) from other banks as “outside loan(s)”.) We identify whether a
…rm obtains an outside loan by comparing the bank’s total outstanding loans to the …rm with
the …rm’s total bank debt reported in the …rm’s annual accounting statements. This allows us
to once a year identify whether a …rm borrows from another bank.
To investigate how the bank responds to an outside loan, we compare the internal limits
around the time of the non-exclusivity event. Figure 1 illustrates our event window. Let indicate
when the …rm obtains a loan from another bank (i.e., when the non-exclusivity event takes place).
Let t0 indicate the time that the …rm’s …rst accounting statements following the non-exclusivity
event are reported (i.e., this is when we can …rst observe the outside loan(s)) and t0 -12 to indicate
the time of the …rm’s last accounting statements prior to the non-exclusivity event. Since the
bank decides on the internal limit once a year—during its annual limit review meeting— there
are two possibilities about the timing of any reaction following the non-exclusivity event: either
the meeting is held sometime between and t0 or it is held sometime between t0 and t0 +12.
Hence, to evaluate how the bank reacts to the non-exclusivity event we study the change in
bank’s internal limit between t0 -12 and t0 +12 (i.e., the Limitt0 +12

Limitt0

12

of the treated

…rms).15
[Insert Figure 1 about here.]
Due to the length of the event window and the available sample period, the treatment group
contains …rms that obtain a loan from another bank any time during the period 2004:04 to
15
If the …rm’s relationship with the bank is terminated prior to t0 +12, we use the last observed limit between
t0 and t0 +12. This involves 6% of the treated …rms. About 5% of Swedish …rms have accounting periods longer
than one year. We exclude those …rms from our sample.
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2007:12. Given that data are available between 2002:04 and 2008:12, this allows us to verify
that all …rms enter the sample period with at least one year of an exclusive relationship with our
bank and gives us one year after the last possible non-exclusivity event to observe the bank’s
limit at t0 +12. We omit …rms with an internal limit lower than SEK 100,000 (this corresponds
to around US$14,000) at time t0 -12 since such small exposures are typically determined rather
“mechanically”.16 Similarly, we do not include non-exclusivity events with amounts less than 1
percent of the …rm’s internal limit at t0 -12 as these may stem from noise in combining di¤erent
data sources and externalities are expected to be small (if any). Finally, since our goal is to
investigate how the bank’s loan supply reacts to the non-exclusivity event, we do not include
…rms whose internal limit at t0 -12 is binding (i.e., it is equal to their outstanding loans and
unused credit lines at t0 -12) and thus can be driven by both demand and supply factors.
This yields a total of 991 treated …rms. Figure 2 reports the number of treated …rms in each
year as a percentage of the …rms with an exclusive lending relationship for which the internal
limit is not binding. As can be observed in Figure 2, this percentage is fairly constant over time,
ranging between 4.5 and 5.5 percent, which is comparable to switching rates found in other
studies (e.g., using data from Portugal and Bolivia, Farinha and Santos (2002) and Ioannidou
and Ongena (2010) report rates of 4 and 4.5 percent per year, respectively).
[Insert Figure 2 about here.]
In Table 1 we compare the characteristics of the treated …rms relative to the “universe” of
…rms with our bank (i.e., all …rms with an outstanding loan at our bank during the sample
period).17 Compared to the “universe”, the treated …rms are faster growing …rms with more
tangible assets, lower cash ‡ows, higher risk of default (e.g., higher default probabilities, worse
credit ratings, and worse credit histories), larger limits relative to their assets, larger distance
to limit, and higher interest rates on outstanding debt.18 Overall, these di¤erences suggest that
the treated …rms are not a random draw of the population and highlight the importance of
controlling as much as possible for …rm characteristics that may in‡uence the bank’s internal
16
For example, …rms may hold a company credit card with a minimum amount. Since we want to focus on
strategic interactions, we do not include such automated decisions.
17
For the treated …rms, we report their characteristics just prior to the outside loan (i.e., at t0-12). Hence,
the number of observations is equal to the number of unique treated …rms. For the “universe”, we report their
characteristics for the period they maintained a lending relationship with our bank, which yields 51,164 …rm-year
observations for 19,197 unique …rms.
18
Approximately 60% of the average treated and control …rms’ debt is bank debt. Non-bank debt consists
almost entirely of trade credit for both the treated and the control …rms as most of these …rms do not have
access to the bond market, a typical characteristic of small and medium sized enterprises with single banking
relationships.
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limits as well as the probability of obtaining an outside loan. Our matching procedure is geared
to meet this challenge.19
[Insert Table 1 about here.]
We begin by identifying a possible set of control …rms. This includes …rms that, like the
treated …rms, have an exclusive relationship with our bank at t0 -12 for at least one year, but
unlike the treated …rms retain this exclusive relationship for at least until the end of the event
window, t0 +12.20 Using information from the accounting statements, the credit registry, and the
bank dataset we match the two groups with respect to several characteristics at the beginning
of the event window, t0 -12. By matching we select the sub-sample of treated …rms for which a
similar control …rm can be found and we benchmark the bank’s adjustment in the limit relative
to the “matched control” …rm over the same period (i.e., using ((Limitt0 +12 Limitt0
(Limitt0 +12

Limitt0

12 )treated

12 )control )).

The matching variables are selected with respect to factors that are acknowledged by the
bank to be instrumental in its determination of the limits as well as variables that are identi…ed
in the literature to a¤ect a …rm’s likelihood of obtaining an outside loan (i.e., the likelihood of
replacing or adding a banking relationship).21 Hence, apart from matching on calendar-time,
the identity of the initial bank, and key relationship characteristics through the way we de…ne
the eligible set of control …rms, we also match on several …rm characteristics. This includes
publicly observable …rm characteristics as well as characteristics that might only be observable
to the initial bank (i.e., proprietary information gathered through past interactions).
The set of publicly observable …rm characteristics includes industry, age, size, asset growth,
tangible assets, cash ‡ows, indicators of leverage such as total debt to total assets and total
bank debt to total assets, external credit rating, and indicators of recent repayment problems.
Some of these variables are observable (to us and other banks) through the …rm’s accounting
statements. Others are observable through the credit registry. To control for bank proprietary
information we also match on the …rm’s internal limit, the distance to limit (i.e., the di¤erence
19
We rely on matching per individual …rm characteristic rather than on a propensity score. This matching
procedure ensures …rms are similar on all …rm characteristics. The propensity score methodology is often criticized
because the same score may be given to …rms with very di¤erent characteristics.
20
In robustness checks, presented in Section 5.1.2, we also require that the control …rm got a loan from the
initial bank of similar size to the treated …rm’s outside loan between t0-12 and t0 (i.e., we require that during the
same period the matched …rms had a similar demand for loans).
21
See, for example, Detragiache et al. (2000), Ongena and Smith (2001), Farinha and Santos (2002), Berger
et al. (2005), and Gopalan et al. (2011). Our bank was not involved in a merger during our sample period (see,
for example, Sapienza (2002) and Degryse et al. (2011) for the e¤ects of bank mergers on loan contracts and
incentives to seek outside loans).
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between the …rm’s internal limit and its outstanding bank debt and committed but unused credit
lines), and the interest rate on the most recently originated inside loan.22 The internal variables
can be particularly useful in capturing relevant …rm characteristics that are unobservable to us,
but observable to the initial bank and thus key in the determination of the …rm’s internal limit
and incentives to seek an outside loan. These internal variables are included only in our most
conservative matching set (Match 2) as they come at the expense of degrees of freedom. Table
2 summarizes and de…nes our matching variables.
[Insert Table 2 about here.]
The matching exercise yields 1,421 pairs corresponding to 350 treated …rms and 1,170 control
…rms (Match 1).23 When we also match on the internal variables, the sample is reduced to 549
pairs with 207 treated …rms and 507 control …rms (Match 2). The descriptive statistics of the
two “matched treated” groups are reported in Table 1 to facilitate comparison with respect to
the 991 treated …rms that we identi…ed and the “universe” of …rms with our bank. The treated
…rms for which a match can be found are overall better than their 991 treated counterparts.
They are older …rms, with more tangible assets, higher cash ‡ows, higher leverage ratios, and
a lower risk of default (e.g., lower default probabilities and perfect credit histories). They also
have smaller outside loans relative to their total assets.
1.4.2

Empirical Speci…cations

Using the matched samples, we estimate the following baseline model:

y=

(1)

+ ";

where y is the di¤erence in the adjustment of the internal limit between the “treated” …rms and
their matched “control” …rms scaled by their respective total assets at t0 -12 (we refer to this
variable as the bank’s “standardized response”):

y=

Limitt0 +12 Limitt0
T otalAssets

12
treated

Limitt0 +12 Limitt0
T otalAssets

12

:
control

22
When a …rm has more than one recently originated loan outstanding at t0 – 12, we use the highest interest
rate among those loans. Similar results are obtained if we use the average interest rate or the bank’s internal
rating instead. Matching on the interest rate as opposed to ratings is preferred for the speci…cations presented in
the tables because the ratings are sometimes missing.
23
Each treated …rm can be matched with more than one control …rm. Similarly, a control …rm could be a
match for more than one treated …rm. Treated …rms without a match are dropped.
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The dependent variable is scaled by total assets to enhance comparability across …rms of di¤erent
size and we use total assets prior to the outside loans to avoid endogeneity problems.

is the

constant term, and " is the error term in equation (1).
The model is estimated using OLS with the standard errors clustered at the treated …rmlevel. Because each treated …rm can be matched with multiple …rms, the point estimates are
adjusted by weighting the observations by one over the number of matched control …rms for
each treated …rm as in Ioannidou and Ongena (2010).24 A negative and statistically signi…cant
indicates that banks decrease their loan supply when a …rm originates a loan from another
bank, consistent with the theories on contractual externalities and H1. It also implies the net
empirical dominance of these theories over alternative theories that predict an increase in the
initial creditor’s willingness to lend.
To examine whether the bank’s response varies with the size of the outside loan we augment
equation (1) by adding the size of the outside loan scaled by total assets at t0 -12, OutsideLoan,
as an explanatory variable:25

y=
The constant term,

+

1 OutsideLoan +

(2)

":

, measures the bank’s response when the OutsideLoan is zero, while

1

measures the degree to which the bank’s response varies with the size of the outside loan. A
negative

1

would be consistent with H1.

and a zero or not statistically signi…cant

To test H2, we augment equation (2) by introducing an interaction between the OutsideLoan
and the degree to which the initial bank’s claims are protected, Z:

y=
The constant term,

+

1 OutsideLoan +

2 OutsideLoan

Z+

3Z

+ ":

(3)

, measures the bank’s response when the OutsideLoan is zero and its

claims are not protected.

1

measures the degree to which the bank’s response varies with the

OutsideLoan when its claims are not protected and

2

response when its claims are protected. Finally,

measures the bank’s response when its

3

measures the di¤erence in the bank’s

24
As discussed later, the results are robust to using di¤erent estimation techniques (e.g., clustering the standard
errors with respect to both the treated and the control …rm as discussed in Cameron et al. (2006), Thompson
(2006), and Petersen (2009) or using one observation per treated …rm by randomly selecting one of the matched
control …rms—when the matching procedure yields multiples— and clustering the standard errors at the control
…rm-level).
25
To avoid scaling the dependent and independent variables by the same variable we also estimated our model
using (Limitt0+12 Limitt0 12 )treated (Limitt0+12 Limitt0 12 )control ) as an alternative dependent variable.
All results were qualitatively and quantitatively very similar to those presented later in the paper and are available
upon request. The same holds for results on equation (1) and (3).
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not statistically signi…cant

and

3

1,

a positive
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2,

and a zero or

would be consistent with H2.

To capture the degree to which the bank’s claims are protected, Z, we mainly employ three indicators: a dummy variable indicating whether the bank has a ‡oating charge on the …rm’s assets
(F loatingCharge) as well as two qualifying variables regarding the value of the ‡oating charge
assets (F loatingChargeV alue) and the volatility of their values (F loatingChargeV olatility).
The F loatingChargeV alue is equal to the value of the ‡oating charge assets as reported by the
bank, scaled by committed bank debt at t0 -12 (i.e., outstanding debt plus unused credit lines).
The F loatingChargeV olatility is equal to the volatility of earnings in the three years preceding
t0 -12 divided by the …rm’s average assets over that period.
[Insert Table 3 about here]
Table 3 provides descriptive statistics on the characteristics of treated …rms with and without
a ‡oating charge using our most conservative set of matching variables (Match 2). The two
groups of …rms are remarkably similar. The only statistically signi…cant di¤erence between
them is with respect to age and asset growth: …rms with a ‡oating charge are younger with
somewhat slower growth. With respect to other characteristics, they appear to be of a slightly
lower quality (with less tangible assets, lower cash ‡ows, a somewhat higher probability of
default, and worse external ratings). These di¤erences, however, are not statistically signi…cant.

1.5

Results

We now test our two hypotheses. We …rst document the bank’s average reaction after the …rm
obtains a loan from another bank and the degree to which the bank’s reaction depends on the size
of the outside loan (H1). We then subject these results to several robustness checks with respect
to possible endogeneity issues as well as possible alternative explanations for our …ndings and
then examine the degree to which the bank’s response is mitigated when its claims are protected
(H2).
1.5.1

Non-Exclusivity Externalities and the Size of the Outside Loan: Test of H1

1.5.1.1 Main Results
Table 4 reports our …ndings with respect to H1. Column (I) reports the bank’s average response
(i.e., equation (1)). Column (II) documents how the bank’s response varies with the size of the
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outside loan (i.e., equation (2)). For both speci…cations we match the “treated” and “control”
…rms with respect to all the variables discussed above except for the bank-internal variables—
the latter are added in corresponding speci…cations reported in Columns (III) and (IV).26 As
mentioned earlier, matching on the internal variables allows us to better control for unobserved
…rm heterogeneity.
[Insert Table 4 about here.]
Regardless of our set of matching variables, we …nd a negative and statistically signi…cant
constant term (i.e., the

in equation (1)), consistent with H1. In terms of magnitudes, we …nd

that the “treated” …rms’ internal limit to total assets ratios drop on average by 6.6*** (Column
(I)) and 6.2*** (Column (III)) percentage points more than the ratios of similar “control”
…rms.27 This amounts to a drop in the treated …rms’ average internal limit to total assets ratio
of 15 and 14 percent, respectively. All in all, these results are consistent with banks adjusting
their internal limits downwards in view of the negative externalities resulting from the outside
loans.
Consistent with this interpretation we also …nd that the bank decreases its internal limit
more, the larger the outside loan. In terms of magnitudes, we …nd that the coe¢cient of
the OutsideLoan (i.e., the outside loan to total assets ratio) in equation (2) ranges between
-0.335*** (Column (II)) and -0.408*** (Column (IV)), depending upon the matching variables,
whereas the constant term is not di¤erent from zero. In terms of economic signi…cance, a 1standard deviation increase in the OutsideLoan (which is around 0.25 in both matched samples)
induces a drop in the limit to total assets by 0.084 to 0.11 (i.e., -0.335*0.25 in Column (II) and
-0.408*0.269 in Column (IV)). This amounts to a drop in the average treated …rm’s limit to
total assets ratio of 19.6 to 24.4 percent, respectively. The estimated coe¢cients in Columns
(II) and (IV) also imply that $1 from another bank leads to a drop in the internal limit by 34
to 41 cents, respectively.28
26
Theses speci…cations are estimated using OLS, weighting the observations by one over the number of control
…rms per treated …rm and clustering the standard errors with respect to the treated …rm. Similar results are
obtained if the standard errors are clustered with respect to both the treated and the control …rm. This procedure,
however, does not allow for weighting the observations. Hence, we also estimate the model using one observation
per treated …rm by randomly selecting one of the matched control …rms and clustering the standard errors with
respect to the control …rm. Results are again similar with those presented in Table 4.
27
***, **, * indicate statistical signi…cance at the 1, 5, and 10 percent levels, respectively.
28
The change in the treated …rm’s limit at t0 +12 following a change in outside loan at t0 is equal to 1 . This
is obtained by multiplying both sides of equation (2) with the treated …rm’s total assets at t0 and then taking the
derivative with respect to the size of the outside loan. This is possible because the scaling variable, total assets
at t0 -12, is not a function of the outside loan.
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All in all, our …ndings suggest that the initial bank decreases its loan supply once borrowers
become non-exclusive and it decreases it more the larger the outside loans, consistent with
the theories on contractual externalities. Our estimates should be viewed as a lower bound
on the e¤ect of the negative externalities on credit availability. There are several reasons for
this. A …rm’s initial limit, for example, could already be lower re‡ecting the anticipation of an
outside loan. Alternatively, contractual features (such as collateral and other covenants) may
allow banks to mitigate the negative externalities for a sub-sample of …rms, resulting in a lower
average adjustment. Finally, the alternative theories which predict an increase in the limit might
also be at work. Next, and before turning to H2, we discuss several robustness checks.
1.5.1.2 Robustness Checks: Alternative Explanations and Additional Controls
We begin by investigating whether our …ndings are driven by alternative explanations such as
reverse causality, omitted variable bias, and reduced ability to extract rents. For all cases, to
conserve space we report results for our most conservative matching set, Match 2, which allows
us to better control for unobserved …rm heterogeneity.
[Insert Table 5 about here.]
One possibility is that our …ndings are driven by reverse causality: a prior and gradual
reduction in the internal limit has pushed the …rm to another bank. To investigate this possibility
we examine how the internal limit behaves in the period just prior to the non-exclusivity event
i.e., t0 –24 and t0 –12. Re-estimating equations (1) and (2) using the earlier timing for our
dependent variable, we …nd no evidence of reverse causality as both and are close to zero and
not statistically signi…cant (see Table 5, Columns (I)-(II)). Note further that failure to increase
the limit and accommodate the growing needs of a …rm could also be a reason to seek outside
loans, but this explanation does not account for our …ndings as it does not predict a decrease
in the internal limit. In the absence of any externalities, a …rm’s internal limit is not expected
to change.29
A second possibility is that our …ndings are driven by an omitted variable bias. Firms
with private information about deteriorating future performance may have incentives to secure
additional credit before their bank and other potential creditors learn this. Hence, the decreases
in the internal limit that we document could be adjustments to the news about their performance.
29
This alternative explanation could have accounted for our …ndings if instead of the internal limit we were
using the …rm’s outstanding debt at the initial bank, which often decreases over time as …rms add or replace
relationships (see Farinha and Santos (2002)).
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(Our internal variables control for factors that are observable to the initial bank, and thus do
not account for this possibility.) To investigate this possibility we re-estimate equations (1)
and (2) for the sub-sample of high quality …rms (with a probability of default < 2 percent and
no recent repayment problems at t0 –12) whose condition did not deteriorate during the event
window. As can be observed in Columns (III)-(IV) of Table 5, the results are slightly stronger
than those presented earlier in Table 4, suggesting that our …ndings are not driven by this
alternative channel.
Next, we also investigate whether the observed decreases in the internal limit are driven by
reduced ability to extract informational rents. Proprietary information gathered over the course
of a bank-…rm relationship might allow banks to extract rents from opaque …rms that …nd it
di¢cult to switch to other credit providers (see, for example, Sharpe (1990), Rajan (1992), and
von Thadden (2004)). Although an outside loan would imply a reduced ability to extract rents,
it is unclear that it should lead to a decrease in the bank’s willingness to lend to the borrower.
The initial bank might temporarily become more aggressive in an attempt to win the “switching”
borrower back. (This is in fact consistent with evidence in Ioannidou and Ongena (2010) who
…nd that subsequent loans to “switching” customers are priced even more competitively than
the …rst loan.) Nevertheless, to investigate whether our …ndings are driven by a reduced ability
to extract rents, we re-estimate equations (1) and (2) using the amount of …xed fees on lending
products to total assets at t0 –12 as an indicator of possible rent extraction. As can be observed
in Columns (V)-(VI) of Table 5 the results do not support this alternative explanation: our
key coe¢cients remain unchanged, while the estimated coe¢cients of fees to total assets are
statistically not signi…cant in both speci…cations.
Before turning to H2, we also investigate the robustness of our …ndings to a more stringent
set of matching variables. In particular, to better control for investment opportunities, we
further require that between t0 –12 and t0 the matched control …rm got an inside loan of similar
size to the treated …rm’s outside loan (i.e., we require that both the treated and the matched
control …rms had similar demands for loans in the same period). As can be observed in Columns
(VII)-(VIII) of Table 5, results are even stronger than those presented earlier— although the
number of observations is substantially reduced. Finally, to better control for the strength of a
bank-…rm relationship, we also match on the length of the …rms’ relationships with the initial
bank. As can be observed in Columns (IX)-(X), the results are similar with those presented
earlier.
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We now turn to H2, which we believe is also important for identi…cation purposes as alternative explanations for our …ndings do not have predictions in line with H2. For example, if
banks are reducing their limits because of reduced ability to extract rents (and not because of
the negative externalities associated with the outside loans) as discussed above, their reaction
is not expected to vary with the degree to which their claims are protected. A similar argument
could be made for a possible reallocation of internal limits between borrowers in the presence of
limit constraints at the bank level.
1.5.1.3 Protection of the Initial Bank’s Claims: Test of H2
Table 6 presents our …ndings with respect to H2. We …rst estimate the model in equation (3)
using the F loatingCharge dummy for our key explanatory variable Z. As mentioned earlier, a
‡oating charge is a special form of collateral that automatically carries over to future loans and
thus allows the bank’s existing, but also future loans to retain seniority over outside loans. The
bank’s loans are also secured by the assets under the ‡oating charge. The degree of protection
depends on the value of the pledged assets as well as the volatility of their values. Hence, we also
estimate the model using F loatingChargeV alue and F loatingChargeV olatility for Z. Results
with respect to other collateral types, are also presented to better understand the role of the
‡oating charge.
[Insert Table 6 about here.]
All speci…cations are estimated for both Match 1 (Columns I-IV) and Match 2 (Columns
V-VIII). Results are qualitatively very similar between them. Hence, to conserve space we only
discuss the results using Match 2— our most conservative and preferred set of matching variables.
In Column (V), the coe¢cient of the OutsideLoan,
interaction term with the F loatingCharge,

2,

1,

is -0.496***, while the coe¢cient of the

is 0.515***, resulting in a combined coe¢cient

of 0.019, which is neither economically nor statistically di¤erent from zero. Consistent with H2,
we also …nd that the coe¢cient of the F loatingCharge,

3,

is close to zero and not statistically

signi…cant. These …ndings suggest that when the initial bank’s claims are protected through a
‡oating charge, the bank does not react to the outside loan. Instead, when the bank’s claims
are not protected, $1 from another bank leads to a drop in the internal limit by 50 cents.
Next, we study how the bank’s response varies with the characteristics (value and volatility)
of the ‡oating charge assets. As can be observed in Column (VI) of Table 6, any given outside
loan triggers a smaller reaction, the larger the value of the ‡oating charge assets. The opposite is
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true for volatility. A ‡oating charge on assets whose values are volatile triggers a larger reaction.
In particular, the coe¢cient of the OutsideLoan,

1,

is -0.496***, while the coe¢cient of the

interaction terms with value and volatility are 1.437*** and -8.100*, respectively. In terms
of economic signi…cance, our estimates indicate that a 1-standard deviation increase in the
F loatingChargeV alue (i.e., by 0.266), decreases the bank’s response to the OusideLoan by 0.38
(i.e., 1.437*0.266). Similarly, a 1-standard deviation increase in the F loatingChargeV olatility
(i.e., by 0.048), increases the bank’s response to the OutsideLoan by 0.39 (i.e., 8.1*0.048).30
To further understand the role of the ‡oating charge, we also investigate the bank’s response
when its claims are protected through other collateral types (this includes …xed charge claims,
pledges and liens). Our indicator, OtherCollateral, is a dummy variable that equals one when
the bank’s existing debt is only secured with other types of collateral (whose value relative to the
outstanding loan is greater or equal to 80 percent), and it is equal to zero otherwise. Everything
else equal, these other collateral types should be less e¤ective as they do not necessarily allow
the bank’s future loans to retain seniority over outside loans and they do not automatically carry
over to the bank’s future loans. They could, however, help mitigate some of the externalities
insofar as the fear of losing the pledged assets mitigates the increased moral hazard associated
with the higher levels of debt.
Results presented in Columns (VII) of Table 6 suggest that this is not the case. The coe¢cient
of the OutsideLoan,

1,

is -0.377**, while the coe¢cient of the interaction term,

2,

is 0.007.

Including the F loatingCharge and OtherCollateral variables in the same speci…cation yields
similar results. In particular, in Column (VIII) the coe¢cient of OutsideLoan*F loatingCharge
is 0.500*** whereas the coe¢cient of OutsideLoan*OtherCollateral is -0.007, suggesting that
the presence of a ‡oating charge mitigates the negative contractual externalities, while other
collateral does not. All in all, these …ndings suggest that the explanatory power of the ‡oating
charge may rest on its ability to protect not only the bank’s current but also future loans.

1.6

Conclusions

Credit contracts are non-exclusive. While a set of theoretical papers study the impacts of
non-exclusivity on the initial creditor’s behavior, up to now, no empirical study has directly
investigated the impact of non-exclusivity on the initial creditor’s willingness to lend. In this
paper, we aim to …ll this gap by employing a unique dataset that allows for the …rst time to
30
This …nding is consistent with Bennardo et al. (2009) who argue that volatile collateral values magnify the
negative contractual externalities.
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directly investigate how a bank’s willingness to lend changes when an exclusive borrower obtains
loans from another bank. This would not be possible using data on the outstanding level of credit
as this is an equilibrium outcome driven by both demand and supply factors.
Our …ndings are consistent with the theories on contractual externalities. We …nd that when
a previously exclusive …rm obtains a loan from another bank, the …rm’s initial bank decreases
its internal limit to the …rm and it decreases it more the larger the size of the outside loans.
We further show that our …ndings are not driven by alternative explanations such as reverse
causality, omitted variable bias, or a reduced ability to extract rents. Consistent with the
theoretical literature on contractual externalities, we also …nd that the initial bank’s willingness
to lend does not change when its existing and future loans are protected from the increased risk
of default. In particular, we …nd that an outside loan does not trigger any change in the initial
bank’s willingness to lend if its existing and future loans retain seniority over the outside loans
and the claims are secured with assets whose value is high and stable over time.
Although our analysis focuses on credit markets, the insights drawn extend to other markets
such as the insurance and credit default swaps markets, where the externalities resulting from the
non-exclusivity of …nancial contracts have recently played a pivotal role in the current …nancial
crisis. The collapse of AIG and Lehman Brothers has only highlighted the pressing need for
an improved institutional framework that could help the involved parties to better evaluate
and internalize the externalities. Consistent with the theoretical literature, our results highlight
that information on counterparty exposures combined with contractual features, such as general
collateral that extends to future exposures, could mitigate the externalities from counterparty
risk.
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Note.— This …gure describes the event window in months. Firms enter the event window with an exclusive
lending relationship with our bank. At time t0 an outside loan, originated at t’, is observed through the …rm’s
accounting statements. The window [t0 -12, t0 +12] captures the bank’s response to an outside loan.
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Note.— This …gure reports the number of treated …rms in each year as a percentage of the …rms with an exclusive
relationship with our bank for the two prior years for which the limit is not binding.
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Note.— We report the mean, median and standard deviation (SD) for the treated group, the universe, the
matched treated groups after the …rst (Treated (Match 1)) and second matching procedure (Treated (Match 2)).
The matching variables and procedure are in Table 2. *, **, and *** reported next to the mean and median
values of the universe and matched treated groups indicate whether the corresponding values are statistically
di¤erent relative to the treated group at the 10, 5, and 1 percent levels, respectively. Di¤erences in means are
assessed using the Student’s t-test. Di¤erences in medians are assessed using the Wilcoxon-Mann-Whitney test
for continuous variables and the Pearson’s Chi-square test for categorical variables.

Note.— The table reports the variables included in the two matching procedures (Match 1 and Match 2), the number of possible values (#) and a list of values
for each matching variable. Variable de…nitions are in Table 1. variables.
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Note.— We report the mean, median and standard deviation (SD) of the characteristics of …rms with and without
‡oating charge included in Match 2. Variable de…nitions are in Table 1. *, **, and *** reported next to the mean
and median values of the no ‡oating charge group indicate whether the corresponding values are statistically
di¤erent relative to the ‡oating charge group at the 10, 5, and 1 percent levels, respectively. Di¤erences in means
are assessed using the Student’s t-test. Di¤erences in medians are assessed using the Wilcoxon-Mann-Whitney
test for continuous variables and the Pearson’s Chi-square test for categorical variables.
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Note.— The table reports results from matched regressions relating the standardized response in the internal limit
to a constant term (Columns (I) and (III)) and to OutsideLoan (i.e. the size of the loan at another bank divided
by total assets at t0 -12; Columns (II) and (IV)). Columns (I) and (II) report the results for the …rst matching
procedure (Match 1) whereas Columns (III) and (IV) those for the second procedure (Match 2). The de…nitions
of all variables and matching procedures are provided in Tables 1 and 2, respectively. We weight each observation
by one over the number of matched control …rms for each treated …rm. T-statistics calculated on robust standard
errors, clustered on a treated-…rm level, are reported in parentheses. ***, **, and * indicate signi…cance at the 1,
5, and 10 percent level, respectively.

Note.— The table reports results for Match 2. Columns (I) and (II) report results on reverse causality, where the dependent variable is the standardized response
one year before the treatment (i.e., [(Limitt0 12 Limitt0 24 )=T otalAssetst0 24 ]T reated [(Limitt0 12 Limitt0 24 )=T otalAssetst0 24 ]Control ).
All remaining Columns study the standardized response over our regular event window (i.e., [(Limitt0 +12
Limitt0 12 )=T otalAssetst0 12 ]T reated
[(Limitt0 +12 Limitt0 12 )=T otalAssetst0 24 ]Control ). Columns (III) and (IV) address a possible omitted variable bias, where speci…cations are estimated
using the sub-sample of …rms whose condition did not deteriorate during the event window (i.e., …rms for which the probability of default at t 0 +12 is smaller
than the probability of default at t0 -12 and have no repayment problems during the event window). Columns (V) and (VI) display results on rent extraction by
including the ratio of fees to total assets as an explanatory variable. In Columns (VII) and (VIII) we require that between t0 -12 and t0 the matched control …rm
got an inside loan of similar size to the treated …rm’s outside loan to control for di¤erent investment opportunities. Finally, in Columns (IX) and (X) we add
relationship length as an additional matching variable in Match 2 (we match using a +/- 3 years window). We weight each observation by one over the number of
matched control-group …rms for each treated …rm. T-statistics calculated on robust standard errors, clustered on a treated-…rm level, are reported in parentheses.
***, **, and * indicate signi…cance at the 1, 5, and 10 percent level, respectively.
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Note.— The table reports results from matched regressions relating the standardized response in the internal limit to a set of explanatory variables. Columns (I)
to (IV) report the results for the …rst matching procedure (Match 1) whereas Columns (V) to (VIII) report the corresponding results for the second matching
procedure (Match 2). The de…nitions of all variables are provided in Table 1. We weight each observation by one over the number of matched control-group …rms
for each treated …rm. T-statistics calculated on robust standard errors, clustered on a treated-…rm level, are reported in parentheses. ***, **, and * indicate
signi…cance at the 1, 5, and 10 percent level, respectively.
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Chapter 2
Trade Credit and the Propagation of Corporate Failure: An Empirical Analysis
Abstract: We quantify the importance of trade credit chains for the propagation of corporate
bankruptcies. Our results show that trade creditors (suppliers) that issue more trade credit are
more exposed to trade debtor (customer) failures, both in terms of the likelihood of experiencing
a debtor failure and the loss given failure. We further document that the credit loss invoked
by a debtor failure imposes a substantially enhanced bankruptcy risk on the creditors. The
propagation mechanism is mitigated for creditors that are less levered, cash rich, and highly
profitable, and enhanced in R&D intense industries and during economic downturns.

2.1

Introduction

By issuing trade credit, firms provide short-term financing to their customers (see, e.g., Petersen
and Rajan 1997). In most countries, trade credit is an instrumental component of firms’ capital
structure (Raddatz 2010). Rajan and Zingales (1995) document that the average amount of
accounts payable to total assets is around 15 percent for a sample of U.S. firms and we find
a corresponding average for Swedish corporate firms of around 13 percent (see Table 2). The
amount of accounts payable can be compared with regular short-term bank financing to total
assets for U.S. and Swedish corporate firms averaging 7 and 5 percent, respectively.1 This suggests that trade credit weakly dominates short-term bank financing in sheer size and importance
in both U.S. and Sweden. The empirical literature on trade credit has so far emphasized the
role of liquidity provision and insurance, but largely ignores the credit risk aspects. This paper
aims at shedding more light on the latter.
At the micro level, inter-firm linkages introduced by trade credit are potentially important
carriers of credit risk between firms. A trade debtor (customer) in bankruptcy will almost
surely default on the claims held by the trade creditors (suppliers), and thus exert a credit loss
on them. This loss could, in turn, push the trade creditors into financial distress and subsequent
1
In this context it is also relevant to consider bank lines of credit. One of the largest Swedish retail banks
display commited-credit-lines-to-assets averaging 15 percent and drawn-credit-lines-to-assets averaging 6 percent
for the period 2003 to 2008, see Degryse, Ioannidou, and von Schedvin (2012) for details on that data set. Sufi
(2009) report very similar numbers for a sample of US firms: 16 percent for committed-credit-lines-to-assets and
6 percent for drawn-credit-lines-to-assets. Trade credit volumes are thus comparable to regular short-term bank
credit volumes even when measuring the latter broadly.
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bankruptcy. Recent survey evidence – for a sample of U.S. firms – lists non-payments by
trade debtors as the prime cause of financial distress and bankruptcy (see Bradley and Rubach
2002), highlighting the credit risk firms face when issuing trade credit. At the macro level,
the inter-firm linkages imposed by the widespread use of trade credit implies that it potentially
is an important channel through which aggregate shocks are transmitted and amplified in the
economy.2
Although the credit chains induced by trade credit are likely to propagate corporate failures
and exacerbate aggregate shocks, there is limited empirical work exploring this presumption,
most likely due to data limitations. The existing empirical evidence is on the financial side or
indirect. Hertzel, Li, Oﬃcer, and Rodgers (2008) show that suppliers of goods to firms that enter
financial distress experience negative stock price returns around the distress date. Boissay and
Gropp (2007) explore the liquidity insurance aspect of trade credit and document that firms are
likely to postpone their own trade credit payments as a response to late payments by their trade
debtors. Furthermore, Radatz (2010) shows that an increased usage of trade credit, linking two
industries together, is associated with a higher output correlation between the industries. Taken
together, these empirical findings support the trade credit propagation hypothesis. However,
there is a gap in the existing literature regarding direct empirical evidence on the role of trade
credit for the propagation of corporate failures, which is the concern of this paper.
Towards this end, we have compiled a vast data set for the universe of Swedish corporate
firms over the period 1992 to 2010, based on their yearly accounting statements. In addition,
we have precise information on suppliers and customers from a trade credit perspective, their
bankruptcy dates, and the sizes of the claims involved. Thus, we know whether a firm, in its
role as a trade creditor, experienced a trade debtor failure, when it happened, and the size of
the claim. This data set provides an opportunity to empirically gauge the risks associated with
trade credit issuance. We do this along two dimensions. Firstly, we relate the issuance of trade
credit to the likelihood of experiencing a trade debtor failure, and the size of the loss given
failure. This initial exercise quantifies the credit risks involved in trade credit. Secondly, we
then explore the bankruptcy risk that a trade debtor failure imposes on its trade creditors. The
later exercise provides insights on the importance of trade credit chains for the propagation of
corporate failures.
The main results can be summarized as follows. Our descriptive statistics show that the
2

See, for example, Kiyotaki and Moore (1997), Cardoso-Lecourtois (2004), Boissay (2006), and Battiston,
Gatti, Gallegati, Greenwald, and Stiglitz (2008) for theoretical work along these lines.
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annual fraction of firms that experience at least one trade debtor failure is around 9 percent over
the sample period; hence, the credit losses resulting are a frequent phenomenon. 19 percent of the
bankrupt firms experienced a trade debtor failure around their bankruptcy event, which suggests
that the credit losses are not negligible in eﬀect. The fraction of bankrupt firms that experienced
a trade debtor failure is higher during economic downturns. An extreme example is the Swedish
banking crisis in the early 1990s where we observe that 33 percent of the bankruptcies were
associated with a trade debtor failure. These descriptive results suggest that the credit chain
propagation mechanism described in Kiyotaki and Moore (1997) is at play. The inter-firm
linkages imposed by trade credit give rise to and propagate credit losses throughout the economy.
In this vein, controlling for firm-specific characteristics, we document that firms that issue
more trade credit have a higher likelihood of experiencing a trade debtor failure, and are also
exposed to larger trade credit-related losses. Not surprisingly, our results confirm that trade
debtor failures induce a substantially enhanced bankruptcy risk on trade creditors. We estimate
an average marginal eﬀect implying an increase in annual creditor failure risk by around 2
percentage points when hit by a debtor failure. In comparison with the average unconditional
annual failure risk of 2 percent, a trade debtor failure thus increases creditor failure risk by 100
percent at the mean. We also show that this risk is increasing in the size of the trade credit
losses.
Based on a set of robustness tests we conclude that creditors increased failure risk is mainly
driven by the credit losses following debtor failures. More specifically, we challenge this baseline
result by exploring to which extent common shocks and demand shocks oﬀer alternative explanations. However, controlling for combinations of time-, industry-, and location-fixed eﬀects, we
find no support that the risk imposed on the trade creditor through a trade debtor failure is due
to a spurious correlation arising from a common shock that simultaneously hit both firms. In
contrast, demand shocks – to a degree – play a role. We find that the propagation mechanism
is enhanced in R&D intense industries where supplier-customer relationships are expected to
be more important, i.e., for such creditors involved in the production of specialized goods and
services making them more vulnerable to shortfalls in demand. Nevertheless, although demand
shocks matter, overall our robustness analysis shows that the enhanced risk mainly is driven by
the credit losses.
There are several important cross-sectional determinants of trade debtor failure induced
bankruptcy risk. Firstly, the credit loss imposed by a trade debtor failure implies that the
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value of the creditor’s assets is reduced. A trade debtor failure may thus push the creditors
into balance-sheets-based insolvency, i.e., the value of the liabilities exceeds that of the assets.
Accordingly, we find that the propagation mechanism is enhanced for highly levered firms.
Secondly, the credit loss imposes a shock to the creditor’s liquidity holdings. Thus, if the
credit loss is suﬃciently large then it may push the creditor into cash-flow-based insolvency,
i.e., a shortage of liquid assets to cover debt payments and ongoing expenditures. Along these
lines, Kiyotaki and Moore (1997) predict that firms with "deep pockets" (cash rich) and high
cash flows are less exposed to a trade debtor failure. Consistent with these predictions we
show that the propagation mechanism is mitigated for creditors that are cash rich and highly
profitable. Finally, we document that the risk imposed by a trade debtor failure is countercyclical, increasing in economic downturns.
Our paper is closest related to that by Boissay and Gropp (2007). They work with a similar
data set and document that trade creditors are likely to respond to late trade debtor payments
by, in turn, postponing their own trade credit payments. A liquidity shock is shown to be
transmitted along the trade credit chain until it reaches a trade creditor with access to external
financing and the ability to absorb the liquidity shock. This important result suggests that trade
credit chains function as an insurance mechanism by allocating liquidity from unconstrained to
constrained firms. However, unlike the present paper, their empirical analysis does not provide
direct insights on the propagation of corporate bankruptcies through trade credit.
The results in this paper are further related to the trade credit literature by rationalizing
the pricing of trade credit contracts. More specifically, as documented by Boissay and Gropp
(2007), trade creditors provide liquidity insurance to their debtors. Cuñat (2007) suggests that
the creditors price the insurance mechanism, which explains the high implicit interest rates of
trade credit. Our results show that trade credit issuance is frequently associated with credit
losses. Thus, credit risk is an additional factor that is likely to be incorporated in the pricing of
trade credit contracts, explaining why trade credit appears so expensive.
A somewhat more general take on the importance of a trade credit channel and trade debtor
failure triggered credit losses for corporate failures is (indirectly) suggested by Das, Duﬃe,
Kapadia, and Saita (2007). They ask the question why corporate defaults cluster in time, and
note that one candidate explanation is default contagion. Das et al. empirically test whether
there is evidence for excess default correlation, over and above that implied by the correlation of
firms’ risk factors determining their conditional default probabilities. The tests are, in general,
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rejected for models taking account of idiosyncratic as well as common risk factors, but not of
contagion per se. Our results suggest that trade credit shocks capture default contagion and
could well be the missing link explaining corporate failure clustering.
The remainder of this paper is structured as follows. The next section details our data
resources, the institutional setting, and provides some descriptive statistics. The empirical
results are presented in Section 3. We will first address the relationship between use of trade
credit and trade debtor failure risk, and then examine losses given trade debtor failure. We then
tackle bankruptcy risks for trade creditors imposed by trade debtor failures and also examine
cross-sectional determinants of these risks. Section 4 concludes.

2.2

Data, Institutional Setting, and Descriptive Statistics

In this section we first outline the data that we explore in the empirical section and describe the
institutional setting with a focus on the Swedish bankruptcy code. We then proceed by providing
descriptive statistics that highlight the risks that trade debtor failures impose on trade creditors.

2.2.1

Data and institutional setting

From the leading Swedish credit bureau, Upplysningscentralen AB (UC), we obtain records of
corporate firm bankruptcies, over the period 1992 to 2010. According to Swedish bankruptcy
code, either the firm itself or any individual creditor can file for bankruptcy.3 The bankruptcy
case is filed to a district court, which will initiate the bankruptcy procedure if the firm is insolvent
and if it is highly unlikely that the firm will become solvent again within a near future. If the
court approves the bankruptcy filing then control rights are immediately transferred from the
firm’s management to a court-appointed trustee. The trustee continues the bankruptcy process
by constructing an inventory of the firm’s assets and liabilities. The assets are then auctioned oﬀ
and the creditors’ claims are covered according to absolute priority rights, and with no priority
deviations being allowed. According to the absolute priority rights, trade credit is classified
as unsecured junior debt and has the lowest priority. This priority order implies that recovery
rates for unsecured junior creditors are extremely low, for example, Thorburn (2000) documents
that the average (median) recovery rate for unsecured junior creditors is around 2 (0) percent
in Sweden. In order to measure bankruptcy we adopt the following natural definition of a firm
failure. A firm has failed if declared bankrupt in a legal sense, i.e., a liquidation decision by
3

See Thorburn (2000) for a comprehensive overview of the Swedish bankruptcy code.
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court ruling. This bankruptcy measure thus capture firm events similar to those underlying US
Chapter 11 filings for bankruptcy.
Beside the data set on bankruptcy events, we also obtain data containing information on all
individual claims, exceeding SEK 5,000 (approximately USD 700), that are held on bankrupt
firms by unsecured junior creditors (trade creditors), over the period 1992 to 2010. The credit
bureau collects this information from reports that the court-appointed trustees provide to the
bankruptcy court and the provincial supervisory authority "Tillsynsmyndigheten i Konkurs"
(TSM). A majority of these claims corresponds to corporate bankruptcies (around 80 percent)
and the residual part mainly corresponds to claims held on bankrupt sole proprietorships (around
20 percent). The dataset contains information on the date of the trade debtor bankruptcy and
the identity of the trade creditors. However, we do not observe the identity of the bankrupt trade
debtor for most of the sample period, but do so for the sub-period 2007 to 2010. In the period
1996 to 2010 we also observe the size of the claims held by the trade creditors on bankrupt trade
debtors. We use this information to construct our key variable, i.e., the variable that indicates
whether, or not, a firm has experienced a trade debtor failure.
Insurance contracts providing protection against trade debtor failures are not common in
Sweden; possibly due to the moral hazard problem that such contracts introduce by altering
firms’ motives to avoid trade debtor failures. A possibly confounding factor is factoring firms’
operations that have become a prosperous industry in Sweden. They allow suppliers to borrow
against their accounts receivable as collateral, or alternatively, but much less frequent, will
purchase the claims on trade debtors. Only if a supplier sells an invoice will the ownership of the
claim be transferred to the factoring firm, and would, conditional on a trade debtor failure, the
factoring firm appear as a trade creditor in our data set. However, we note that factoring firms
are remarkably infrequent trade creditors, most likely due to the thorough screening process they
undertake before purchasing trade credit claims, and thereby avoiding high risk trade debtors.
Nevertheless, in the empirical analysis we exclude factoring as well as other financial firms.
The credit bureau has also provided us with data on accounting statements and balance sheet
information for all Swedish corporate firms during the period 1989 to 2010. This information
is collected by the credit bureau from the Swedish Companies Registration Oﬃce (SCRO).4 In
Sweden, as in many other countries, firms have considerable discretion in choosing a fiscal year
4
Swedish law requires every corporate to submit an annual financial statement to the SCRO, covering balance
sheet and income statement data in accordance with EU standards. Moreover, every corporate is also required
by Swedish law to hold in equity a minimum of SEK 100,000.
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period for their financial statements. For a large fraction of the firm-year observations in our
sample the fiscal year starts in the middle of the calendar year. We deal with this by interpolating
the financial statements such that they correspond to the calendar year.5 Moreover, from the
SCRO we obtain data on corporate registration dates which we use to determine the age of the
firms.
We construct an industry classification based on one-digit SNI codes (equivalent to U.S.
SIC codes) obtained from the accounting statements. Financial firms and utilities are omitted
since these firms are subject to regulations. We also omit firms where information on industry
belonging is missing.6 Since the focus of the paper is on the role of trade credit issued for
commercial purposes, we further restrict our sample to firms with real sales and assets exceeding SEK 100,000 (deflating by means of consumer prices, with year 2000 prices as base-line).7
Furthermore, a small fraction of the financial ratios in our sample is made up of severe outliers.
In order to make sure that our results are not distorted by such outliers we have chosen to truncate the financial ratios according to common practise, see, e.g., Shumway (2001). The applied
truncation limits for each financial ratio are reported in Table 2.

2.2.2

Descriptive statistics

Table 1 reports descriptive statistics for our key variables. Column (I) shows the average amount
of accounts receivable to total assets in each year during the sample period. The average yearly
amount of trade credit issued vary around 15 to 18 percent, possibly declining somewhat over
time from averages around 18 percent in the early years towards less than 16 percent for the end
of the period. Column (II) reports the aggregate bankruptcy frequency for the Swedish corporate
sector. There are considerable swings in the bankruptcy frequency overall, but these tend to
become dwarfed by the Swedish banking crisis episode in 1992 to 1993. The crisis period displays
bankruptcy rates around 5 percent, as compared with the overall rate of 2 percent for the entire
sample period. Column (III) reports the trade debtor bankruptcy frequency, corresponding to
5
See Jacobson, Giordani, von Schedvin, and Villani (2011) for a detailed overview of the applied interpolation
procedure. The shares of shorter (less than 12 months) and longer (longer than 12 months) statements are both
around 5 percent. Whereas shorter than the stipulated 6 months happen, statements covering a longer period than
the allowed 18 months are very rare. Over time, the annual shares of shorter/longer statement periods have come
down from about 8 percent to currently around 4 percent. Thus, an overwhelming majority of statements concern
a period of 12 months. However, out of the 90 percent of the total number of statements, only 48 percentage
points coincide with a calendar year, and hence 42 percentage points refer to other 12 month periods. In these
calculations we have allowed for a given calendar year to begin in mid-December the previous year, and end in
mid-January the following year.
6
The corpotate firms that we consider belong in one of the following industries: agriculture, manufacturing,
construction, retail, hotel and restaurants, real estate, transports, and consulting and rental.
7
SEK 100,000 corresponds to around USD 14,000.
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the fraction of firms that in a year face one, or more, trade debtor failures. The trade debtor
bankruptcy frequency is higher than the bankruptcy frequency since each bankrupt firm on
average obtained trade credit from more firms than one. For the sub-period 2007 to 2010 we
observe that the average (median) number of trade creditors for a bankrupt trade debtor is
around 8 (4). Figure 1 shows that the yearly fraction of firms that faced a trade debtor failure
is highly correlated with the overall bankruptcy frequency, thus the fraction of firms that faced
a trade debtor failure was substantially larger during the crisis period (around 16 percent).
However, for the sub-period 1994 to 2004 we see that the trade debtor failure frequency remains
elevated and the tight link with the regular bankruptcy rate is resumed towards the end of our
sample period.
[Insert Table 1 about here.]
[Insert Figure 1 about here.]
Column (IV) reports the total amount of claims held by trade creditors on failed trade
debtors. Given that the recovery rate for trade creditors is close to zero (Thorburn 2000), the
reported claims are a good approximation of the aggregate credit losses trade debtor failures
induce on trade creditors. The average yearly amount of claims over the period 1996 to 2010 is
SEK 2.2 billion, which is sizable. An interesting comparison with Swedish banks’ total credit
losses on loans of all maturities to non-financial firms can be made for the period 2004 to 2010.
These credit losses are presented in Column (V) and roughly amount to half of the trade credit
losses. Hence, it is quite clear that trade credit losses are quantitatively important. Column
(VI) shows that for a supplier conditional on having experienced a trade debtor failure; the size
of the bankruptcy claim-to-assets (for the creditor firm) is on average 2.2 percent, and claims
are also slightly higher in the bust period, 2001 to 2003, following the IT boom.
The purpose of Column (VII) is to provide initial descriptive statistics on how trade debtor
failure aﬀects the likelihood that a trade creditor fails. Thus, Column (VII) reports the fraction
of bankrupt firms that experienced a trade debtor failure in the eleven months preceding or
at any point in time after their bankruptcy event (see discussion below). Over the sample
period, 18.6 percent of the bankrupt firm-years are associated with a trade debtor failure. This
can be compared with the overall trade debtor failure frequency of 8.5 percent (Column (III)).
The trade debtor failure rate is thus on average around 10.1 percentage points higher for the
failing firm-years than for the non-failing firm-years. This highlights that trade debtor failure
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potentially is an important risk factor for firms. We can also see that the rate of bankrupt
firm-years that are associated with a trade debtor failure fluctuates over the sample period. The
rate is around 33 percent during the banking crisis and falls to around 10 percent towards the
end of the sample period. Thus, the increased frequency during the crisis period suggests that
trade debtor failures play an important role by amplifying idiosyncratic shocks during economic
downturns. Moreover, Column (VIII) reports the average size of the bankruptcy claim-to-assets
for the bankruptcy events that are associated with a trade debtor failure. The average size of
the claim-to-assets is 9.7 percent, which is substantially higher than the 2.2 percent reported
for firms in general (Column (VI)). Quite intuitively, this indicates that firms that have a large
claim on a bankrupt trade debtor are more likely to fail as a consequence of the credit loss
imposed by the debtor failure.
[Insert Figure 2 about here.]
In the data we observe cases where the bankruptcy date of a trade creditor precedes the
bankruptcy date of its trade debtor. Panel A in Figure 2 shows the trade creditor and debtor
failure timing for the period 2007 to 2010 (for which we observe the identity of the debtor).
The figure is constructed using a sample where we select all creditor failures associated with
a trade debtor failure in the eleven months prior to the creditor failure, or at any point in
time after this event (month 0 corresponds to the creditor failure month). If a trade creditor
experienced multiple debtor failures, we keep the failure with the largest bankruptcy claim. The
figure shows that – conditional on a trade debtor failure – 69 percent of the bankrupt trade
creditors experienced the debtor failure in the same month, or in the eleven months prior to their
failure. 18 percent experienced the debtor failure in the six months after their failure, and 12
percent experienced the debtor failure more than six months after their failure. The main reason
for the reverse timing is that it is common for bankrupt firms to default on their payments in
the (occasionally very long) period running up to the actual bankruptcy event. If the size of the
claim is suﬃciently large, then the debtor’s payment default may push the creditor into cashflow-based insolvency and immediate bankruptcy, whereas it can take additional time before the
debtor itself enters bankruptcy. Panel B shows that the average size of these claims to (creditor)
assets is around 9 percent, which is substantially larger than the average claim-to-assets of 2.2
percent observed for all debtor failures (Column (VI) in Table 1). Thus, the size of the claims
are substantial which makes it conceivable that a creditor that experiences a debtor payment
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default of this magnitude can get pushed into immediate bankruptcy.8
Our two key variables in the empirical analysis are dummy variables indicating whether, or
not, a firm (possibly, but not necessarily a trade creditor) fails at time t, T CF , and whether or
not a firm experienced a trade debtor failure at time t, T DF . We apply the following adjustments
for trade debtor failures that take place around the creditor failure date. If we observe T CF = 1
for firm i in year t then we will set T DF = 1 if we observe a trade debtor failure at any point
in time after the trade creditor bankruptcy month, or in the eleven months prior to the trade
creditor bankruptcy, and T DF = 0 otherwise. For non-bankrupt trade creditor firm-years, i.e.,
for T CF = 0, we simply set T DF = 1 if we observe a trade debtor failure in year t, and to 0
otherwise. A trade debtor failure is never assigned to multiple years.
[Insert Table 2 about here.]
Table 2 reports descriptive statistics for a set of firm-specific variables that characterize the
firms in this study. The table distinguishes between firm-years that were and were not associated
with a trade debtor failure. We see that firms that experience a trade debtor failure on average
issued more trade credit. Firms that experience a trade debtor failure have an average ratio
of accounts receivable-to-assets of 25.9 percent as compared 15.9 percent for firm-years with no
trade debtor failure involved. Thus, this highlights the credit risks firms face by issuing trade
credit. Moreover, firms that experience a trade debtor failure are on average more leveraged,
hold less cash and liquid assets, have less fixed assets, are larger, and are older. This is in line
with findings previously reported in the trade credit literature showing that firms with better
access to external financing issue more trade credit (see, e.g., Petersen and Rajan 1997; and
Giannetti, Burkart, and Ellingsen 2011). Nevertheless, even if the firms that experience trade
debtor failures on average are larger and older, their annual bankruptcy frequency is higher,
4.9 as compared with 2.0 percent, which again indicates that credit imposed by a trade debtor
failure potentially is an important risk factor. Finally, the average size of the trade debtor
failure related claims-to-assets is 2.2 percent, which may appear as fairly modest. However, if
we instead relate the size of these claims to the amount of accounts receivable we find that the
average is 37.6 percent, suggesting that a trade debtor failure on average induces a sizable loss
for the trade creditor.
8
Due to the low recovery rates for unsecure junior creditors it is not common practice that bankruptcy trustees
enforce payments by filing for bankruptcy for the debtor. Thus, the close-to-zero recovery rate eliminates any
concern for a reverse relationship.
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Empirical Results

This section presents the empirical analysis. We will first address the relationship between
issuance of trade credit and trade debtor failure risk, i.e., determine how issuance-volume of
trade credit, creditor characteristics, and business cycle conditions quantitatively aﬀect the
likelihood of a trade creditor experiencing trade debtor failure. We will then examine trade
credit losses given trade debtor failure, and in particular, the relationship between trade credit
volume and the size of the claims held by a trade creditor on bankrupt trade debtors. We
then proceed to the heart of the matter: modeling trade creditor bankruptcy risk conditional on
trade debtor failure in order to quantify the propagation mechanism of trade credit risk. Finally,
we perform a set of robustness checks and explore a set of cross-sectional determinants of the
bankruptcy risk imposed by trade debtor failure.

2.3.1

The incidence and magnitude of trade debtor failures

The descriptive statistics reported in Table 2 suggest that firms that issue more trade credit are
more exposed to trade debtor failures. To explore this relationship completely we would ideally
require information on the number of firms that each trade creditor issues trade credit to, and
the size of the claim to each debtor, as well as the debtors’ characteristics. The number of trade
debtors is presumably positively related to the likelihood that a creditor will experience a trade
debtor failure and, of course, the size of a claim will ultimately determine the loss given failure.
Unfortunately, we do not observe the number of trade debtors, nor the sizes of their individual
claims. Nevertheless, accounts receivable is a measure of the total amount of trade credit issued
by a trade creditor and an increasing function in both the number of debtors and in the sizes of
their claims. Thus, by examining how accounts receivable aﬀects the likelihood of experiencing
a trade debtor failure – and the loss given failure – we can provide insights on firms’ trade
credit issuance and their subsequent credit losses.

2.3.2

The likelihood of experiencing a trade debtor failure

We explore how firms’ credit issuance aﬀects the likelihood of experiencing a trade debtor failure
by estimating a logistic model where we regress the indicator variable T DFi,t – taking the value
1 if firm i experienced one (or more) trade debtor failure(s) in year t, and 0 otherwise – on the
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amount of trade credit issued by firm i in year t − 1, and a vector of control variables, Zi :
P (T DFi,t = 1) =

1
.
1 + exp (− (α + γ × accounts receivable/assetsi,t−1 + β × Zi,t−1 ))

(1)

The vector Zi includes a set of firm-specific variables and a set of industry- and time-fixed eﬀects
to control for cross-industry heterogeneity and business cycle fluctuations in the trade debtor
failure frequency.
[Insert Table 3 about here.]
Column (I) in Table 3 reports coeﬃcient estimates for an industry- and time-fixed eﬀects
regression where we regress the trade debtor bankruptcy indicator on firms’ accounts receivable.
The reported slope coeﬃcient is positive and significant, 2.433, demonstrating that the risk of
experiencing a trade debtor failure is increasing in the amount of accounts receivable. The eﬀect
of accounts receivable on the likelihood of experiencing a trade debtor failure is both statistically
and economically significant. The average marginal eﬀect yields an increase in the mean risk of
experiencing a trade debtor failure by (0.179 × 0.185/0.085 =) 39 percent from a one-standarddeviation increase in accounts receivable. This result is evidence of a direct link between firms
that issue more trade credit and their increased exposure to credit losses induced by trade debtor
failures.
We will now empirically explore the assumed positive relationship between the likelihood
that a creditor will experience a trade debtor failure and the number of customers that the firm
issues credit to. To do so we augment Equation (1) by the natural logarithm of total assets of the
trade creditor, both linearly and interacted with the accounts receivable variable. The rationale
for this specification is that large firms – as compared with small ones – on average serve a
larger number of customers and should therefore face an enhanced likelihood of experiencing a
trade debtor failure. The interaction term is included to account for any potential relationship
between firm size and issuance volume. The reported coeﬃcient estimates in Column (II) are
positive and statistically significant for both the log of total assets, 0.524, and for the interaction
term between the log of total assets and accounts receivable, 0.238. Considering the linear term
only, we can assess a lower bound for the economic significance of firm size. Ceteris paribus, the
estimated average marginal eﬀect yields more than a (0.034 × ln((23.4 + 631.7)/23.4)/0.085 =)
133 percent increased risk, at the mean, of experiencing a trade debtor failure from a one
standard-deviation increase in total assets. Thus, these results highlight that the risk that a
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trade creditor will experience a debtor failure is strongly related to the size of the creditor, which
we interpret as a relationship between the number of debtors the creditor extends credit to and
debtor failure risk.
Credit constrained firms rely more extensively on trade credit for external financing in
economic downturns according to recent empirical research (see, e.g., Garcia-Appendini and
Montoriol-Garriga 2011; and Carbó-Valverde, Rodríguez-Fernández, and Udell 2012). Such a
relationship suggests that the pool of trade debtors is of inferior quality when the economy slows
down. Riskier debtors, in slowdowns, should then increase the likelihood that trade creditors
experience a debtor failure. To explore this presumption we augment the model reported in Column (II) by Swedish real output growth,

GDP , and again we include the growth variable both

linearly and interacted with the accounts receivable variable. The linear term captures business
cycle fluctuations in the aggregate bankruptcy risk (as measured by trade debtor failures) and
the interaction term shows whether issuance volume is disproportionally related to the risk of
experiencing a trade debtor failure in recessions. Column (III) shows that the coeﬃcients are
negative and significant for the variables related to output growth; −4.206 for the linear term
and −3.822 for the interaction term. Thus, our finding of an enhanced relationship between
trade credit issuance and trade debtor failure risk in economic downturns are in line with the
predictions that trade creditors serve debtors that on average are of a lower credit quality during
bust periods.
To take further account of firm characteristics that may influence creditors’ propensity to
issue trade credit, we estimate a model augmented by a set of important determinants as documented by, for example, Petersen and Rajan (1997) and Gianetti et al. (2011). Thus, we
include profitability to control for the creditors’ ability to generate internal funds, the age of the
creditor for credit worthiness, and creditors’ fixed assets for their asset tangibility. The results
reported in Column (IV) show that the coeﬃcients for accounts receivable, total assets, and
output growth are essentially the same when these additional firm characteristics are included.
The coeﬃcients for profitability, firm age, and fixed assets are statistically significant. However,
the estimated marginal eﬀects suggest that their impact on creditor risk of facing trade debtor
failure is economically insignificant.
It is likely that other characteristics matter for the likelihood that a creditor experiences
a trade debtor failure. For example, some creditors, independent of size, provide goods or
services to a large number of costumers due to the nature of their businesses, which will in
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itself increase the likelihood of experiencing a debtor failure. In addition, unobservable creditor
characteristics may potentially impact on the creditors’ risk taking by aﬀecting their willingness
to extend credit to debtors with low credit worthiness. In order to control for such unobservable
characteristics that are persistent over time we estimate a linear probability version (OLS) of
Equation (1), where we include firm-fixed eﬀects. Column (V) reports coeﬃcient estimates for
the firm-fixed eﬀects model. The obtained slope coeﬃcient for the accounts receivable variable
is positive and significant, 0.087. We can compare this coeﬃcient with the average marginal
eﬀect of 0.179, obtained for the logistic version of the model (Column (I)). Thus, the impact
drops slightly in magnitude once we control for firm-fixed eﬀects. Nevertheless, the fixed-eﬀects
coeﬃcient confirms that there is a strong impact of issuance volume on the risk of experiencing
a trade debtor failure. Moreover, in Column (VI) we report results for a firm-fixed eﬀects model
where we include the variables related to firm size, output growth, and the additional firm
characteristics. The obtained coeﬃcients are in line with the results obtained from the logistic
model; firm size exhibit a positive impact on the likelihood of experiencing a trade debtor failure
and the relationship between issuance volume and debtor failure risk is enhanced in economic
downturns.
Summing up, the results reported in Table 3 show that firms that issue more trade credit are
more exposed to credit losses due to trade debtor failure. We also document that there is a strong
relationship between firm size and the likelihood of experiencing a trade debtor failure, and that
the impact of issuance volume on the debtor failure risk is enhanced in economic downturns. We
will now proceed by exploring how issuance-volume, firm size, and business cycle fluctuations
are related to the size of credit losses incurred by creditors when hit by trade debtor failures.

2.3.3

The size of the credit loss incurred by trade debtor failure

The next natural step is to examine if the size of the claims held on bankrupt trade debtors
are related to the amount of accounts receivable that trade creditors issue. This is done by
estimating a model where we regress the size of the bankruptcy claim – the natural logarithm
of the bankruptcy claim held by creditor i at time t, scaled by the creditor’s total assets at time
t − 1 – on the amount of trade credit issued by firm i in year t − 1, and a vector of control
variables, Zi :
log(Claimsi,t /assetsi,t−1 ) = α + δ × accounts receivable/assetsi,t−1 + β × Zi,t−1 + εi,t .

(2)
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Similar to Equation (1), the vector Zi will include a set of firm-specific variables and a set of
industry- and time-fixed eﬀects to control for cross-industry heterogeneity and business cycle
fluctuations in the size of the credit losses. In order to control for a potential selection bias,
we also report results obtained from a Heckman estimation of Equation (2). The models are
estimated for the period 1996 to 2010, which is the period for which we observe the size of the
claims held by trade creditors on the bankrupt debtors.
[Insert Table 4 about here.]
Column (I) in Table 4 reports results from an industry- and time-fixed eﬀects estimation
of Equation (2). The slope coeﬃcient is positive and significant, 1.691, indicating that firms
that issue more trade credit on average have larger claims once a trade debtor fails. Based on
the coeﬃcient estimate we find that a one standard-deviation increase in accounts receivable is
associated with a (1.691 × 0.185 =) 31 percent larger claim. Hence, creditors that issue more
trade credit experience, on average, a substantially larger credit loss conditional on a trade
debtor failure.
We previously documented that large firms exhibit an enhanced likelihood of experiencing
a trade debtor failure, which is presumably due to a positive relationship between firm size
and the number of customers the firm serves. However, a firm that provides credit to a larger
number of customers are more diversified and should therefore experience – in relation to its
assets – smaller credit losses conditional on a trade debtor failure. We test this presumption by
augmenting the model reported in Column (I) by the natural logarithm of creditors’ total assets.
Column (II) shows that the coeﬃcient for the logarithm of total assets is negative and significant,
−0.711, demonstrating that larger firms on average experience a smaller loss conditional on a
trade debtor failure. The eﬀect is both statistically and economically significant. Comparing
two firms of which the larger one has 10 percent more assets, yields the mean prediction that it
will experience a 7.1 percent smaller credit loss conditional on a trade debtor failure.
Next we examine whether the size of credit losses depend on the state of the business cycle
by also including the real output growth,

GDP . Column (III) shows that the coeﬃcient

for output growth is positive and significant, 1.016. However, the magnitude of the coeﬃcient
indicates that business cycle fluctuations do not have an economically significant eﬀect on the
trade credit losses. This result is consistent with the descriptive statistics reported in Table 1,
showing that the average size of creditors’ losses is quite stable over the sample period (Column
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(VI)).
The model reported in Column (III) is now augmented by a set of firm characteristics that
the trade credit literature has identified as important determinants of firms propensity to issue
trade credit. Column (IV) shows that profitability, age, and fixed assets have a statistically
significant impact on the size of the bankruptcy claims. However, it is only the coeﬃcient related
to profitability, EBIT /assets, that yields an economic significant eﬀect. More specifically, a
one-standard-deviation higher profitability is associated with a (−0.481 × 0.214 =) 10 percent
smaller credit loss conditional on a debtor failure. The coeﬃcients for accounts receivable, firm
size, and the business cycle remain quantitatively the same.
Finally, the reported results may suﬀer from a sample selection bias and for that purpose
we estimate a sample selection model in two steps. The first-step considers an estimation of
the likelihood of facing a trade debtor failure. In the second-step we make use of the firststep estimates to control for the presence of a selection bias. Our first-step model coincides
with Model (IV) in Table 3. Column (V) reports the coeﬃcient estimates obtained from the
second-step model. In general, coeﬃcients remain close to the OLS estimates. Importantly, the
coeﬃcients for the accounts receivable and firm size variables have the same sign and magnitude
in the sample selection model. Thus, the results obtained from the selection model confirm that
issuance-volume and firm size are important determinants of incurred credit losses due to trade
debtor failures.
2.3.4

Creditor failure risk imposed by a trade debtor failure

We have so far documented that firms that issue trade credit are exposed to credit losses due
to trade debtor failures. In this sub-section we will explore how the likelihood of trade creditor
failure is related to trade debtor failure and the credit losses incurred due to these events. By
doing this we quantify the importance of trade credit chains for the propagation of corporate
failures. We also report a set of test where we evaluate how robust our results are to the impact
of common shocks, to unobservable creditor characteristics, and to demand shocks. Finally, in
order to better understand the nature of the shocks involved in trade credit losses, we explore a
set of cross-sectional determinants of bankruptcy risk due to trade debtor failure.
Baseline results
We will now attempt to quantify firm failure risk conditional on trade debtor bankruptcy by
means of a logistic model. For this purpose we consider the two indicator variables: T CFi,t
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and T DFi,t . The dependent variable T CFi,t captures whether, or not, firm i (possibly, but not
necessarily a trade creditor) fails in year t. T DFi,t is an indicator of whether, or not, firm i
experienced a trade debtor failure in year t. The considered model, including a vector of control
variables, Zi , is then on the form:
P (T CFi,t = 1) =

1
.
1 + exp (− (α + η × T DFi,t + β × Zi,t−1 ))

(3)

We control for the firms’ capital structure, cash and liquid asset holdings, profitability, size, and
age. These are variables that are documented as important determinants of firm failure (see,
e.g., Shumway 2001; Campbell, Hilscher, and Szilagya 2008; and Jacobson, Lindé, and Roszbach
2012). Moreover, we also include industry- and time-fixed eﬀects to control for cross-industry
heterogeneity and the impact of the business cycle on bankruptcy risk.
[Insert Table 5 about here.]
Column (I) in Table 5 reports results from an industry- and time-fixed eﬀects regression.
The coeﬃcient for the variable indicating whether the firm experienced a trade debtor failure is
positive and significant, 0.749. This shows that a credit loss imposed by a trade debtor failure
has a positive impact on the likelihood that a trade creditor fails. When we include the firmspecific control variables in Column (II) then the coeﬃcient on T DF increases to 0.906. The
coeﬃcients for the control variables are in line with the literature and intuitive. Liquidity to
assets, profitability and firm size are negatively related to trade creditor bankruptcy, whereas
leverage to assets has a positive relationship. Calculating the average marginal eﬀect of facing
a trade debtor bankruptcy shows that a trade creditor is associated with a (0.018/0.021=) 86
percent increased annual bankruptcy risk at the mean. Hence, these results indicate that trade
debtor failure is an important risk factor for trade creditors.
It is reasonable to expect that the size of the claim held by a trade creditor on a failing
trade debtor will be crucial for the impact. Using data for the sub-period 1996 to 2010, for
which we have sizes of creditor claims, we examine their quantative importance. This is done
by augmenting Equation (3) by three dummy variables that correspond to diﬀerent regions of
trade creditor’s claims-to-assets. Thus, we consider smaller claims below 5 percent of assets,
intermediate ones between 5 and 15 percent, and larger ones above 15 percent of assets. Slope
coeﬃcients for the three claim-size dummy variables are reported in Column (III). We find that
trade creditor bankruptcy risk is enhanced in the size of the claims-to-assets variable. The
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average marginal eﬀects document that annual bankruptcy risk increases by (0.009/0.021=) 43
percent for small claims, (0.028/0.021=) 133 percent for intermediate ones, and (0.041/0.021=)
195 percent for large ones, at the mean. These results indicate that the impact of a large credit
loss implies a substantially enhanced failure risk for a trade creditor.
The results in Table 5 suggest that the credit losses invoked on trade credit issuing firms when
their customers go bankrupt are indeed an important determinant of firm failure. The strong
correlation between the size of the claim and the induced creditor failure risk make it conceivable
that trade credit chains make up a channel in which firm failure propagate throughout the
economy. Imagine small firms with a small range of customers, and in turn being supplied by
small firms, and it is easy envision a domino eﬀect arising as the credit loss progresses. In order
to confirm that the bankruptcy risk that a trade debtor failure induces on its trade creditors is
caused by the credit loss we proceed by evaluating a set of alternative explanations.
Common shocks and unobservable creditor characteristics
We will now undertake a series of checks to evaluate how robust the findings outlined above
are to alternative explanations. In particular, we want to demonstrate that the shocks induced
through trade credit issuance and subsequent trade debtor failures are related to the credit loss.
The first alternative explanation that we propose is that the increased creditor failure risk
induced by a trade debtor failure is in fact a spurious correlation due to a common shock that
simultaneously aﬀects both the trade debtor and his creditors. To fix ideas, consider two firms
– a supplier and his customer – located in the same city and operating in the same industry.
Suppose a shock, say a cost-push shock, simultaneously hit them and is severe enough to fail
them both. Then the debtor failure may appear to cause the creditor failure when in fact the
failure events are outcomes of the common shock. In order to control for such common shocks
we estimate Equation (3) augmented by various combinations of interacting fixed eﬀects with
respect to time, industry, and location. For the industry-fixed eﬀects we consider one- and
two-digit SNI codes, and location is determined at the county level (Swedish län, 21 areas).
[Insert Table 6 about here.]
Column (I) in Table 6 reports results from an estimation of Equation (3) where we include
the interaction between time- and industry-fixed eﬀects (at the 1-digit SNI level). The obtained
slope coeﬃcient is positive and significant, 0.904, and is very close to the coeﬃcient obtained in
our baseline regression (Column (II) in Table 5). In Column (II) we report results from a model
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where we control for the location of the creditors by including an interaction term between the
time- and location-fixed eﬀects. The obtained coeﬃcient is positive and significant, 0.905, and
very close to that of the model where we only control for industry belonging. Finally, in Column
(III) we report results for a model that includes a triple interaction between the time-, industry-,
and location-fixed eﬀects. The slope coeﬃcient drops slightly in magnitude to 0.900, but is quite
similar to the one obtained in our baseline regression.
The second alternative explanation that we attempt is the idea that a trade debtor failure
is in fact a signal of poor creditor quality. More specifically, if creditors of poor credit quality
extend credit to debtors of poor credit quality, then we would observe clusters of debtor failures
over time for these creditors. If the poor quality creditors carry a significantly higher bankruptcy
risk, then it would appear – in the cross-section – as if debtor failures cause creditor failures,
whereas the creditor failures instead are outcomes of unobservable creditor characteristics. We
test for this by estimating a linear probability model version of Equation (3) and by including
firm-fixed eﬀects in order to control for unobservable creditor characteristics that are persistent
over time. Thus, the firm-fixed eﬀects will control for a bias in the T DF coeﬃcient that is caused
by that trade debtor failures being clustered along the firm-years of creditors that subsequently
fail. Moreover, we also include the triple interaction between the time-, industry-, and locationfixed eﬀects to control for any potential impact of common shocks. Column (IV) shows that the
obtained coeﬃcient is positive and significant, 0.019. The magnitude of the coeﬃcient implies
that a trade debtor failure on average imposes a 1.9 percentage point higher annual bankruptcy
risk on a trade creditor. The impact is close to identical to the average marginal eﬀect of 1.8,
which we obtained for our baseline regression (Column (II) in Table 5). Finally, we estimate a
version of the firm-fixed eﬀects model where we instead of one-digit industry codes make use of
two-digit industry codes to further control for common shocks. In the interest of a manageable
number of estimated coeﬃcients, we specify double interactions rather than the triple interaction
when using the two-digit SNI codes. Column (V) shows that the coeﬃcient remains positive
and significant, 0.018, which, again, is very similar to our baseline result.
In sum, the results reported in Table 6 suggest that our results are robust to the impact of
common shocks and unobservable creditor characteristics.
Demand shocks
As shown above, a trade creditor incurs a credit loss when facing a trade debtor failure. However,
another important aspect is that a trade debtor failure invariably involves elements of a demand
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shock on the trade creditors. The intuition for demand shocks is straight forward. Suppose
that the trade debtor is an important customer whose purchases make up a sizable share of
the suppliers annual sales, and further that the supplier’s production is targeted to service this
particular customer and cannot readily be adapted to alternative customers.9 Suppose further
that purchases are frequent, each small in size but over a year adding up. The shock induced by
the customer’s failure in this scenario is not so much about the pecuniary loss associated with
the particular shipment that the customer defaulted on, but more so the loss of sales over time,
i.e., a reduction in demand.
Our strategy to evaluate the relative importance of credit and demand shocks arising in
trade debtor failures is to two-fold. Firstly, Hertzel et al. (2008) propose that firms producing
specialized goods, as measured by R&D expenditures, are more exposed trade creditors. They
argue that such firms are more dependent on long-term supplier-customer relationships. Hence,
the debtor failure for creditors that produce specialized goods should be more severe in the
demand-loss dimension. Exploring trade debtor failure’s eﬀects on trade creditors operating
in R&D intense industries should therefore provide insights on the relative importance of the
demand shocks. Secondly, one would expect the demand shock to be less important if a failed
trade debtor is substantially smaller than its trade creditor. More specifically, the fraction of
a creditor’s total sales concerning a specific debtor should on average be proportional to the
firms’ relative sizes, i.e., a small fraction can be expected for a large creditor and a small debtor.
For such cases, debtor failures should not lead to large declines in the demand for the creditors’
goods and the increased risks should therefore mainly be driven by the credit losses. Thus,
considering the relative sizes of the creditors and debtors per se should therefore oﬀer additional
insight on the nature of shocks imposed by trade debtor failures.
[Insert Table 7 about here.]
Based on the intuition that the demand shock is more severe for firms that produce specialized
goods we will estimate a version of Equation (3) augmented by a dummy variable indicating
whether, or not, the creditor operates in a R&D intense industry, D(R&D > 75 perc.). This
dummy variable is constructed by first ranking all industries (at the 2-digit SNI level) in terms of
R&D intensity. R&D intensity in a given industry is measured by the fraction of firms that have
reported positive R&D expenditures in at least one financial statement in the sample period. We
9

The supplier has committed to the customer by undertaking relationship-specific investments.
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assign the value one to the R&D dummy if firm i belongs to an industry in the upper quartile of
the R&D intensity industry distribution, and zero otherwise.10 The sample is restricted to the
period 1998 to 2008 due to data limitations on R&D expenditures. Column (I) in Table 7 shows
that the T DF coeﬃcient is positive and significant, 0.917, and of the same magnitude as the
coeﬃcient reported in our baseline regression (Column (II) in Table 5). The coeﬃcient for the
interaction term between the T DF variable and the R&D dummy is positive and significant,
0.240, indicating that firms that produce specialized goods on average are more vulnerable to
trade debtor failures. The coeﬃcient for the R&D dummy is small and insignificant, 0.019,
indicating that belonging to a R&D intense industry is per se not associated with an increased
failure risk.
To further explore the role of demand shocks we partition the T DF variable with respect to
whether, or not, the creditor operates in a R&D intense industry in combination with whether,
or not, the bankruptcy claim to (creditor) assets is below, or above, the 25th percentile of the
claim-to-assets distribution. The value of the 25th percentile of the claims-to-assets distribution
is around 0.1 percent, which indicates that the losses in the first quartile are fairly modest. Thus,
a credit loss of such magnitude should entail a negligible reduction in the value of the creditor’s
assets and liquidity holdings. Nevertheless, even if the credit loss is small, the trade debtor
failure may impose a demand shock on the creditor. Column (II) reports the coeﬃcients for
the four groups. The coeﬃcient corresponding to small credit losses hitting firms that operate
in industries with a medium and low R&D intensity is small yet boarderline significant (at the
10-percent level), 0.092. The average marginal eﬀect indicates that a loss of this size imposes a
(0.001/0.021 =) 5 percent higher yearly bankruptcy risk, at the mean, which is modest. This
can be compared with the impact of small credit losses on firms that operate in R&D intense
industries. The average marginal eﬀect for this group yields a (0.006/0.021 =) 29 percent
increased yearly bankruptcy risk, at the mean, which is not negligible. The coeﬃcients for the
two groups are statistically diﬀerent (at the 10-percent level). For large claims, we see that the
diﬀerence between the two groups persists where the average marginal eﬀects is 0.4 percentage
points higher for firms operating in R&D intense industries (the diﬀerence is significant at the
1-percent level). Thus, this exercise suggests that demand shocks do play a role in explaining
portions of the increased creditor risk due to debtor failure.
10
For the period 1998 to 2008, 8 percent of the firm-year observations have been assigned an R&D dummy equal
to unity. The R&D intense industries are on average substantially smaller in comparison with other industries.
This explains why the fraction of firms operating in these industries is less than 25 percent of the total number
of firms-years in the sample.
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Moreover, based on the sub-period 2007 to 2010 for which we observe the identity of the
trade debtor, we estimate yet another version of Equation (3) where we have split the T DF
variable into three sub-variables. The T DF variable is grouped with respect to the relative
sizes of the trade creditors and the failed trade debtors. The first sub-variable corresponds to
cases where total assets of the debtor are less than 10 percent of total assets of the creditor,
T DF (assetsT D /assetsT C < .10 ), and the second sub-variable corresponds to cases where total assets of the debtor are larger than or equal to 10 percent of total assets of the creditor,
T DF (assetsT D /assetsT C ≥ .10 ). We also include a control variable that corresponds to trade
debtor failures for which we do not observe any accounting information for the debtor, T DF (N o
acc. Inf o.). The main intuition for this specification is that demand shocks should be very small
for cases where the trade debtor is substantially smaller than the trade creditor. Column (III)
shows the coeﬃcient estimates for the three T DF sub-variables. The coeﬃcient estimate for the
cases where the debtor is small as compared to the creditor is positive and significant, 0.734,
confirming that the event imposes an increased bankruptcy risk on the creditor. The average
marginal eﬀect shows that the yearly bankruptcy risk is enhanced by (0.010/0.021 =) 48 percent,
at the mean. For cases where the assets of the debtor are larger than or equal to 10 percent of
the creditor’s assets, we obtain a positive and significant coeﬃcient, 0.950, which is very close
to the coeﬃcient obtained in our baseline regressions (Column (II) in Table 5). The coeﬃcient
estimates for the two variables are statistically diﬀerent (at the 5-percent level). Thus, these
results show that a trade debtor failure introduces a substantially enhanced bankruptcy risk on
its trade creditors, even if the debtor failure imposes only a marginal decline in the demand for
the creditors’ goods or services.11
Summing up, the results reported in Table 7 suggest that the demand shock to some extent
enhance the bankruptcy risks that trade debtor failures impose on trade creditors. Nevertheless,
the regression where we control for the relative sizes of the trade creditors and debtors indicates
that it is mainly credit losses that cause increased creditor failure risks.
Cross-sectional determinants of the creditor failure risk imposed by a trade debtor
failure
11
The diﬀerence between the two groups is likely to be aﬀected by the fact that credit losses on average are
smaller for cases where the debtor is substantially smaller than the creditor. Descriptive statistics show that
the average claim-to-assets is 1.9 percent for cases where the assets of the debtor is less than 10 percent of the
assets of the creditor, and 2.5 percent when the assets of the debtor is larger or equal to 10 percent of the assets
of the creditor. Nevertheless, the main purpose of the exercise is to show that a trade debtor failure imposes
a substantially enhanced bankruptcy risk on its creditors, even when the debtor failure is expected to have a
negligible demand eﬀects.
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We will now attempt to further deepen our understanding of the propagation process in corporate
failure by evaluating a set of factors that the credit chain literature has identified as important
determinants in this context. In particular, we will take the trade debtor failure variable, T DF ,
and interact it with the various propagation factors – one at a time, as well as jointly – in
order to determine cross-sectional variation in the creditor failure risk. Table 8 reports results
obtained when augmenting Equation (3) by interactions between T DF and the propagation
factors. Our specifications also include the considered propagation factors linearly, as well as
the set of firm-specific controls, Zi , used in Models (II) and (III) in Table 5.
[Insert Table 8 about here.]
The first factor that we consider is a fundamental one: corporate capital structure. The
credit losses due to a trade debtor failure imply that the value of the creditors’ assets is reduced.
A suﬃciently large credit loss may therefore push a creditor into balance-sheet-based insolvency.
The risk that a trade debtor failure will push a creditor into financial distress is therefore dependent on the creditor’s indebtedness. More leveraged creditors should thus be more vulnerable
to the credit losses in a trade debtor failure. Along these lines, Hertzel et al. (2008) propose the
hypothesis that highly leveraged firms, due to less financial flexibility, are more exposed to trade
debtor failures. That is, highly leveraged firms may be constrained in the amount of additional
external financing that they can raise in order to oﬀset the incurred credit loss. Column (I) in
Table 8 reports the coeﬃcient for the interaction term between T DF and firms’ leverage ratios.
The estimated slope coeﬃcient is positive and significant, 0.545, confirming that trade creditors
with higher leverage levels are indeed more vulnerable to trade debtor failures.
The second factor that we explore is corporate cash holdings. Kiyotaki and Moore (1997)
argue that the propagation of corporate failure is mitigated if the trade creditors are cash rich.
More specifically, the credit loss that a trade debtor failure imposes on its creditors implies a
shock to the creditors’ liquidity holdings. If the credit loss is large enough, then it may push the
creditor into cash-flow-based insolvency. We test this hypothesis by augmenting the model with
an interaction term between T DF and trade creditors’ cash and liquid assets holdings. Column
(II) shows that the resulting coeﬃcient for this interaction term is negative and significant,
−1.716, implying that the propagation eﬀect is mitigated if the trade creditor has larger liquidity
holdings. Moreover, following the same intuition we will examine whether trade creditors that
are more profitable prior to facing a trade debtor failure are less likely to fail themselves. Column
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(III) reports a negative and significant coeﬃcient, −0.366, for the interaction term between T DF
and firms’ profitability. Thus, more profitable firms are less vulnerable when facing a failing trade
debtor, a result in support of the hypothesis that firm profitability matters for propagation.
An interesting question is whether trade creditors’ vulnerability to trade debtor failure depends on the state of the business cycle. Access to external financing is potentially reduced
during economic downturns, c.f., Bernanke and Gertler (1989), which reduces trade creditors’
opportunity to oﬀset the credit loss by raising external finance. We test this hypothesis by
including an interaction term between T DF and real output growth,

GDP . The time-fixed

eﬀects included in the model control for the aggregate shocks imposed by business cycle fluctuations. Column (IV) shows that the resulting coeﬃcient is negative and significant, −4.194,
indicating that the failure risk imposed by a trade debtor failure is enhanced during economic
downturns. Of course, although the external financing argument is likely to hold, one must also
acknowledge demand eﬀects. Recessions involve reductions in general demand, in this context
we should also consider pronounced demand eﬀects from trade debtor failures.
Finally, Column (V) shows that the results above continue to hold when we include all
interaction terms simultaneously. The coeﬃcients in Column (V) are remarkably similar to the
regressions where the propagation factors are entered seperately. Thus, in sum, our results show
that the propagation mechanism is alleviated for firms that are less levered, cash rich, highly
profitable, and enhanced in economic downturns.

2.4

Concluding Remarks

Theoretical research proposes that the inter-firm linkages induced by trade credit propagate
corporate failures. In this paper, we utilize an extensive Swedish data set where we observe
whether firms, in their role as trade creditors, experienced a trade debtor failure. This data
set provides a unique opportunity to explore how credit losses invoked by a trade debtor failure
impacts the likelihood that the trade creditor, in turn, fails. Our results show that firms that
issue more trade credit are more exposed to trade debtor failures, both in terms of the likelihood
of experiencing a debtor failure and the loss given failure. We also document that a trade
debtor failure imposes a substantially enhanced bankruptcy risk on its trade creditors, and that
the increased risk mainly is caused by the credit loss hitting them. Exploring cross-sectional
heterogeneity in the bankruptcy risk imposed by a trade debtor failure, we find that trade
creditors that produce standardized goods, are less levered, cash rich, highly profitable, and
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operate during economic upturns are less vulnerable to trade debtor failures. These results show
that the credit chains induced by trade credit are important for the propagation of corporate
failures.
On the aggregate level, we show that the credit losses incurred by Swedish trade creditors
amount to twice or more than those of Swedish banks on loans to non-financial firms. To the
extent that we worry about real eﬀects arising from bank credit losses, we should also – on
the grounds of the results documented in this paper – worry about trade credit losses. Given
that firms may carry substantial financial assets and liabilities on their balance sheets in the
form of accounts payable and receivable, they are in eﬀect performing the task of financial
intermediation. However, they are financial intermediaries for which no bank regulation applies,
no capital buﬀer requirements are in place, or any supervision is carried out. In addition, one
can also take into consideration a legal framework that, in most countries, oﬀer little support
for weak players, i.e., small suppliers at the mercy of large and few customers. This begs the
question if not substantial eﬃciency gains could be reaped by enhancing policy eﬀorts in this
area.
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Figure 1: Yearly Swedish overall bankruptcy frequencies and trade debtor failure frequencies
The solid line marks the yearly rate of overall Swedish corporate bankruptcies (left-hand scale), and the
dashed line marks the fraction of corporate firms in Sweden that experienced one, or more, trade debtor
bankruptcy(ies) in a given year (right-hand scale).
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Figure 2: Failure timing and the size of the bankruptcy claims
Panel A provides a graphical illustration of the timing of trade creditor and debtor failures, for the sample
period 2007 to 2010 for which we observe the debtor identities. We construct the graph based on the
sample of bankrupt trade creditors that experienced at least one trade debtor failure in the eleven months
preceding or at any point in time after their bankruptcy event. For cases where the creditor experienced
multiple debtor failures we keep the debtor failure corresponding to the largest bankruptcy claim. The
first staple corresponds to the fraction of trade debtor failures that took place in the eleven months
preceding or in the same month as the trade creditor failure (-11 to 0 months). The second, third, and
fourth stable correspond to the fraction of trade debtor failures that took place in one to six months (1
to 6 months), seven to twelve months (7 to 12 months), and more than twelve months (12 months <)
after the creditor failure event, respectively. Panel B provides a graphical illustration of the average size
of bankruptcy claims to total (creditor) assets.
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Year
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
Average

(I)
Accounts
recievable
to assets
0.175
0.170
0.176
0.183
0.181
0.175
0.172
0.169
0.168
0.166
0.166
0.163
0.160
0.162
0.163
0.166
0.165
0.156
0.154
0.168

Bankruptcy
frequency
0.052
0.049
0.032
0.024
0.024
0.024
0.020
0.016
0.016
0.017
0.019
0.019
0.017
0.014
0.013
0.012
0.014
0.018
0.015
0.021

(II)

(III)
Trade debtor
bankruptcy
frequency
0.151
0.173
0.110
0.084
0.108
0.098
0.088
0.086
0.081
0.085
0.087
0.085
0.079
0.059
0.053
0.046
0.058
0.068
0.055
0.085

(IV)
Unsecured
junior claims
(M SEK)
—
—
—
—
1 959
1 761
1 845
1 818
1 682
3 031
3 183
3 031
2 962
1 728
1 468
1 413
2 052
3 005
2 246
2 212

(V)
Banks’ credit losses
non-financial firms
(M SEK)
—
—
—
—
—
—
—
—
—
—
—
—
1 066
1 185
1 073
771
954
1 959
1 706
1 245

(VI)
Bankruptcy
claims—to—
assets
—
—
—
—
0.024
0.024
0.022
0.021
0.021
0.024
0.024
0.024
0.023
0.020
0.020
0.019
0.020
0.022
0.020
0.022

(VII)
Share of bancrupties
involving trade
debtor bankruptcy
0.326
0.333
0.212
0.165
0.158
0.133
0.140
0.153
0.131
0.174
0.179
0.168
0.152
0.118
0.098
0.088
0.106
0.130
0.094
0.186

(VIII)
Bankruptcy claims—
to—assets in
creditor bankruptcy
—
—
—
—
0.088
0.082
0.097
0.083
0.103
0.109
0.102
0.093
0.106
0.095
0.123
0.091
0.094
0.089
0.102
0.097

This table provides descriptive statistics on: the average amount of accounts receivable to total assets (Accounts receivable to total assets); the
fraction of yearly bankruptcies (Bankruptcy frequency); the fraction of firms that experience one, or more, trade debtor bankruptcies in a given year
(Trade debtor bankruptcy frequency); total amount of unsecured junior claims held on bankrupt trade debtors, in million SEK (Unsecured junior
claims); Swedish banks’ total credit losses to non-financial firms (Banks’ credit losses non-financial firms) (Source: Statistics Sweden, Financial Markets
Statistics); the size of the claims that the trade creditor has on bankrupt trade debtors in relation to creditor’s total assets (Bankruptcy claims-toassets); the percentage of bankruptcies where we observe that the bankrupt firm experienced a failure on one, or more, of its trade debtor claims in
the bankruptcy year (Share of bankruptcies involving trade debtor bankruptcies); and the size of the claims that the trade creditor has on the failed
trade debtor to total assets for bankrupt trade creditors (Bankruptcy claims-to-assets in creditor bankruptcy).

Table 1: Descriptive statistics; trade credit, bankruptcy rates, trade debtor failures, and credit losses
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Table 2: Descriptive statistics for firm-specific variables

Truncation
[0, 99%]
[0, 99%]
SEK 100, 000 ≤
[0, 99%]
[0, 99%]
[1, 99%]
[0, 99%]
[0, 99%]
[0, 99%]

Mean
0.168
0.126
23 434
0.652
0.218
0.062
13.724
0.328
0.021

All firms
Median
Std
0.106
0.185
0.069
0.157
1 432
631 670
0.666
0.314
0.120
0.243
0.064
0.214
10.000
13.592
0.229
0.302
0.000
0.144

3 576 758

Trade debtor failure
Mean
Median
0.259
0.233
0.173
0.128
111 711
5 624
0.703
0.730
0.131
0.051
0.060
0.066
18.650
13.000
0.287
0.202
0.046
0.000
0.022
0.004
0.376
0.023
304 012

3 272 746

Non trade debtor failure
Mean
Median
0.159
*
0.093
*
0.122
*
0.064
*
15 233 *
1 298
*
0.648
*
0.659
*
0.226
*
0.129
*
0.062
*
0.063
13.267 *
9.000
*
0.332
*
0.232
*
0.019
*
0.000

The table reports descriptive statistics for a set of firm-specific variables for the period 1992-2010, grouped on all firm-years, firm-years where the
firm experienced one or more of trade debtor failures (Trade debtor failure) in year t, and firm years where the firm did not experience any trade
debtor failures (Non trade debtor-failure) in year t. All firm-specific variables correspond to year t − 1. ’Assets’ is total assets of the firm, deflated by
means of consumer prices, with year 2000 prices as base. ’EBIT ’ is earnings before interest and taxes. ’F irm age’ is the number of years since first
registrated as a corporate. ’F ixed assets’ corresponds to property, plants and equipment. Trade creditor claims on failed trade debtors are calculated
for firm-years with trade debtor failures, during the period 1996 to 2010. The star (*) reported next to the mean and median values for the ’Non
trade debtor failure’ group denote that these values are statistically diﬀerent from the ‘Trade debtor failure’ group’s means and medians at the 1
percent level. Diﬀerences in means are assessed using a Student’s t-test. Diﬀerences in medians are assessed using the Wilcoxon-Mann-Whitney test
for continues variables and the Pearson’s Chi-square test for categorical variables.
Variables
Accounts recievable/assets
Accounts payable/assets
Assets (in SEK 1,000)
Total liabilities/assets
Cash and liquidity/assets
EBIT/assets
Firm age
Fixed assets/assets
Bankruptcy (1/0)
Bankruptcy claims/assets
Bankruptcy claims/recievable
Number of observations

Year-fixed eﬀects
Industry-fixed eﬀects
Firm-fixed eﬀects
Model
Pseudo-R2 /R2
Number of observations

Fixed assets/assets

Log(1 + age)2

Log(1 + age)

Accounts recievable/assets
× GDP
Firm controls:
EBIT/assets

Accounts recievable/assets
× Log(assets)
GDP

Log(assets)

Variables:
Accounts recievable/assets
dy/dx
0.179

Yes
Yes
No
Logistic
0.078

Coef.
2.433
(162.5)

(I)

No
Yes
No
Logistic
0.168
3 576 758

-0.002

-0.002

0.013

-0.027

No
Yes
No
Logistic
0.169

-0.403
(-29.1)
0.196
(17.6)
-0.025
(-8.7)
-0.027
(-1.9)

Dependent variable: TDF (0/1)
(III)
(IV)
dy/dx
Coef.
dy/dx
Coef.
dy/dx
-0.046
0.062
0.004
0.176
0.012
(0.4)
(1.0)
0.034
0.499
0.033
0.491
0.033
(147.8)
(141.3)
0.016
0.189
0.013
0.184
0.012
(16.0)
(15.4)
-4.206
-0.282
-4.204
-0.281
(-45.1)
(-45.0)
-3.822
-0.256
-3.859
-0.258
(-12.3)
(-12.5)

Yes
Yes
No
Logistic
0.192

Coef.
-0.706
(-4.0)
0.524
(150.9)
0.238
(19.6)

(II)

Yes
Yes
Yes
OLS
0.387

(V)
Coef.
0.087
(56.1)

No
Yes
Yes
OLS
0.389

-0.023
(-30.4)
0.050
(72.7)
-0.024
(-101.0)
-0.015
(-15.1)

(VI)
Coef.
-0.597
(-35.2)
0.023
(63.2)
0.050
(39.5)
-0.180
(-29.3)
-0.885
(-26.3)

The table reports coeﬃcient estimates from logistic and OLS regressions estimating the likelihood that a firm experience one or more trade debtor
bankruptcies in year t, during the period 1992 to 2010. The dependent variable, T DF , indicates whether or not a firm experienced one, or more,
trade debtor bankruptcies in year t. All firm-specific and the macroeconomic variable correspond to year t − 1. GDP is real output growth. The
firm-specific variables are described in Table 2. dy/dx is average marginal eﬀects. The pseudo-R2 is calculated according to McFadden (1974). t-values
that are calculated on robust standard errors, clustered on the firm level, are reported within parenthesis.

Table 3: Estimating the probability of facing a trade debtor failure
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Table 4: Estimating the size of the claims held on failed trade debtors
The table reports coeﬃcient estimates from OLS and Heckman regressions where the size of the claims
that the trade creditor has on bankrupt trade debtors at time t is related to a set of firm-specific,
macroeconomic, and industry control variables for the period 1996 to 2010. The dependent variable is
the natural logarithm of the size of the claim that the trade creditor has on the bankrupt trade debtor
at time t to total (creditor) assets at time t − 1. If a trade creditor experiences multiple debtor failures
in a year then we construct the dependent variable based on the sum of the claims. The first stage
regression for the Heckman model includes the variable set that is included in Model (IV) in Table 3.
The firm-specific and the macroeconomic variable correspond to year t − 1. GDP is real output growth.
The firm-specific variables are described in Table 2. t-values, calculated on robust standard errors, are
reported within parenthesis.
Variables:
Accounts recievable/assets

(I)
1.691
(43.4)

Log(assets)
GDP

Dependent variable: Log(Claims/assets)
(II)
(III)
(IV)
0.702
0.702
0.642
(30.5)
(30.5)
(25.6)
-0.711
-0.711
-0.697
(-194.3)
(-194.3)
(-185.4)
1.016
1.139
(6.0)
(6.7)

Firm controls:
EBIT/assets

-0.482
(23.8)
-0.128
(-8.4)
0.016
(4.4)
-0.102
(-5.2)

Log(1 + age)
Log(1 + age)2
Fixed assets/assets
Heckman’s lambda:
λ

Year-fixed eﬀects
Industry-fixed eﬀects
Model
R2
χ2
Number of observations

(V)
1.070
(39.1)
-0.636
(-151.1)
0.210
(1.7)
-0.521
(-32.0)
-0.105
(-9.7)
0.012
(5.5)
-0.098
(-7.2)
0.321
(19.0)

Yes
Yes
OLS
0.111

Yes
Yes
OLS
0.551

No
Yes
OLS
0.551

No
Yes
OLS
0.554

No
Yes
Heckman
107 798

2 903 734
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Table 5: Estimating the trade creditor bankruptcy risk imposed by a trade debtor failure
The table reports coeﬃcient estimates from industry- and time-fixed eﬀects logistic regressions estimating
the likelihood that a firm fails as an outcome of facing a trade debtor bankruptcy. The estimation period
is 1992 to 2010. The dependent variable, T CF , indicates whether a firm is bankrupt or not in year t.
T DF is an indicator variable taking the value one if a firm experienced a trade debtor bankruptcy and
zero otherwise, in year t. Bankruptcy claims to assets is the time t size of the claims the firm has on
a bankrupt trade debtor to total (creditor) assets at time t − 1, reported for the period 1996 - 2010.
All firm-specific variables correspond to year t − 1. The firm-specific variables are described in Table 2.
dy/dx is average marginal eﬀects. The pseudo-R2 is calculated according to McFadden (1974). t-values
calculated on robust standard errors, clustered on the firm level, are reported within parenthesis.
(I)
Variables:
TDF (0/1)
TDF(Claims/assets < .05) (0/1)
TDF(.05 ≤ Claims/assets ≤ .15) (0/1)
TDF(.15 < Claims/assets) (0/1)

Coef.
0.749
(72.1)

Dependent variable: TCF (0/1)
(II)
(III)
dy/dx
Coef.
dy/dx
Coef.
dy/dx
0.015
0.906
0.018
(82.3)
0.584
0.009
(33.9)
1.762
0.028
(35.6)
2.567
0.041
(69.2)

Firm controls:
Total liabilities/assets

1.553
(135.0)
-2.558
(-74.4)
-0.886
(-55.1)
-0.134
(-43.2)
1.160
(78.1)
-0.323
(-78.5)

Cash and liquid assets/assets
EBIT/assets
Log(assets)
Log(1 + age)
Log(1 + age)2

Year-fixed eﬀects
Industry-fixed eﬀects
Pseudo-R2
Number of observations

Yes
Yes
0.035
3 576 758

0.030
-0.050
-0.017
-0.003
0.023
-0.006

Yes
Yes
0.137
3 576 758

1.473
(110.8)
-2.569
(-66.0)
-0.853
(-45.6)
-0.192
(-48.6)
1.111
(60.5)
-0.339
(-63.1)

0.024
-0.041
-0.014
-0.003
0.018
-0.005

Yes
Yes
0.137
2 903 734
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Table 6: Controlling for common shocks and unobservable creditor characteristics
The table reports coeﬃcient estimates from logistic and OLS regressions estimating the likelihood that
a firm bankrupts as an outcome of a trade debtor bankruptcy, during the period 1992 to 2010. The
dependent variable, T CF , indicates whether a firm is bankrupt or not in year t. T DF is an indicator
variable taking the value one if the trade creditor experiences a trade debtor failure and zero otherwise in
year t. The industry fixed-eﬀects are constructed based on one- and two-digit SNI codes, and the location
fixed-eﬀects are constructed according to a county level (Swedish län). All models are augmented with the
firm-specific explanatory variables included in Model (II) to (IV) in Table 5. The pseudo-R2 is calculated
according to McFadden (1974). t-values for the logistic regressions are calculated with standard errors
obtained after a sample size adjustment where the covariance matrix is scaled by the average number of
firm-years per firm, so as to account for within firm dependence, c.f., Shumway (2001).
Variable:
TDF (0/1)
Specification:
Year × Industry-fixed eﬀect
Year × Location-fixed eﬀect
Year × Industry × Location-fixed eﬀect
Firm-fixed eﬀect
Model
SIC level
Firm controls
Pseudo-R2 /R2
Number of observations

(I)
0.904
(29.6)
Yes
No
No
No
Logistic
1-digit
Yes
0.139

Dependent variable: TCF (0/1)
(II)
(III)
(IV)
0.905
0.900
0.019
(29.6)
(29.5)
(67.7)

(V)
0.018
(67.4)

Yes
Yes
No
No
Logistic
1-digit
Yes
0.140

Yes
Yes
No
Yes
OLS
2-digit
Yes
0.486

No
No
Yes
No
Logistic
1-digit
Yes
0.142
3 576 758

No
No
Yes
Yes
OLS
1-digit
Yes
0.470

Year-fixed eﬀects
Industry-fixed eﬀects
Firm controls
Sample period
Pseudo-R2
Number of observations

TDF(No acc. info.) (0/1)

TDF(assets TD /assets TC ≥ .10) (0/1)

TDF(assets TD /assets TC < .10) (0/1)

D(R&D ≥ 75 perc.) (0/1)

TDF(R&D ≥ 75 perc. ∩ Claims/assets ≥ 25 perc.) (0/1)

TDF(R&D < 75 perc. ∩ Claims/assets ≥ 25 perc.) (0/1)

TDF( R&D ≥ 75 perc. ∩ Claims/assets < 25 perc. ) (0/1)

TDF(R&D < 75 perc. ∩ Claims/assets < 25 perc.) (0/1)

TDF (0/1) × D(R&D ≥ 75 perc.) (0/1)

Variables:
TDF (0/1)

0.000

0.004

dy/dx
0.014

Yes
Yes
Yes
1998-2010
0.134

0.019
(0.8)

Coef.
0.917
(53.5)
0.240
(4.6)

(I)

0.092
(1.7)
0.368
(2.6)
1.011
(58.0)
1.262
(24.4)
0.017
(0.7)

0.000

0.071

Yes
Yes
Yes
1998-2010
0.135
2 537 104

0.000

0.019

0.015

0.006

0.001

0.734
(7.0)
0.950
(25.4)
0.927
(14.3)

Dependent variable: TCF (0/1)
(II)
Coef. dy/dx p-value
Coef.

Yes
Yes
Yes
2007-2010
0.135

0.013

0.013

0.010

(III)
dy/dx

0.046

p-value

The table reports results from industry- and time-fixed eﬀects logistic regressions estimating the likelihood that a firm fails as an outcome of facing
a trade debtor bankruptcy. The estimation period is 1998 to 2010, and 2007 to 2010. The dependent variable, T CF , indicates whether a firm fails,
or not, in year t. T DF is an indicator variable taking the value one if the firm experiences a trade debtor failure, and zero otherwise, in year t.
’D(R&D ≥ 75perc.)’ is a dummy variable that takes the value one if the trade creditor belongs to any of the 25 percent of the industries (two-digit SIC
level) with the largest fraction of firms that report R&D expenditures, and zero otherwise. The four variables included in Column (II) correspond to a
partitioning of the T DF variable with respect to whether the creditor belongs to any of the 25 percent of the industries (two-digit SIC level) with the
largest fraction of firms that report R&D expenditures and whether the size of the bankruptcy claims to (creditor) assets is below or above the 25th
percentile of bankruptcy claims. The regressions where R&D is included is estimated for the sub-period 1998 to 2010 due to data limitations on R&D
expenditures. The three variables included in Column (III) corresponds to a partitioning of the T DF variable with respect to whether total assets of
the trade debtor is smaller or larger than one tenth of total assets of the trade creditor. We also include a control variable, ’T DF (N o acc. Inf o.)’,
which takes the value one for trade debtor failures where we do not observe any accounting information for the trade debtor, and zero otherwise.
The regression where we control for debtor characteristics is estimated for the sub-period 2007 to 2010 for which we observe the identity of the trade
debtor. All models are augmented with the firm-specific explanatory variables included in Model (II) to (IV) in Table 5. The pseudo-R2 is calculated
according to McFadden (1974). t-values calculated on robust standard errors, clustered at the firm level, are reported within parenthesis.

Table 7: Controlling for demand shocks
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Table 8: Cross-sectional determinants of trade creditor bankruptcy risk imposed by a trade
debtor failure
The table reports results from industry- and time-fixed eﬀects logistic regressions estimating the likelihood
that a firm fails as an outcome of facing a trade debtor bankruptcy. The estimation period is 1992 to
2010. The dependent variable, T CF , indicates whether a firm fails, or not, in year t. T DF is an indicator
variable taking the value one if the firm experiences a trade debtor failure, and zero otherwise, in year t.
The firm-specific and macroeconomic variables correspond to year t − 1. GDP is real output growth.
The firm-specific variables are described in Table 2. The pseudo-R2 is calculated according to McFadden
(1974). t-values calculated on robust standard errors, clustered at the firm level, are reported within
parenthesis.
Variables:
TDF (0/1)
TDF (0/1) × Total liabilities/assets

(I)
0.419
(13.8)
0.545
(16.4)

TDF (0/1) × Cash and liquid assets/assets

Dependent variable: TCF (0/1)
(II)
(III)
(IV)
1.022
0.898
0.949
(74.4)
(81.3)
(81.3)

-0.366
(-8.4)

GDP

Firm controls:
Total liabilities/assets
Cash and liquid assets/assets
EBIT/assets
Log(assets)
Log(1 + age)
Log(1 + age)2

Year-fixed eﬀects
Industry-fixed eﬀects
Pseudo-R2
Number of observations

-4.194
(-11.0)

-1.716
(-13.2)

TDF (0/1) × EBIT/assets
TDF (0/1) ×

(V)
0.665
(17.8)
0.425
(11.1)
-1.461
(-11.0)
-0.105
(-2.0)
-3.933
(-10.1)

1.499
(127.1)
-2.560
(-74.5)
-0.885
(-54.6)
-0.133
(-42.6)
1.160
(77.9)
-0.323
(-78.2)

1.554
(135.1)
-2.398
(-68.5)
-0.885
(-55.1)
-0.135
(-43.5)
1.161
(78.1)
-0.324
(-78.6)

1.554
(134.9)
-2.559
(-74.4)
-0.843
(-50.2)
-0.134
(-43.1)
1.160
(78.0)
-0.323
(-78.4)

1.553
(135.0)
-2.559
(-74.4)
-0.885
(-55.1)
-0.134
(-43.1)
1.159
(78.0)
-0.323
(-78.5)

1.513
(127.3)
-2.428
(-69.0)
-0.873
(-51.5)
-0.134
(-42.8)
1.159
(77.8)
-0.323
(-78.2)

Yes
Yes
0.137

Yes
Yes
0.137

Yes
Yes
0.137
3 576 758

Yes
Yes
0.137

Yes
Yes
0.138

Chapter 3
Taking the Twists into Account: Predicting Firm Bankruptcy
Risk with Splines of Financial Ratios
Abstract: We demonstrate improvements in predictive power when introducing spline functions
to take account of highly non-linear relationships between …rm failure and leverage, earnings, and
liquidity in a logistic bankruptcy model. Our results show that modeling excessive non-linearities
yields substantially improved bankruptcy predictions, on the order of 70 to 90 percent, compared
with a standard logistic model. The spline model provides several important and surprising
insights into non-monotonic bankruptcy relationships. We …nd that low-leveraged as well as
highly pro…table …rms are riskier than given by a standard model, possibly a manifestation of
credit rationing and excess cash-‡ow volatility. These features are remarkably stable over time,
suggesting that they are of a structural nature.

3.1

Introduction

Bankruptcy is an event of fundamental economic importance. The recent recession has shown
that its rate of occurrence in the aggregate has profound in‡uence on the outcomes of economic
growth and unemployment, as well as …nancial stability through the e¤ects on banks and …nancial
markets in general. At the micro level, bankruptcy can be seen as the main driver of credit risk
and is hence a primary concern for banks and investors that screen …rms and monitor …rms’
e¤orts. In spite of its importance, our empirical understanding of the determinants of bankruptcy
still has remarkable gaps despite the enormous volume of this literature. One such gap, and
the focus of this paper, is an empirical exploration of non-linear relationships between …rm-level
bankruptcy and key …nancial ratios such as …rms’ leverage, earnings, and liquidity. For this
purpose we employ a recently compiled and extensive panel data set with detailed …rm-level
information on all incorporated Swedish businesses, both private and public, over the period
1991 2008. The panel comprises around 4 million …rm-year data points, with an average of over
200; 000 …rms per point in time. Our aim is to demonstrate the substantial gains in explanatory
and predictive power that can be achieved by introducing straightforward spline functions into
an otherwise standard multi-period logistic modeling framework, as used by Shumway (2001),
Chava and Jarrow (2004), Campbell, Hilscher, and Szilagyi (2008), and others. Introducing
splines into a logistic regression is a ‡exible and computationally e¢cient method for exploring
73
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non-linear relationships. It can be described as a simple transformation of the set (or subset) of
explanatory variables into an extended covariate set, similar to a plain polynomial extension. In
comparison with other ‡exible approaches, the spline method has the advantage of preserving
linearity in the parameters, and the extended model can therefore readily be estimated using
maximum likelihood and standard software.1
There are good reasons to presume that relationships between …rms’ …nancial ratios and
bankruptcy risk are non-linear, or even non-monotonic. The functional form of the probability
of default implied by Merton’s (1974) distance-to-default model suggests that a …rm’s debt level
only yields a modest impact on bankruptcy risk for low debt levels, whereas a substantially
enhanced impact occurs when the value of debt approaches the market value of the …rm.2 The
economic intuition is straightforward: there is no reason why a debt reduction should have an
impact on a …rm’s bankruptcy risk when solvency is high, while the marginal bene…t of a samesized reduction should be much larger when the …rm is indebted close to insolvency. Bharath
and Shumway (2008) study the empirical relevance of Merton’s bankruptcy probability within
a multi-period logistic framework. They do so by including a proxy of the probability measure
together with the variables used to construct the proxy jointly in the empirical model and
conclude that the statistical signi…cance of the proxy suggests that the non-linear transformation
implied by Merton’s model leads to enhanced bankruptcy predictions. In other words, their
result lends support to the view that the relationship between …rms’ capital structure and
bankruptcy risk indeed is highly non-linear.
In addition to …rms’ capital structure, other key variables such as …rms’ earnings ratio and
liquidity holdings are also likely to display non-linear relationships with bankruptcy risk. That
is, increased earnings are likely to reduce …rms’ risk of failing on debt payments and ongoing
expenditures. However, excessive positive earnings may be the outcome of risky strategies resulting in high cash-‡ow volatility, which could induce an increased risk of encountering …nancial
distress and bankruptcy (see e.g., Nance, Smith, and Smithson 1993). Furthermore, it is intuitive to assume that increased cash holdings yield a signi…cant impact on …rms’ bankruptcy risk
1
As a point of clari…cation: the standard logistic model is non-linear in the probability, but linear in the log
odds. The spline model, that we propose to use, is non-linear also in the log odds, and will thus allow for more
general non-linearities and non-monotonicities. In fact, the logistic model o¤ers a rather restricted functional
form that may not necessarily yield a good approximation of the empirical relationship.
2
See Bharath and Shumway (2008) for a detailed outline
p of the probability of default implied by Merton’s
model: P DM erton = N ( ( ln (V =F ) +
0:5 2V T =( V T ))), where N( ) is the standard normal cdf, V is
the market value of the …rm, D is the face value of the debt, is the return on V , 2V is the volatility of V , and
T is the forecast horizon. The term ln (V =F ) jointly with the standard normal cdf implies that the impact of a
…rm’s leverage ratio, F=V , on its bankruptcy risk is enhanced as the debt level approached the market value of
the …rm.
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if their initial cash position is weak, but will be of minor importance for already cash-rich …rms.
Taken together, these observations motivate a systematic exploration of non-linear relationships
between …nancial ratios and …rms’ bankruptcy risk. Thus, the focus of this paper is to explore
non-linear relationships beyond those imposed by the logistic link function.
This paper is, to the best of our knowledge, the …rst to document three important features of
non-linearities in bankruptcy risk modeling.3 Firstly, we show that allowing for non-linearities
substantially improves both the model’s risk-ranking ability and the accuracy of the absolute
bankruptcy risk estimates. In terms of a statistical …t-measure, a pseudo-R2 , the improvement
in-sample is on the order of 70 to 90 percent which is remarkable given that our approach leaves
the information set unchanged. Secondly, thanks to the size of our panel data set, we are able to
estimate corresponding spline models for each of the 18 years in our sample period 1991

2008.

The resulting non-linear relationships are found to be remarkably stable over this time period,
suggesting that the spline model provides a superior tool for forecasting bankruptcy risk. This
is also veri…ed in out-of-sample evaluations of the logistic and logistic spline models. Finally,
the estimated non-linear relationships provide important economic insights on the relationships
between key …nancial ratios and bankruptcy risk. More speci…cally, we document both threshold
e¤ects and sign inversions in the relationships between …nancial ratios and bankruptcy risk. For
instance, in line with Merton’s model, we observe threshold e¤ects for the relationship between
the leverage ratio and bankruptcy risk. The impact of …rms’ debt levels on their bankruptcy
risks is moderate and close to constant for leverage ratios (total liabilities to total assets) in the
30

60 percent region. However, the risk more than quadruples in the 60

100 percent region,

and, less intuitively, risks also increase as the leverage ratio decreases towards 0 in the 0

30

percent region. Moreover, we observe sign inversion for the relationship between the earnings
ratio (earnings to total assets) and bankruptcy risk. The bankruptcy risk is decreasing in the
earnings ratio until the ratio reaches 15 percent and increasing thereafter.
Accounting, or …nancial ratio, analysis for predicting business failures and bankruptcy risk
has a century long tradition and its modern era began in the 1960s with work by Beaver (1966)
and by Altman (1968).4 In an in‡uential paper, Shumway (2001) outlines what has become
3
Earlier contributions have demonstrated that ‡exible bankruptcy risk modeling with generalized additive
models signi…cantly improve ranking properties vis-à-vis the standard logistic bankruptcy risk model (c.f., Berg
2007; Dakovic, Czado, and Berg 2010).
4
Altman’s multivariate approach, the seminal Z-score model, which continues to be a benchmark-model widely
applied in academia and by the rating industry. Altman (1971; 1984; 2000) has further examined accounting-based
modelling, and numerous follow-up papers have been written, noteable ones are Ohlson (1980) and Zmijewski
(1984). Altman and Narayanan (1997) and Altman and Saunders (1997) provide surveys of the bankruptcy
litterature.
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the dominating method for estimating …rm bankruptcy risk. Shumway points to the bias and
inconsistencies that arise in static models of bankruptcy due to such models’ neglectance of
ultimately failing …rms non-failing behavior in periods prior to bankruptcy.5 Shumway goes on
to show that a multi-period logistic model avoids the bias and inconsistencies in static models,
and the approach has since then been a benchmark. He also argues that the signi…cance of
many of the …nancial ratios found by earlier papers does not survive in a multi-period model, in
particular if up to date market-driven variables are included. Chava and Jarrow (2004) con…rm
the superiority of Shumway’s approach, and suggest further improvements by controlling for
industry e¤ects and by considering a monthly frequency instead of the pre-dominating annual
data frequency. Furthermore, Campbell et al. (2008) also applies the Shumway model speci…cation and contributes by considering a wide range of …nancial ratios as well as market-driven
variables in search of optimal models for given forecast horizon. Summing up, it is clear that
multi-period logistic models dominate the static approaches. Market-driven variables clearly
contribute over-and-above the …nancial ratios based on …rms’ …nancial statements. However,
the latter have not entirely played out their roles in bankruptcy modelling, not even for samples
of public …rms as in the papers mentioned above. For bankruptcy risk in private …rms, which
is the concern in this paper, …nancial ratios remain the important information source, since
market-driven variables are typically not available.6
A large set of various …nancial ratios have been proposed for modeling bankruptcy risk.
We have selected three ratios based on what we judge are frequently used variables in the
literature, re‡ecting …rm characteristics in key areas such as capital structure, performance,
and liquidity. The ratios are: total liabilities over total assets (leverage ratio); earnings before
interest and taxes over total assets (earnings ratio); cash and liquid assets in relationship to total
liabilities (cash ratio). As we will demonstrate, these variables are close to being monotonically
related to …rm failure for large segments, which explains their long-standing popularity in the
bankruptcy risk literature. However, substantially more information about …rms’ riskiness can be
gained by accounting also for non-linear aspects of these variables’ relationships with …rm failure.
Furthermore, in a recent paper, Jacobson, Lindé and Roszbach (2011) examine the empirical
5
The traditional, static models typically only make use of the last …nancial statement before a …rm goes
bankrupt. Or, alternatively, e.g., the next to last …nancial statement before failure, but in that case discarding
the information contained in the last statement. By means of a simple 2-period example Shumway demonstrates
how the bias of the maximum likelihood estimator of the probability of default arises in a static model.
6
Bharath and Shumway (2008) evaluate the out-of-sample accuracy of the Merton (1974) model and …nd
that the distance-to-default measure is not a su¢cient statistic for the probability of default in the sense that
its accuracy can be surpassed by means of a reduced form model. Hence, suggesting that …nancial statements
contain default-relevant information over-and-above that provided by market-driven variables.
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role of macroeconomic factors for bankruptcy risk modelling using the same longitudinal data
set as in this paper. Their results suggest that macroeconomic factors shift the mean of the
bankruptcy risk distribution over time and thereby are the most important determinants of the
average level of …rm failure. Therefore, in addition to the set of …nancial ratios, we include two
macroeconomic variables in order to capture the important time-varying mean of the failure risk
distribution. We also include variables that control for the size and age of the …rm.
The remainder of this paper is structured as follows. In the next section, we present the
Swedish …rm data set. In Section 3 we provide a brief introduction to the statistical framework,
and in particular how to introduce spline functions. The empirical results are reported in
Section 4 for two versions of the models, one where only the lagged levels of the …nancial ratios
and control variables are included and then another where the model is augmented with spline
functions. We undertake in-sample, as well as out-of-sample comparisons of the estimated models
along three dimensions: (i) the …t of the models in terms of an adjusted R2 , (ii) the accuracy of
the bankruptcy risk ranking, and (iii) the accuracy of the absolute bankruptcy risk estimates.
Finally, Section 5 concludes.

3.2

Data, Institutional Setting, and Descriptive Statistics

The …rm data set underlying this paper is an unbalanced panel consisting of 4; 039; 183 yearly
observations on the stock of (on average) roughly 200; 000 Swedish aktiebolag, or corporate …rms,
as recorded between January 1, 1991, and December 31, 2008, hence covering a period of 18 years.
Aktiebolag are by approximation the Swedish equivalent of corporations in the US, or limited
liability businesses in the UK. Swedish law requires every aktiebolag to hold in equity a minimum
of SEK 100; 000 (approximately USD 15; 000) to be eligible for registration at Bolagsverket, the
Swedish Companies Registration O¢ce (SCRO). Swedish corporates are also required to submit
an annual …nancial statement to the SCRO, covering balance-sheet and income-statement data
in accordance with the European Union standards. The …nancial statements, provided to us by
Upplysningscentralen AB, the leading credit bureau in Sweden, constitute the backbone of the
panel data set analysed below.
In Sweden, as in many other countries, …rms have considerable discretion in choosing a
…scal year period for their …nancial statement. Thus, the …scal years for Swedish corporates
are allowed to vary between a minimum of 6 and a maximum of 18 months. Only for about
half of the …rm-year observations in our sample does the …scal year coincide with a calendar
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year. Intuitively, in a multi-period framework, where dynamic behavior is modeled, it is crucial
that the …nancial statements actually cover the time period for which they are supposed to
pertain. In the papers above, or elsewhere to the best of our knowledge, this problem has
not been acknowledged, presumably because the bankruptcy literature has mostly dealt with
samples of large, listed …rms for which …scal and calendar years tend to coincide. We have
standardized the …nancial statements by …rst transforming them to quarterly observations and
then by aggregating over the four quarters of a given year.
The design of the input data set for a study on bankruptcy determination requires deliberation on a number of issues: (i) A de…nition of the population of corporate …rms that in a
given year are at risk of failure, or alternatively, actually fail that year; (ii) A de…nition of the
dependent variable, i.e., the status of bankruptcy; (iii) As noted above, Swedish corporates
have substantial discretion in their choices of calendar periods for their …scal years, hence the
…nancial statements need to be suitably standardized prior to estimation; (iv) A choice of the set
of …nancial ratios, as well as the treatment of outliers. We also need to determine other control
variables to include. As most studies on …nancial ratios and …rm failure deal with samples of
publically traded …rms, attention has primarily been given to the last item on this list. Since
we want to model the universe of Swedish corporates, all four issues become important for our
data set.
In de…ning the population of existing …rms in a given year t we include the …rms that have
issued a …nancial statement covering that year and are classi…ed as “active”, i.e., …rms with
reported total sales in excess of 10; 000 SEK (roughly USD 1; 500). Unfortunately the resulting
sample does not amount to all active …rms because some …rms fail to submit their compulsary
…nancial statements. This is particularly common for …rms in distress, which is quite intuitive.
A typical outcome in our data is a …rm that ceases submissions of their …nancial statements and
ultimately - could be many years later - enters into bankruptcy. Hence, there are two additional
groups of …rms that rightfully belong to the population that we wish to make inference about,
but due to their lack of …nancial statements prove di¢cult to include in the sample. The …rst
group is made up by …rms that do not submit statements, nor do they fail. These …rms exist,
but we have no record of them and must therefore abstract from them. The second group
consist of …rms that have neglected to submit their statements, but by de facto failing in t
leave evidence of their existence. In this paper, where the focus is on non-linearities in the
relationships between …nancial ratios and bankruptcy, we have chosen to discard all incomplete
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data and hence estimate the models on a sample of submitting …rms only.7
In order to construct a reasonable dependent variable for …rm failure events we have obtained
from the credit bureau records of corporate …rms’ payment remarks. These are systematically
collected data on events related to …rms’ payment behaviour from various relevant sources, e.g.,
the Swedish retail banks, the Swedish tax authorities, and, in particaular, the juridical institutions that deal with the legal formalities in …rms’ bankruptcy processes. We have adopted the
following de…nition of a …rm failure from the credit bureau. A …rm has failed if any of the following events has occurred: the …rm is declared bankrupt in the legal sense, has o¢cially suspended
payments, has negotiated a debt composition settlement, is undergoing a re-construction, or, is
distrain without assets. In total, 96; 091 …rms in the panel enter into bankruptcy, an average
failure rate of 2:38 percent. An overwhelming majority of these are due to bankruptcy in court,
around 89 percent. For the remainder this event will almost always ultimately occur, but with
a lag, hence the practise of using an extended de…nition of failure, beyond that of legal bankruptcy. The idea is to include events - and their timing - that capture the point-of-no-return
for failing …rms. In a loose sense, one can think of this de…nition as corresponding to the union
of US Chapter 7 and Chapter 11 (liquidation) …lings for bankruptcy. The included events are
all reported on a daily frequency, but for this study we will simply set the bankruptcy indicator
yi;t to unity if …rm i fails on any day in year t, and to zero otherwise.
Since we are interested in modelling e¤ects from …nancial ratios on bankruptcy in a multiperiod model, it is imperative to make the …nancial statements temporally aligned with the
dependent variable. The …rst step in this process involves safeguarding against partly, or wholly,
overlapping …scal years for a given …rm over time. What we want to observe is a string of
non-overlapping …nancial statements. In the second step we construct arti…cial, standardized
…nancial statements, all for …scal years beginning on January 1 and ending on December 31. This
is achieved by …rst working out monthly statements, then aggregating these to quarterly ones,
and …nally aggregating over quarters for yearly statements. In the case where two consecutive
statements share a month we interpolate linearly. The ‡ow and stock variables of the …nancial
statements have been separately and accordingly adjusted. This problem of divergence between
…scal and calendar year is a non-trivial problem for Swedish corporates, since on average over
7
In Jacobson et al. (2011), based on similar data, there is much emphasis on the forecasting of aggregate
bankruptcy rates and therefore incomplete observations are retained in the sample and by means of randomized
inputations are made operational. As a robustness check, the paper compares results from a complete sample
with an imputed one and only …nd minor di¤erences in the estimates.
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time close to 10 percent will submit a statement for a period other than a calendar year.8
The three …nancial ratios included in our empirical analysis are frequently used ratios in
papers on bankruptcy risk and are chosen to re‡ect …rms’ capital structure, pro…tability, and
liquidity. They strongly correlate with our de…nition and measure of failure and are: total
liabilities over total assets (leverage ratio); EBIT over total assets (earnings ratio); cash and
liquid assets in relationship to total liabilities (cash ratio).9 ;10 By including the leverage ratio
we control for events where …rms fail due to balance-sheet-based insolvency, i.e., the value of
the liabilities exceeds that of the assets. Furthermore, the earnings- and liquidity ratios provide
important information related to whether a …rm is at the risk of cash-‡ow-based insolvency,
i.e., a shortage of liquid assets to cover debt payments and ongoing expenditures. Hence, these
…nancial ratios are important determinants of …rm failure risk.
In addition to the …nancial ratios we also include a set of control variables. These are:
…rm size as measured by real total sales (de‡ating by means of consumer prices, with year 2000
prices as base-line); …rm age in years since …rst registered as a corporate; the yearly GDP-growth
rate; and the repo-rate, a short-term interest rate set by Sveriges Riksbank (the Central bank
of Sweden). The two …rm-speci…c control variables are included to take account of the welldocumented results that smaller and younger …rms are, ceteris paribus, riskier than older and
larger ones. The two aggregate variables were found to be important determinants of average
bankruptcy rates in Jacobson et al. (2011). Hence, by including them here we are able control
for business cycle ‡uctuations and avoid their confounding e¤ects on the estimated relationships
between …nancial ratios and bankruptcy. Following Chava and Jarrow (2004) we could also
consider controlling for industry e¤ects, but according to the conclusions in Jacobson et al.
(2011) industry e¤ects do not appear to be of …rst order importance for the Swedish corporate
sector, hence we leave those out in the interest of simplicity.
8

The annual number of …nancial statements increases from about 200,000 in the beginning of the sample
period, to well over 300,000 in the …nal two years. The shares of shorter (less than 12 months) and longer (longer
than 12 months) statements are both around 5 percent. Whereas shorter than the stipulated 6 months happen,
statements covering a longer period than the allowed 18 months are very rare. Over time, the annual shares of
shorter/longer statement periods have come down from about 8 percent to currently around 4 percent. Thus,
an overwhelming majority of statements concern a period of 12 months. However, out of the 90 percent of the
total number of statements, only 48 percentage points coincide with a calendar year, and hence 42 percentage
points refer to other 12 month periods. In these calculations we have allowed for a given calendar year to begin in
mid-December the previous year, and end in mid-January the following year. Hence, if anything the 48 percent
is an exaggeration. Over time, this share of calendar year statements has increased from 45 to 50 percent.
9
We also considered an alternative de…nition of the cash ratio by taking cash and liquid assets over total
assets. However, we found that the current ratio, where cash and liquid assets are scaled by total liabilities, adds
more explanatory power to the model by re‡ecting additional information related to the …rms’ net-debt position.
10
In the spirit of Beaver (1966), the purpose of this paper is not necessarily to establish the optimal prediction
model for bankruptcy events, but to demonstrate the strength in allowing for non-linear relationships, whichever
speci…cation is preferred.
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When working with data sets of this size, it is quite evident that a portion of the observations
is made up of severe outliers. Such observations would distort the estimation results if they were
to be included in a standard logistic model, thus winsorization is common in the literature to
avoid outliers that are created by near-zero denominators. However, our spline approach is by
construction robust towards inclusion of outliers, and therefore makes winsorization less necessary. Nevertheless, in order to make comparisons with the standard logistic model meaningful we
treat the data in accordance with Shumway (2001) and Chava and Jarrow (2004) by winsorizing
the top and bottom one percent of the …nancial ratios. Table 1 reports the empirical distributions for the winsorized data set. The table distinguishes between bankrupt and non-bankrupt
…rm-years, for the period 1991-2008.
[Insert Table 1 about here.]
The picture emerging from Table 1 is that there is a clear di¤erence between failing and
non-failing …rm-years for these variables. On average, non-failing …rms are substantially less
leveraged, 66 percent as compared to 101 percent. Non-failing …rm-years have substantially
larger earnings and exhibit higher cash holdings as compared with failing …rm-years. The average
earnings ratio is 5.2 percent for non-failing …rms, compared to a mere

10:4 percent for failing

…rms. The table also shows that uncondionally, smaller …rms are riskier than larger ones. The
average sized failed …rm has total sales of SEK 6,175,000, whereas the average sized healthy …rm
has total sales of SEK 18,562,000. The same conclusion applies to …rm age where the average
age for failed …rms is 9 years, while the average non-failed one is 11 years.

3.3

Empirical Methodology

As we will illustrate in Section 4, our data set shows de…nite signs of strong non-linearities in
the relationships between bankruptcy risk and several of the most commonly used explanatory
…nancial ratios. There is a large number of non-linear models for binary responses in the statistical literature, but many of them are computationally impractical to use on a data set of our size.
We will use the most popular choice in applied work: the additive spline regression model. Our
aim here is to show that this powerful model can be estimated with standard software packages,
and should therefore appeal to a broad group of applied economists. Additive splines can be
used for many di¤erent response data types (continuous, counts, fractions) following a large set
of distributions (the exponential family), but we restrict our attention to the case with a logistic
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model for a binary response variable.
The basic bankruptcy risk model is the logistic regression model which assumes that the
binary responses are independently distributed Bernoulli variables:
yi;t jpi;t
i;t

Bern(pi;t ); i = 1; :::; N and t = 2; :::; T;
= ln

pi;t
1 pi;t

=

+

0

xi;t

1

0

+

zt

1;

(1)

where yi;t 2 f0; 1g is the binary response variable recording the failure (yi;t = 1) of …rm i at
time t, xi;t

time t

1

is a vector of …rm-speci…c variables and zt

is a set of macroeconomic variables at

1

1. For simplicity, we use an estimator of the mean response that assumes independent

observations conditional on the …rm-speci…c and macroeconomic variables. Liang and Zeger
(1994) show that this estimator is consistent even in the presence of autocorrelation among
the multiple observations within each …rm in the panel. We use the modi…ed standard errors
proposed by Shumway (2001) that corrects for the ignored autocorrelation.
The logistic model in (1) belongs to the class of Generalized Linear Models (GLM), and everything in this section is directly applicable to other members of the GLM class, e.g., response
counts following the Poisson distribution, or non-negative, continuous Gamma-distributed response variables. It also applies to models with a more general link function:
g(pi;t ) =

+

0

xi;t

1

+

0

zt

(2)

1;

where g( ) is any smooth invertible link function. In GLM terminology, the model in (1) is a
Bernoulli model with a logit link.
A prominent feature of GLMs is that a transformation of the mean (pi;t in the Bernoulli case)
is linear in the explanatory variables. As we show in Section 4, our data set on …rm failures
are highly non-linear in the log odds, showing a pressing need to go beyond the plain logistic
regression model. The most obvious way to introduce non-linearites in the logistic regression
model is by adding polynomial terms. This amounts to extending the set of covariates with
squares, cubes etc. of the original covariates. One would thus replace the set of basis functions
f1; xi;t

1g

with an extended basis set f1; xi;t

2
3
1 ; xi;t 1 ; xi;t 1 ; :::g,

but the model (in log odds

form) remains linear in the parameters, and can therefore be …tted with the same methods as
in the linear case. A serious drawback of polynomials are their global nature. Perturbing an
observation in one part of the covariate space can have large e¤ects on observations that are
far from the perturbed data point. A side-e¤ect of this global property is that polynomials can
…t very poorly near the boundaries of the support of xi;t

1.

This is the primary reason why

polynomial regression is not commonly used in modern non-linear regression analysis.
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A period of intense research on kernel regression methods, c.f., Li and Racine (2007), has
led to a shift in attention towards the use of splines for non-linear/non-parametric regression.
Splines can be viewed as piecewise local polynomials with enforced continuity and higher order
smoothness (e.g., continuous …rst derivatives) at the dividing points. The use of piecewise
polynomials makes spline regression a local method without the problems associated with global
polynomials. A spline model is implemented in the same way as the basic polynomial regression
by extending the covariate set with additional basis function covariates to model the non-linear
e¤ects. The continuity and smoothness restrictions are imposed directly in the construction of
the basis functions. A particularly popular set of basis functions is the truncated power basis of
order S:
f1; xi;t

2
S
1 ; xi;t 1 ; :::; xi;t 1 ; (xi;t 1

k1 )S+ ; :::; (xi;t

kM )S+ g;

1

(3)

where k1 ; :::; kM are the M dividing points of the local polynomials, usually referred to as knots,
and
(xi;t

0

k)S+ =

1

(xi;t

1

if x k
:
k)S if x > k

(4)

The attraction of this type of basis is that it directly incorporates the continuity constraints so
that the function and its S

1 …rst derivatives are all continuous at the knots. The logistic

spline regression model is therefore of the form:

i;t
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Note that the log odds remains linear in the parameters, and the logistic spline model can
therefore be …tted with standard methods.
A drawback of the local basis is that the …t can be erratic at the boundaries of the covariates
space with ensuing poor extrapolation properties. A natural spline mitigates this problem by
imposing a linearity constraint beyond the boundary knots. This restriction reduces the variance
of the approximating function in these regions, and can be directly imposed on the basis itself.
For example, in the case of a truncated power basis the corresponding natural spline basis
functions are given by the recursion:
h1 (xi;t

1)

= xi;t
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(7)
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To implement the spline regression model one needs to decide on the number of knots (M)

and their location, k1 ; :::; kM . With a small, or moderately large, data set these two choices
are crucial and much e¤ort in the literature is spent on developing statistical methods to deal
with them. The most common approach is to use a fairly large number of knots and to …x
their locations prior to the analysis. Since each knot corresponds to a covariate in the expanded
covariate set, one can use traditional variable selection methods to remove unnecessary knots in
the estimation phase. Alternatively, Bayesian variable selection methods can be used to weight
the knots by their posterior model probabilities (see, e.g., Smith and Kohn 1996; and Denison,
Mallick, and Smith 2002). An alternative way to achieve model parsimony is to use a smoothness
penalty (or equivalently a Bayesian shrinkage prior) that shrinks the regression coe¢cients of
all knots toward zero. There is also a small literature that treats the knot locations as unknown
parameters and estimates them jointly with their regression coe¢cients.
In large data sets, such as ours, allowing for sharply estimated parameters, the exact choice
of the number of knots and their locations is of lesser importance, and the above mentioned
methods are unnecessarily sophisticated. Moreover, these algorithms are very time-consuming
when applied to a very large data sets. We have therefore opted for the following simpler, but
e¤ective, strategy. The number of knots is determined by the Bayesian Information Criterion
(BIC) as proposed by Schwarz (1978). The BIC chooses the number of knots that maximizes
the likelihood function subject to a penalty for model complexity. After choosing the number of
knots, the location of the knots is usually …xed at predetermined quantiles of xi;t

1,

which gives a

more dense allocation of knots in regions with many observations. In our case some variables have
many observations taking the same value, so that this strategy gives occasional knot duplication
or near-duplication, resulting in perfect or high multicollinearity. Rather than eliminating the
duplicates we chose to employ the well-known k-means algorithm to determine the location of
the knots. The k-means algorithm minimizes the average distance of an observation xi;t

1

to

its closest knot, and therefore makes e¤ective use of all the knots by construction, avoiding the
above mentioned problems. Our results are robust to changes in the number of knots and to
alternative knot location schemes.
While estimating a ‡exible mean curve using spline regression with a single covariate is
relatively straightforward, it is a substantially harder problem to estimate a ‡exible mean surface
with multiple covariates. The main complication is the curse of dimensionality: any reasonably
large number of knots will always be sparse in a high-dimensional covariate space; see Hastie,
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Tibshirani, and Friedman (2009, p. 23) for an illustration of the curse of dimensionality. There
is also a limit to what clustering methods can do in selecting good knot locations since the
response is not involved in the clustering. By far, the most common way of dealing with the
curse of dimensionality is to assume away all interactions between covariates. The additive
logistic spline model with natural quadratic spline basis functions is then of the form (Hastie
and Tibshirani 1990):

i;t

= ln

where hj;1+m (xj;i;t
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is the natural spline function for the j th covariate and mth knot. The

assumption of additivity allows us to distribute the knots for each covariate separately from the
other covariates. Experiments showed that for our data set, the restriction M1 = : : : = Mp = M
did not degrade the in-sample …t, nor the out-of-sample predictive performance.
In summary, our model is a logistic additive spline model with natural quadratic spline basis
functions (S = 2) and an equal number of knots for each covariate (henceforth referred to as
the logistic spline model). The number of knots is determined by the BIC, and the knots are
deployed by separate k-means clustering of each covariate. Given the knot locations, the spline
basis functions are computed and subsequently used as covariates in a standard logistic regression
model. The basis expanded logistic regression is …tted with standard methods, available in
almost any statistical software package. The massive size of our data set makes it unnecessary
to make use of regularization methods like variable selection and shrinkage priors to avoid
over…tting. Such methods do however have a role to play for smaller data sets, such as, e.g.,
that of US listed …rms. These methods are implemented in several major statistical software
packages like the gam package in R and Proc GAM in SAS.

3.4

Empirical Results

In this section we report empirical results for the logistic and logistic spline models. In particular,
we …rst show the univariate relationships between the …rm-speci…c variables and bankruptcy risk.
Secondly, we brie‡y report results for the standard logistic model, corresponding to the ones
reported in Shumway (2001), Chava and Jarrow (2004), Campbell et al. (2008), and others.
We then move on to the in-sample results for the spline models. Finally, we document the
year-by-year stability in the estimates obtained from the logistic spline model, and evaluate the
out-of-sample properties of the logistic and logistic spline models.
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3.4.1

Univariate Relationships

The logistic spline models reported below can be justi…ed by the highly non-linear relationships
between the accounting variables and bankruptcy risk that are documented in Figure 1. The
…gure shows the observed bankruptcy frequency and the estimated relationships obtained from
a univariate logistic and a univariate logistic spline model, respectively, for each of the …nancial
ratios and control variables.
[Insert Figure 1 about here.]
From the …gure it is clear why the leverage ratio, T L=T A, and earnings ratio, EBIT =T A,
are extensively used in the empirical bankruptcy literature. The heterogeneity in bankruptcy
frequency for the two variables spans between 0:5 and 12 percent and the relationships are almost
monotonic in the high density regions. Furthermore, the cash ratio, CH=T L, exhibits a distinct
monotonic relationship with bankruptcy risk, but the impact is less pronounced as compared
with the earnings- and leverage ratios. For the two control variables we observe a decline in the
risk with respect to total sales, Size, and a more challenging non-monotonic relationship for
…rm age, Age, where risk is increasing for young …rms and starts to decrease for …rms that have
been active for more than four years.
The estimated univariate relationships suggest that the logistic spline model substantially
improves the …t with respect to all variables, especially in the regions characterized by nonmonotonic relationships with bankruptcy risk. Taken together, these results indicate that a
multivariate model that controls for these non-linear features is likely to yield enhanced bankruptcy predictions.
3.4.2

Logistic Models

A reasonable and useful starting point for an analysis of non-linear determinants of bankruptcy
is to report estimates obtained from the standard logistic approach. For the empirical analysis
we consider two model speci…cations. The …rst model, which we call the Private Firm Model,
incorporates the leverage- and the earnings ratios only. This parsimonious model corresponds to
the private …rm model reported in Chava and Jarrow (2004). The second model that we consider
is an extended version of the Private Firm Model and includes additional variables related
to …rms’ cash holdings, total sales, age, and two macroeconomic variables. The explanatory
variables xi;t and zt enter the model lagged on year, hence they are observed at the time of
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prediction. That is, the model is designed to capture relationships between a set of explanatory
variables describing the characteristics of a …rm and its environment at time t

1 and the

event that the …rm fails in period t. In order to get consistent and unbiased estimates of these
relationships, it is essential to have explanatory variables that pertain to year t

1, and nothing

else.11 By means of our periodization procedure of the …nancial statements, described in Section
2, we have made sure that this is the case here.
[Insert Table 2 about here.]
Models I and II in Table 2 concern coe¢cient estimates for the Private Firm Model and the
Extended Private Firm Model. For both model speci…cations, the coe¢cients for the …nancial
ratios have signs according to intuition. That is, the leverage ratio, T L=T A, has a positive
coe¢cient, whereas the earnings ratio, EBIT =T A, and the cash ratio, CH=T L, have negative
coe¢cients. For the Extended Private Firm Model, the reported marginal e¤ects give that a
one-standard-deviation increase in the leverage ratio leads, on average, to a 34 percent increase
in the bankruptcy risk, and a one-standard-deviation increase in the earnings ratio and cash
ratio leads, on average, to an 18 and 87 percent decline, respectively. Thus, all three ratios
exercise an economically signi…cant impact on bankruptcy risk.
For the control variables included in the Extended Private Firm Model we see that total
sales, Size, has a negative impact and that …rm age, Age, has a positive impact on bankruptcy
risk. The positive coe¢cient for …rm age is counterintuitive, but serves as an excellent illustration of the spurious results that a linear model can give rise to. Furthermore, the impacts of the
two macroeconomic variables are in line with Jacobson et al. (2011). The signs of the macro
coe¢cients are as expected: a negative one for

GDP implying a reduced bankruptcy proba-

bility when growth is high in the previous year, and a positive coe¢cient for the REPO-RATE
implying an increased bankruptcy risk when interest rates are high.
The performances of the models are evaluated by means of McFadden’s pseudo-R2 and an
additional measure that we denote by ROC (Receiver Operating Characteristics, c.f., Hosmer
and Lemshow (2000)). The ROC -measure is equivalent to the one reported in Chava and Jarrow (2004) and quanti…es the models ability to rank …rms according to their relative riskiness.
11
Shumway (2001) provides a thorough discussion on requirements for consistency for the maximum likelihood
estimator of the intercept and slope parameters. In particular he demonstrates why the static model of bankruptcy,
i.e., a model that considers the last …nancial statement only, discarding information on a …rm for other years than
the one preceding bankruptcy, will result in biased and inconsistent estimates. It is straightforward to apply
Shumway’s arguments to the case when …scal years do not coincide with calendar years so that a given …rm has,
e.g., submitted a …nancial statement covering a …scal year such that xt 1 is in e¤ect a linear combination of the
standardized statements for xt ; xt 1 and xt 2 .
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It spans between 0:5 and 1, where 0:5 corresponds to a model that randomly assigns bankruptcy probabilities to …rms, and where 1 corresponds to the perfect model where the highest
bankruptcy probabilities are assigned to the …rms that de facto fail.
Because of di¤erences in the selection of variables and sample composition, it is not straightforward to directly compare our results with earlier estimates in the literature. In particular,
Shumway (2001), Chava and Jarrow (2004), and Campbell et al. (2008) are all concerned with
listed …rms and therefore also incorporate market-driven variables. However, although our models do not incorporate any market-driven variables the pseudo-R2 coe¢cients of 6.3 and 8.4
percent are not far from the 11.4 percent that is reported for a model with a one-year forecasting horizon in Campbell et al. (2008). Moreover, the ROC values of 0.76 and 0.77 are
in the same vicinity as the out-of-sample values reported in Chava and Jarrow (2004). Thus,
the performance of the logistic models are re-assuringly close to the ones of models previously
reported in the literature.
3.4.3

Logistic Spline Models

We now shift our attention to the logistic spline model in Eq. (8). Before reporting the empirical
results we will brie‡y outline how the number of knots and their placements are determined.
As outlined in Section 3, we have adopted a basic approach relying on a standard information
criterion and a clustering procedure to decide on these issues. The transformation xj;i;t
hj;1+m (xj;i;t

1)

1

!

is carried out for each number of knots, M. The augmented model (where

the extended set of covariates is based on an equal number of knots for each variable) is then
estimated and the BIC information criterion is calculated. This is repeated for M = 0; 1:::; Mmax ,
where Mmax is set to 25, to make reasonably sure that a global minimum is identi…ed. In our case
the combination of a very large sample and what turns out to be highly non-linear functions,
results in the BIC choosing 10 and 11 knots as the optimal number for the spline versions of the
Private Firm Model and the Extended Private Firm Model, respectively. However, we noticed
that a large improvement in …t is obtained with a handful of knots, say 4 or 5, suggesting that
this approach need not be restricted to large sample sizes only.12
Models III and IV in Table 2 concern coe¢cient estimates for the spline models. Since the
models involve a large set of estimated parameters (1+10 and 1+11 for each of the 5 …rm-speci…c
variables) that in themselves o¤er very limited intuition, we summarize the relationships by
12
The pseudo-R2 coe¢cients for the Private …rm model and the Extended private …rm model with 5 knots are
10:5 and 16:0 percent, respectively.
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reporting parameter estimates that are averaged over the sample.13 Nevertheless, the average
coe¢cient estimates are, albeit being a crude approximation and certainly not su¢cient to
account for the full relationships, in line with the linear model and o¤er some intuition. The three
…nancial ratios have coe¢cient estimates with the same signs as previously, but the magnitude
of the estimates have increased considerably. Furthermore, the coe¢cients for total sales, Size, is
of the same magnitude as before and the impact of …rm age, Age, stays positive and increases in
magnitude. The large positive coe¢cient for …rm age is counterintuitive, but this picture changes
as we consider the total e¤ect reported below. Finally, the impact of the two macroeconomic
variables is of the same magnitude as for the plain logistic model.
Turning to the goodness of …t, it is striking that the pseudo-R2 improves from 6.3 to 10.6
for the Private Firm Model, and from 8.4 to 16.2 percent for the Extended Private Firm Model.
These results indicate that the inclusion of splines substantially improves the models’ performances by assigning bankruptcy probabilities to …rms that more accurately correspond to the
actual outcomes. The increase in the pseudo-R2 is remarkable given that the underlying information set is unchanged. Also, the ROC -measures indicate that the spline models ranking
properties are enhanced. However, this is most evident for the Extended Private Firm Model,
which may be explained by the highly non-monotonic relationship between …rm age and bankruptcy risk, c.f., Figure 1.
[Insert Figure 2 about here.]
Next we make an assessment of the in-sample properties of the models in an absolute sense.
For a given model we sort all …rms with respect to their estimated bankruptcy probabilities
into one hundred percentiles and then calculate the average bankruptcy probability in each
percentile. We then compare the average estimated bankruptcy probability with the actual
failure frequency for the …rms in each percentile. If the estimated models were to perfectly
predict the absolute riskiness of the …rms within each percentile, a scatter plot of the two
variables would line up along the 45-degree line, corresponding to a slope coe¢cient of unity
and an intercept equal to zero. The two panels in Figure 2 show the accuracy of the bankruptcy
predictions obtained from the logistic and the logistic spline versions of the Private Firm Model
and the Extended Private Firm Model. Graph (I) in Panel A shows the relationship for the
logistic version of the Private Firm Model. The relationship indicates that there is a considerable
13

Following (8), we report the average slope coe¢cient: N1T

PN PT
i=1

t=1

i;t =dxj

for the logistic spline models.
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divergence between the estimated bankruptcy probabilities and the actual outcomes. This is
also demonstrated in Graph (II) illustrating the same relationship but on a logarithmic scale,
which o¤ers a greater resolution of the left-hand tail of the distribution. On average, the graphs
show that the predictions obtained from the logistic version of the Private Firm Model tend to
overestimate the bankruptcy risk in the 1 2:5 and > 11 percent intervals, and underestimate the
risk in the < 1 and 2:5

11 percent intervals. The deviation is substantial where, for example,

the group of …rms that is assigned a bankruptcy risk of 5 percent exhibit an observed bankruptcy
frequency of around 10 percent. In contrast, Graph (III) and (IV) in Panel A show that the
estimated risk obtained from the logistic spline version of the Private Firm Model almost overlap
the 45-degree line which indicates that the assigned bankruptcy risks correspond remarkably well
with the actual outcomes. Furthermore, a similar message is given by the graphs in Panel B
where the estimates obtained from the logistic and logistic spline versions of the Extended
Private Firm Models are evaluated.14 However, the estimated bankruptcy probabilities from
the Extended private models exhibit a larger heterogeneity, which indicates that the additional
variables included in the extended model are important determinants of …rms’ bankruptcy risk.
Taken together, we thus conclude that the accuracy of the bankruptcy predictions in an absolute
sense substantially improves once we allow for ‡exible non-linear relationships. They now appear
unbiased irrespective of risk level.

3.4.4

Non-Linear Relationships

In Figure 3 we illustrate the estimated non-linear relationships between bankruptcy risk and the
…rm-speci…c variables obtained for the Extended private spline model, Model IV in Table 2. Each
variable is displayed in two ways. Firstly, in the left-hand panels, we illustrate the bankruptcy
probability as a function of each of the …ve …rm-speci…c variables in a multivariate conditional
setting where the other variables are set to their sample means. Secondly, in the right-hand
panels, we document the derivatives of the logit function (

j,

c.f., Eq. (8) above) across all

segments of the variables. The conditional mean function shows the relationship between each
variable and the level of the bankruptcy risk and the logit derivative complements by showing
for which segments the marginal impact of each variable is statistically di¤erent from zero. The
14
To the extent that banks rely on a logistic bankruptcy model for screening and monitoring of borrowers the
biases in the estimated failure probabilities may lead to systematic errors. Moreover, if banks’ bu¤er capital is
calculated according to the IRB-approach, i.e., risks in loans are evaluated using an internal risk model, then
using a logistic model could yield inadequate bu¤er capital.
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graphs also include con…dence bands re‡ecting estimation uncertainty.15
[Insert Figure 3 about here.]
Judging by Figure 3, the univariate relationships displayed in Figure 1 largely hold for all
the …nancial ratios. For the relationship between the leverage ratio, T L=T A, and bankruptcy
risk, illustrated in Panels (I.A) and (I.B) in Figure 3, we observe a distinct non-monotonic
relationship. The graphs show that both low and high leverage levels are associated with a
higher bankruptcy risk. That is, …rms with a leverage ratio below 30 percent exhibit increasing
risks as the ratio decreases. In the other direction we …nd that more leveraged …rms display a
straightforward and intuitive failure-relationship. Hence, the 60

100 percent interval of the

leverage ratio is characterized by a sharp increase in bankruptcy risk; it more than quadruples
from 0.7 to around 3 percent. The maximum impact occurs at a leverage level around 95
percent, c.f., Panel (I.B). The observed threshold e¤ect is in line with the functional form of the
probability of default implied by Merton’s distance-to-default model. Thus, quite intuitively,
the marginal reduction in failure risk from reducing …rms’ debts is larger for highly leveraged
…rms that are close to balance-sheet-based insolvency.
[Insert Table 3 about here.]
The increased bankruptcy risk for low-leveraged …rms may be driven by cases where …rms
fail because lenders are unable to resolve asymmetric information problems and therefore restrict
their credit supply (Stiglitz and Weiss 1981). Limited access to external …nancing makes …rms
more vulnerable to liquidity shocks which induce an increased distress risk (see, e.g., Opler,
Pinkowitz, Stulz, and Williamson 1999). In Table 3, Panel A, we show that a low leverage level
is likely to be supply driven. That is, the table shows that …rms with low leverage ratios on
average are substantially smaller as compared with …rms having a medium, or a high, leverage
ratio. Small …rms are more likely to su¤er from information asymmetries, which make them more
exposed to …nancial frictions (see, e.g., Almeida, Campello, and Weisbach 2004). Furthermore,
in the table we also show that low-leveraged …rms on average pay substantially higher interest
rates. Higher interest rates are likely to be driven by lenders limiting the credit accessibility by
both contracting the supply of credit, and by increasing its price.16 Thus, these results suggest
15
The increased uncertainty around each knot in the con…dence intervals of the derivatives of the logit function
is a consequence of the truncation of the quadratic splines, which produces discontinuous second derivatives.
16
The credit rationed …rm has to rely on short-term and expensive trade credit as an alternative to regular
…nancing.
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that a low leverage ratio is likely to be the outcome of limited credit supply which explains the
increased bankruptcy risk.17
Panels (II.A) and (II.B) in Figure 3 show an apparent non-monotonic relationship between
the earnings ratio, EBIT =T A, and bankruptcy risk, where both low and high earnings ratios are
associated with increased risks. More speci…cally, bankruptcy risks are high for earnings ratios
below -40 percent, and then sharply decline for ratios in the

40

10 percent interval. The

impact is reversed for high earnings ratios, so that above 15 percent they exhibit a statistically
signi…cant positive impact on bankruptcy risk. A negative relationship between the earnings
ratio and bankruptcy risk is intuitive since higher earnings decrease the risk of failing on debt
payments and ongoing expenditures. However, one explanation for the observed non-monotonic
relationship could be that high earnings are associated with high cash-‡ow volatility. Firms that
exhibit high cash-‡ow volatility are more likely to experience a cash-‡ow shortfall, which in turn
may trigger …nancial distress, see e.g., Nance, Smith, and Smithson (1993). In Table 3, Panel
B, we report the three and …ve year …rm-speci…c cash-‡ow volatility for …rm-year observations
associated with low, medium, and high earnings ratios. The table shows that low and high
earnings ratios (as opposed to medium) are associated with a substantially higher volatility.
Moreover, comparing failing with non-failing …rm-years, we see that failing …rms overall have
more volatile earnings ratios, and this feature is emphasized for …rms with high earnings ratios,
i.e., above 15 percent. Thus, high earnings ratios are associated with a higher volatility, which
may be a factor that lies behind the observed non-monotonic relationship between the earnings
ratio and bankruptcy risk.
Financial frictions are an additional underlying factor that may play a role for the nonmonotonic relationship in the earnings ratio. In Table 3, Panel B, we show that bankrupt …rms
with high earnings ratios on average are smaller and have higher interest expenditures. That is,
failing …rms with a high earnings ratio pay an interest rate spread twice that of similar non-failing
…rms, and four times larger than …rms in the medium earnings ratio segment.18 These results are
in line with earlier …ndings in the literature, showing that high cash-‡ow volatility is associated
with lower investments, a greater need for external …nancing, and higher costs for external
…nancing (Minton and Schrande 1999). Moreover, Table 3, Panel B, also shows that bankrupt
…rms with high earnings ratios tend to experience a reduction in their …xed assets (property,
17
An alternative — or complementary — explanation for the increased risk for low-leveraged …rms is that
leverage improves managerial incentives and reduces free cash ‡ow that could be invested in low net present value
projects (see, e.g., Jensen 1986).
18
The spread is calculated as intertest expenditures over total liabilities minus the REPO-RATE.
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plants, and machinery). This suggests that high earnings ratios may be a manifestation of
asset redeployment, where constrained …rms sell …xed assets in a secondary market in order to
generate funding when such is unavailable, or expensive in capital markets (see Lang, Poulsen,
and Stulz 1995). Thus, bankrupt …rms with high earnings ratios face limited or costly …nancing,
which may trigger a higher failure risk. Taken together, high cash-‡ow volatility in combination
with limited and costly …nancing are factors that potentially induce the documented positive
relationship between excessive earnings and …rm failure.
Returning to Figure 3, the panels (III.A) and (III.B) show that the cash ratio, CH/TL,
features a clear threshold e¤ect. As illustrated by the logit derivative, we see that bankruptcy
risks decrease sharply as the cash ratio increases from 0 to 50 percent. For a cash ratio exceeding 50 percent we …nd that bankruptcy risks are stable around 0.5 percent. The documented
relationship is intuitive and illustrates that the marginal bene…t of increased cash holdings is
large for …rms with low cash holdings and of less importance for cash-rich …rms.
Finally, the two control variables Age and Size display relationships with bankruptcy risk
that closely correspond to the ones outlined in the univariate cases above, c.f., Figure 1. In
Figure 3, panel (V.A), bankruptcy risk and Age display a distinct hump-shaped relationship
such that risk is increasing in Age until the …rm reaches the age of 4 years and then risks fall
steadily beyond that age until around the age of 16 years where it becomes constant. In the
right-hand panel the derivative of the logit with respect to Age is thus positive for ages up to 4
years, negative between 4 and 16 years, and then impact is insigni…cantly di¤erent from zero for
…rm ages beyond 16 years. This result is in agreement with the predictions in the classical work
of Jovanovic (1982), where …rms upon entry gradually learn about their e¢ciencies in operation
and may, when su¢cient information has been accumulated, come to the conclusion that exit is
the rational choice.19 Turning to Size as a determinant of …rm failure, panel (IV.A) suggests an
almost monotonically negative relationship, con…rming intuition and common wizdom. However,
in panel (IV.B) the derivative of the logit with respect to Size reveals a very modest impact
overall, and it is only for the very largest …rms that we …nd a negative derivate that is signi…cantly
di¤erent from zero.
19
”E¢cient …rms grow and survive; ine¢cient …rms decline and fail”, p. 469, Jovanovic (1982). Agarwal and
Gort (1996) estimate …rm survivorship using data on manufacturing …rms of new products, and take into account
the various maturity stages of the products’ life cycles. Agarwal and Gort …nd similar hump-shaped hazard
functions for all maturity stages as we do, cf., Figure 2, p 496. They argue that …rm survival is a function of both
age and endowment, and over time e¤ects of favorable endowment will tend to vanish and result in increasing
failure risks. This e¤ect is manifested in the …ve stages of maturity that Agarwal and Gort consider, but clearly
absent in our model.
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Taken together, the Figure 3 panels show both threshold e¤ects and sign inversions in the re-

lationships between the three …nancial ratios and …rm failure risk. Relationship characterization
by information asymmetries are likely to be more pronounced in our sample — consisting mostly
of small private …rms, as opposed to larger public ones. Nevertheless, information asymmetry
presumably plays a role also for larger public …rms.

3.4.5

Stability of the Non-Linear Relationships

The extensive panel data set allows us to examine the stability over time for the estimated
non-linear relationships documented above. Since the panel comprises around 4 million …rmyear observations, we can estimate the spline model for each of the 18 years in the sample
period and make use of more than 200; 000 observations in each year. This is a robustness check
that renders credibility to the results outlined above, and potentially demonstrates the timeinvariance of the documented non-linear features. The speci…cations of the 18 yearly models
coincide with that of Model (IV) in Table 2, but now without the macroeconomic variables
included. To take account of time-varying average bankruptcy risks the intercept is set to
[ 3:956

0:078

GDPt

1

+ 0:057

REP Ot

1 ],

where the coe¢cients are estimated in a

model where only the two macroeconomic variables are included.
Figure 4 documents the estimated derivative-curves for the …ve …rm-speci…c variables as
given by the 18 yearly spline models. The overall picture is one of remarkable stability in
these variables’ e¤ects on …rm failure risk over the period 1991

2008. In particular, we see

that the yearly variation in the logit derivatives for the leverage ratio, TL/TA, the earnings
ratio, EBIT/TA, the cash ratio, CH/TL, and …rm age, Age, are very small. The yearly models’
logit derivatives closely coincide with the ones outlined in Figure 3. Given the importance of
the earnings- and the leverage ratios, in particular, for bancruptcy predictions, this robustness
feature is quite re-assuring. In the case of the Size variable, we …nd that the logit derivative
curves display somewhat larger variation over the years.
To further study the yearly logit derivative curves in Figure 4, they are divided into two
regimes, 1991

1995 and 1996

2008. On the whole, the e¤ects in both regimes coincide for all

variables. However, during the Swedish banking crisis, occurring in the …rst regime, 1991 1995,
the bankruptcy relationship for …rm size, and to some extent for leverage, shift as manifested by
the variables Size and TL/TA in Figure 4. The banking crises episode saw exceptionally many
…rm failures, and unusually large …rms going under, so it is not surprising to note the shifts in
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the derivative e¤ects for these years.
[Insert Figure 4 about here.]
Overall, we conclude that the documented time-invariance in the logit derivatives suggests
that the non-linear relationships between the variables and the bankruptcy risk are a persistent
feature. Thus, these results indicate that the observed in-sample improvements obtained by
introducing splines in the logistic bankruptcy model also are likely to hold for the forecasting
properties of the model, which we further document in the proceeding section.
3.4.6

Out-of-Sample Evaluation

We will next evaluate the forecasting accuracy of the logistic and logistic spline models. The
out-of-sample evaluation follows the same approach as the ones reported in Shumway (2001)
and Chava and Jarrow (2004). That is, we split the sample period in half and estimate the
models on data for the period 1991

1999 and use the subsequent period 2000

2008 to gauge

the models’ forecasting performance.
[Insert Table 4 about here.]
Table 4 documents out-of-sample results for the logistic and logistic spline versions of the
Private Firm Model and the Extended Private Firm Model. The reported in-sample pseudo-R2
coe¢cients are slightly smaller as compared to the ones reported for the full sample, but the
relative improvement obtained by including splines is of the same magnitude, or even slightly
enhanced. Furthermore, the reported out-of-sample pseudo-R2 coe¢cients are calculated as
1

L1 =L0 , where L1 is the log likelihood obtained for the out-of-sample period using the in-

sample estimates and L0 is the log likelihood for an intercept model estimated for the out-ofsample period. As for the improvement in-sample, it is striking that the out-of-sample pseudo-R2
improves from 2:7 to 7:5 percent for the Private Firm Model, and from 7:2 to 14:8 percent for the
Extended Private Firm Model. These results imply that the inclusion of splines substantially
improves the models’ forecasting accuracy.
Turning to our measure of relative risk, the reported ROC -measures assess the models’
ability to rank …rms according to their riskiness in terms of ex post bankruptcy frequencies.
The documented values indicate that the spline versions of the models exhibit enhanced ranking
properties. However, similar to the results reported for the in-sample period, the more striking
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improvement is observed for the logistic spline version of the Extended Private Firm Model
which has a ROC -value of 0:82. Furthermore, a similar message is presented in terms of a
decile test, where …rms have been sorted into deciles according to their predicted bankruptcy
risks. The table shows that the spline version of the Extended Private Firm Model is the best
performing model classifying 48 percent of the bankrupt …rms in the riskiest decile, as compared
to around 41 percent for the other models. These results are close to the ones reported for a
comparable private …rm model in Chava and Jarrow (2004), where the average ROC -measure
spans between 0:72 and 0:77 and the fraction of failing …rms in the riskiest decile ranges between
31 and 44 percent.
Finally, we assess the out-of-sample properties of the logistic and logistic spline version of the
Extended private …rm model in an absolute sense by comparing the predicted failure probabilities
with the actual ex post bankruptcies (similar to Figure 2). In Figure 5, we present graphs of such
predicted and realized failure frequencies on both a probability scale (left-hand side panel) and
a logarithmic scale (right-hand side panel). If the estimated models were to perfectly predict
the absolute riskiness of the …rms within each percentile, all circles would line up along the
45-degree line, corresponding to a slope coe¢cient of unity and an intercept equal to zero. As
can be seen, on average, Graph (I) and (II) show that the logistic model tends to overestimate
the bankruptcy risk in the 0:25
in the < 0:25 and 2:5

2:5 and 10 < percent intervals, and underestimate the risk

10 percent intervals. In contrast, Graph (III) and (IV) show that the

logistic spline version of the model almost overlaps the 45-degree line in the 0

4 and 12:5 <

percent segments, and shows very moderate deviations from the ideal 45-degree in the 4

12:5

percent segment. In sum, the out-of-sample exercise shows that the inclusion of splines in the
logistic model leads to a substantial improvement in forecasting accuracy.
[Insert Figure 5 about here.]

3.5

Conclusions

In this paper, we gauge non-linear relationships between …nancial ratios and …rm bankruptcy
risk at the microeconomic level using a standard logistic model augmented by natural quadratic
splines. Our approach allows for an exploration of threshold and non-monotonic e¤ects beyond
those imposed by the logistic link function and the theoretical predictions given by Merton’s
(1974) distance-to-default model. To this end we have acquired a very large panel data set for
the entire Swedish corporate sector, which we examine in two exercises. Firstly, an in-sample
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evaluation based on the entire sample period, 1991
using data for the period 1991
sample period 2000

97

2008. We then re-estimate the models

1999 and asses the models’ predictive ability for the out-of-

2008. We …nd strong evidence for substantial and stable improvements

when non-linearities in …nancial ratios in three key areas are taken into account: …rms’ leverage,
earnings, and liquidity. The in-sample, as well as the out-of-sample evaluation, shows that our
approach yields increases in …t, in terms of a pseudo-R2 , on the order of 70 to 90 percent, in
comparison with the standard logistic model.
Our contribution can be summarized in …ve main …ndings. Firstly, in the in-sample analysis
we …nd that accounting for non-linearities by means of a logistic spline approach improves the
model’s risk ranking ability, as con…rmed by the ROC -measures. Secondly, the accuracy in the
in-sample estimated absolute risk measure is enhanced in the logistic spline model. Increases in
model …t (pseudo-R2 ) is one manifestation, but perhaps more importantly, our 45-degree plots
reveal that the failure probabilities are unbiased over the entire risk distribution, in contrast
with the standard logistic case. Thirdly, by using a very wide panel data set we are able to
estimate separate models for the 18 years in our sample period and …nd that the estimated
non-linear relationships are remarkably stable over time, i.e., they are a persistent feature. This
…nding is important for two reasons. It suggests that the spline model should be a superior
forecasting device. It also suggests that these relationships are of a structural nature and hence
provide stylized characterizations of …nancial ratios e¤ects on …rms’ bankruptcy risk. Fourthly,
the out-of-sample analysis con…rms the spline model’s predictive abilities. Thus, it outperforms
the standard logistic model both in terms of relative risk ranking, and in the accuracy of the
predicted absolute risk estimates. Also, the unbiased property across the entire risk distribution
is preserved out-of-sample. Finally, our analysis document three interesting features for the
leverage ratio and earnings ratio. Consistent with Merton’s (1974) distance-to-default model,
we …nd that the marginal reduction in failure risk from reducing …rms’ debts is at its highest
for …rms that are on the edge of balance-sheets-based insolvency. We also document that lowleveraged …rms exhibit increased failure risk, possibly re‡ecting credit rationing. Furthermore,
…rms reporting earnings ratios above 15 percent are associated with higher failure risk and we
…nd evidence suggesting that this is driven by high cash-‡ow risk in combination with limited
and costly external …nancing.
Our best-…tting model falls short of Shumway’s (2001) multi-period logistic model in terms of
explanatory power, since our sample, being almost exclusively composed of private …rms, cannot
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consider market determined variables. Nevertheless, we think that the approach suggested here
would improve any bankruptcy prediction model. There is no reason, a priori, to not think that
also market based information is non-linearly related to …rm failure. Hence, the spline model is
of general interest, well beyond private …rms and …nancial ratios.
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Figure 1: The graphs illustrate the realized bankruptcy frequencies (circles) and estimated
bankruptcy probabilities, obtained from univariate logistic (dashed line) and univariate logistic
spline models (solid line), for the …ve …rm-speci…c variables over the full sample period 19912008. For each variable the data has been sorted and grouped into 300 equally sized groups.
For each group, we calculate the realized bankruptcy frequency as the share of bankrupt …rms
over all …rms, and then an average of the observations of the …rm-speci…c variable at hand. The
300 group-data points are then plotted against each other to yield the circles. For each variable
the reported logistic spline …t is calculated based on a univariate spline model incorporating 11
knots, and likewise, the logistic …t is based on a univariate logistic model. The shaded areas in
the graphs mark out regions containing 90 percent of the observations. The thicker tick marks
on the horizontal axes indicate the location of the spline knots. Size is log of total sales. Age
measures log of …rm age (+ 1 year) in number of years since…rst registrated as a corporate.
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Figure 2: The graphs illustrate in-sample estimated bankruptcy probabilities versus realized
bankruptcy frequencies for the period 1990-2008. The graphs correspond to, Panel A: the Private
…rm model, and Panel B: the Extended private …rm model, in Table 2. For each model we sort
all …rm-year observations with respect to the size of their estimated bankruptcy probability,
and divide them into equally sized percentiles. We then calculate the average probability of
bankruptcy and the share of realized bankruptcies within each percentile. The circles correspond
to the pairs of estimated bankruptcy probabilities versus realized bankruptcy shares, and the
45-degree line illustrates a perfect …t. We have graphed the relationships using a probability
scale (left-hand side), and a logarithmic scale (right-hand side).
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Figure 2 continues on the next page.
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Figure 2 continued

Panel B
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Figure 3: The graphs illustrate the conditional mean function (left-hand side panels) and the
derivative of the logit function ( /dxj ; right-hand side panels), across all segments, as given by
the logistic spline version of the Extended private …rm model in Table 2. The conditional mean
function for each explanatory variable is calculated by setting the other variables to their sample
means. The dashed areas correspond to the 95 and 99 percent con…dence intervals. The intervals
between the vertical dashed lines in the graphs mark out regions containing 90 percent of the
observations. The thicker tick marks on the horizontal axes indicate the location of the spline
knots. Size is log of total sales. Age measures log of …rm age (+ 1 year) in number of years
since …rst registrated as a corporate. The con…dence bands are calculated using a sample-size
adjustment for the covariance matrix where the elements are scaled by the average number of
…rm-years per …rm, so as to account for the dependence over time in …rms’ observations, c.f.,
Shumway (2001).
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Figure 3 continued
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Figure 4: The graphs illustrate the derivative of the logit function (
j ) across all segments,
for each variable and year, in the period 1991-2008. The 18 years have been divided into two
regimes: the banking crises period in 1991-1995 (dashed lines) and then the remaining period
1996-2008 (solid lines). The speci…cations of the 18 yearly models coincide with that of Model
(IV) in Table 2, except now excluding the macroeconomic variables and setting the intercept
to [-3.956-0.078 GDP Gt 1 +0.057 REP Ot 1 ], where the coe¢cients correspond to a model
where only the two macroeconomic variables are included, so as to take account of the timevarying mean bankruptcy risk. The number of knots is optimally determined for each year,
ranging between 3 and 7. Size is log of total sales. Age measures log of …rm age (+ 1 year) in
number of years since …rst registrated as a corporate.
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Figure 5: The graphs illustrate out-of-sample predicted bankruptcy probabilities versus realized
bankruptcy frequencies for the period 2000-2008. Predicted probabilities are generated by the
Extended private …rm model, estimated for the in-sample period 1991-1999 using the logistic and
logistic spline approaches. For each model we sort all …rm-year observations with respect to the
size of their estimated bankruptcy probability, and divide them into equally sized percentiles.
We then calculate the average probability of bankruptcy and the share of realized bankruptcies
within each percentile. The circles correspond to the pairs of estimated bankruptcy probabilities
versus realized bankruptcy shares, and the 45-degree line illustrates a perfect …t. We have
graphed the relationships using a probability scale (left-hand side), and a logarithmic scale
(right-hand side).
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Mean
0.663
0.052
0.791
18,562
11

Non-bankrupt …rm-years
Median
Std
Min
Max
0.668
0.366
0.034
2.692
0.061
0.250
-1.292
0.761
0.208
1.751
0.000
12.727
1,683
362,734
10
108,000,000
7
13
0
110
3,943,047

Mean
1.010
-0.104
0.222
6,175
9

*
*
*
*
*

Bankrupt …rm-years
Median
Std
Min
0.928
*
0.526
0.034
0.000
*
0.392
-1.292
0.023
*
0.903
0.000
1,578
* 33,073
10
5
*
10
0
96,091

Max
2.692
0.761
12.727
4,610,817
110

Table 1: This table reports descriptive statistics for the winsorized …rm data, 1991-2008. The ratios are total liabilities over total assets
(leverage ratio, T L=T A); EBIT over total assets (earnings ratio, EBIT =T A); total liabilities over total assets (leverage ratio, T L=T A);
cash and liquid assets in relation to total liabilities (cash ratio, CH=T L). Size is total sales in SEK 1,000. Age measures …rm age
in number of years since …rst registrated as a corporate. Di¤erences in means and medians between the samples of non-bankrupt and
bankrupt …rm-years are assessed using a Student’s t-test and Wilcoxon-Mann-Whitney test. The star (*) indicates whether the di¤erences
between the corresponding mean- and median values are signi…cantly di¤erent at the 1% level.
Variables
TL=TA
EBIT =TA
CH =TL
Size
Age
#Obs

Pseudo-R2
ROC
#Knots (M)
#Bankruptcies
#Obs

REPO-RATE

GDP

Age

Size

CH=T L

EBIT =T A

T L=T A

Variables
Intercept

0.063
0.758
-

(I) Private Firm Model
d /dx
dp/dx
-4.648
(-250.6)
1.170
0.023
(66.6)
-0.665
-0.013
(-24.0)

0.084
0.765
-

-2.610

0.106
0.771
10

8

(III) Private Firm Model
d /dx
#Sign f
-4.690
(-6.1)
2.763
7

96,091
4,039,138

Logistic
(II) Extended Private Firm Model
d /dx
dp/dx
-4.013
(-42.6)
0.929
0.014
(45.7)
-0.746
-0.011
(-25.5)
-0.510
-0.007
(-21.0)
-0.041
-0.001
(-7.1)
0.064
0.001
(7.1)
-6.982
-0.107
(-11.1)
4.840
0.074
(16.8)

4
7

-0.039
0.451

0.162
0.825
11

6

-2.186

-5.738
(-9.105)
3.495
(11.723)

8

-1.840

Logistic Spline
(IV) Extended Private Firm Model
d /dx
#Sign f
-4.349
(-3.6)
1.563
6

Table 2: This table reports coe¢cient estimates for the logistic and logistic spline models (S = 2 and M = 10), for the full sample
period 1991-2008. The …nancial ratios are total liabilities over total assets (leverage ratio, T L=T A); EBIT over total assets (earnings
ratio, EBIT =T A); cash and liquid assets in relation to total liabilities (cash ratio, CH=T L). Size is log of total sales. Age measures
log of …rm age (+ 1 year) in number of years since …rst registrated as a corporate. 4GDP is growth in real gross domestic output and
REP O-RAT E is the short-term interest rate set by the Swedish central bank.
denotes the estimated slope coe¢cients on the log
PN PT
odds scale ((1=N T ) i=1 t=1 i;t =dx j ). dp=dx denotes the average marginal e¤ect. #Signf denotes the number of signi…cant spline
coe¢cients for each explanatory variable. The pseudo-R2 is calculated according to McFadden (1974) and ROC denotes the area under
the ROC curve. Reported t-values are calculated with standard errors obtained after a sample size adjustment where the covariance
matrix is scaled by the average number of …rm-years per …rm, so as to account for the dependence between …rm-year observations, c.f.,
Shumway (2001). All coe¢cients for the logistic models are statistically distinct from 0 at the 1% level. The coe¢cients obtained for the
spline basis expansion of each …rm-speci…c explanatory variable ( j;1 j;2
j;1+M in Eq. (8)) are jointly distinct from 0 at the 1% level.
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2; t)
4; t)

All
0.053
0.106
0.121
18,562
0.019
-0.016
-0.006

All
0.663
18,562
0.019

All
1.010
6,175
0.024

< 30%
0.166
2,957
0.158

Bankrupt …rm-years
TL/TA:
30 60% 60% <
0.471
1.111
3,113
6,668
0.041
0.018
< 30%
0.175
10,593
0.066

Bankrupt …rm-years
EBIT/TA:
0 15%
15% <
0.060
0.360
0.078
0.261
0.101
0.276
7,526
5,079
0.014
0.058
0.016
-0.069
0.020
-0.057
< 0%
-0.347
0.226
0.239
5,497
0.022
-0.056
-0.032

All
-0.102
0.179
0.199
6,175
0.024
-0.036
-0.020

Non-bankrupt …rm-years
EBIT/TA:
0 15%
15% <
0.067
0.299
0.064
0.141
0.080
0.157
22,496
16,703
0.014
0.026
0.006
0.006
0.013
0.010
< 0%
-0.202
0.154
0.167
13,137
0.023
-0.077
-0.055

Non-bankrupt …rm-years
TL/TA:
30 60% 60% <
0.461
0.882
18,671
20,501
0.017
0.012

Table 3: This table reports mean values for the winsorized …rm data, 1991-2008. Panel A reports mean values for a set of variables where
the …rm-year observations are grouped with respect to low, medium, and high leverage ratios, T L=T A. Panel B reports mean values
for a set of variables where the …rm-year observations are grouped with respect to low, medium, and high earnings ratios, EBIT =T A.
2; t) and EBIT =T A (t 4; t) are the three and …ve year …rm-speci…c earnings ratio volatilities, respectively. Size is total
EBIT =T A (t
sales in SEK 1,000. Spread is …rm interest expenditure over total liabilities minus the short-term interest rate set by the central bank.
4F IX(t 2; t) and 4F IX(t 4; t) are the yearly changes in …xed assets (property, plants, and machinery), averaged over three and …ve
years, respectively.
Panel A.

T L=T A
Size
Spread
Panel B.

EBIT =T A
EBIT =T A (t

2; t)
4; t)

EBIT =T A (t

Size
Spread
F IX(t
F IX(t

In-sample, (1991-1999)
Pseudo-R2
#Knots (M)
#Bankruptcies
#Obs
Out-of-sample, (2000-2008)
Pseudo-R2
ROC
Decile:
1
2
3
4
5
6-10
#Bankruptcies
#Obs
0.099
10

0.075
0.772
0.411
0.170
0.120
0.086
0.062
0.151

0.056
-

0.027
0.763
0.424
0.165
0.109
0.078
0.057
0.166

0.071
-

35,006
2,114,422

0.403
0.168
0.120
0.086
0.065
0.158

0.072
0.765

0.477
0.188
0.114
0.075
0.052
0.094

0.148
0.820

0.151
10

Extended Private Firm Model
Logistic
Logistic Spline

61,085
1,924,716

Private Firm Model
Logistic
Logistic Spline

Table 4: This table reports the out-of-sample accuracy of the logistic and logistic spline versions of the Private …rm model and the
Extended private …rm model. The models are estimated for the in-sample period 1991 1999 and then used to predict failure probabilities
that are evaluated for the out-of-sample period 2000 2008. The in-sample pseudo-R 2 coe¢cients are calculated according to McFadden
(1997). The out-of-sample pseudo-R2 coe¢cients are calculated as 1-L1 /L0 , where L1 is the log likelihood obtained for the out-of-sample
period using the in-sample estimates and L0 is the log likelihood for an intercept model estimated for the out-of-sample period. The outof-sample ROC -measures quanti…es the area under the ROC -curve. The out-of-sample decile tests are obtained by sorting the estimated
failure probabilities, in a descending order, and by computing the fraction of total number of bankruptcies in the di¤erent deciles of the
sorted data.
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Chapter 4
Bank Loan Supply and Corporate Capital Structure
Abstract: This paper studies the importance of supply frictions on corporate capital structure.
Using internal information on a bank’s willingness to lend, we study how increases in a bank’s
maximum willingness to lend to a …rm, a¤ect the …rm’s borrowing at the bank as well as its
total borrowing and the composition of its total debt. We …nd that a $1 increase in the bank’s
willingness to lend leads to an average increase in total debt of 31 cents. This increase is
attributed solely to the increase in debt taken at the bank that increases its credit availability
and occurs within the …rst year after the increase in the credit availability. We do not …nd
economically signi…cant substitution e¤ects away from other …nancing sources such as bank
debt at other banks or trade credit. These results are in line with the hypothesis that binding
credit constraints are important determinants of …rms’ capital structure and that the relaxation
of such constraints allows …rms to increase their total leverage.

4.1

Introduction

Capital structure theory assumes that demand factors determine …rms’ capital structure. Firms
then can increase their leverage to its desired level. This holds if the supply of funds is in…nitely
elastic at the correct price. Recently, a number of contributions highlight that supply factors
also determine a …rm’s capital structure. Access to di¤erent …nancing sources – banks and bond
markets – is one important supply factor. Firms with a bond rating exhibit a higher leverage
(Faulkender and Petersen (2006)), …rms with bond market access switch from bank debt to bond
debt during economic bust periods (Becker and Ivashina (2011)), and the leverage ratio of bankdependent …rms is more pro-cyclical compared to …rms with bond market access (Leary (2009)).
Credit supply from di¤erent …nancing sources is therefore an instrumental determinant of …rms’
capital structure, showing that not only demand factors are at work. Our paper contributes to
this literature in two ways. First, we study how changes in a direct measure of a bank’s credit
supply to a …rm (its maximum willingness to lend) impacts on a …rm’s leverage. Second, our
paper is the …rst to provide insights into the speed in which …rms change their capital structure
when credit supply changes.
We explore how changes in a bank’s credit supply to each of its individual clients impacts on
its client’s capital structure. The supply changes within the bank …nancing source we consider
112
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are particularly illuminating as bank-induced variation in a bank’s willingness to lend may help
to distinguish changes in credit supply from confounding changes in the demand for credit.
Opaque …rms are more likely to borrow from banks and are predicted to be credit constrained.1
Our empirical evaluation is based on a bank dataset containing information on all bank-…rm
relationships provided by one of the largest Swedish banks. The vast majority of the corporate
…rms in the dataset are small and medium sized …rms which are typically bank dependent for
their external …nancing. The key feature of the dataset is that it contains information on the
amount of credit the bank is willing to lend to each of its corporate clients – the bank’s internal
limit to each …rm. This internal limit provides an opportunity to explore how a bank’s credit
supply impacts on …rms’ leverage decisions.
Although we have access to a direct measure of a bank’s credit supply – the internal limit – it
is important to control for factors that may simultaneously impact on both the bank’s willingness
to lend and …rms’ demand for debt. Our empirical analysis is therefore rigged to control for the
endogeneity of credit supply. Firstly, we make use of …rst-di¤erences, and combinations of …rmand time-…xed e¤ects to control for persistent …rm characteristics and business cycle conditions.
Secondly, as in Faulkender and Petersen (2006) for example, we control for time varying …rm
characteristics, credit scores, and the availability of alternative sources of …nancing to account
for demand driven determinants of capital structure that vary over the sample period. Finally,
the dataset allows us to explore whether changes in the internal limits were decided during
pre-scheduled limit review meetings. By considering only changes in internal limits that took
place on pre-scheduled dates we reduce the risk that our estimates are a¤ected by idiosyncratic
demand shocks, since those shocks are less likely to coincide with the …x-timing rule of the
bank’s internal review process.2
We …nd that changes in the bank’s willingness to supply credit is an important determinant
of its clients’ capital structure controlling for demand driven determinants of capital structure.
In particular, on average a $1 increase in the bank’s internal limit leads to a 31 cents increase
in total debt. This increase is attributed solely to the increase in debt taken at our bank and
occurs within the …rst year after the increase in the internal limit. We do not …nd economically
1
The relationship lending literature has empirically documented that more intense bank-…rm relationships
relax …rms’ …nancing constraints (e.g., Petersen and Rajan (1994), Berger and Udell (1995); for an overview see
Degryse, Kim and Ongena (2009)). The evidence that relationships relax constraints is illustrated indirectly by
showing that …rms with more intense lending relationships often employ less trade credit. In this paper we provide
direct evidence that greater bank credit supply augments …rms’ leverage.
2
In future drafts, we will further strengthen the identi…cation strategy by studying shocks to the aggregate
bank’s willingness to lend that are not related to an individual …rm’s demand for debt.
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signi…cant substitution e¤ects away from other …nancing sources such as bank debt at other
banks or trade credit. Furthermore, by exploring the heterogeneity in the response to a change
in the credit limit, we …nd that the observed adjustment mainly is driven by the group of …rms for
which an increase in the limit implies a relaxation of binding credit constraints, i.e., for the group
of …rms with a debt level equal or close to the credit limit prior to the increase. Firms with a debt
level well below the credit limit prior to the increase still increase their debt but the adjustment
in the debt level is signi…cantly less pronounced, both statistically and economically. Firms
with limited access to outside …nancing and small …rms are found to increase their borrowing
more pronouncedly following an increase in the internal limit. Taken together, these results
support the presumption that binding credit constraints are an important determinant of bankdependent …rms’ capital structure and that the relaxation of such constraints allows …rms to
increase their leverage. The remainder of the paper is organized as follows. Section 2 presents
the data, the institutional setting, and some descriptive statistics, while Section 3 outlines the
empirical methodology. Section 4 presents and discusses our …ndings and Section 5 concludes.
In a future more complete version of the paper a literature review section will be added.

4.2

Data and Institutional Setting

The paper makes use of a unique dataset containing detailed information, on a monthly frequency on all corporate clients of one of the four largest banks in Sweden. The dataset contains
information on the contract and performance characteristics of all commercial loans between
March 2003 and December 2008 as well as information about the borrowing …rm. For each
loan, we observe origination and maturity dates, type of credit, loan amount, interest rate, fees,
whether collateral is securing a loan as well as a loan’s subsequent performance. For each …rm,
we observe its industry, ownership structure, credit history, credit ratings as well as the bank’s
internal limit to the …rm— our key variable for measuring changes in credit availability and
credit constraints.
The bank’s internal limit to a …rm indicates the maximum amount that the bank is willing
to lend to the …rm. Loan o¢cers are not allowed to grant loans that exceed the limit; they
can only lend up to that amount. The amount is not directly communicated to …rms as it does
not involve a commitment from the bank.3 In economic terms, this indicates the amount for
3
This is in sharp contrast to credit lines that are communicated and typically committed. (see, for example,
Su… (2009), Jiménez et al. (2009), and Norden and Weber (2010)). Although the credit limits are not directly
communicated, …rms may indirectly learn their limits when they become binding.
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which the bank’s credit supply becomes vertical. Hence, changes in the internal limit represent
changes in the bank’s willingness to lend to the …rm. Depending on the …rm’s outstanding debt
and the …rm’s ability to tap other sources of …nancing—internal or external— an increase in the
limit may be relaxing otherwise binding credit constraints allowing the …rm to re-optimize its
capital structure.
A …rm’s internal limit is determined based on the …rm’s repayment ability, which is evaluated using both internal proprietary information (e.g., the loan o¢cer’s evaluation report)
and external public information. For example, through the main Swedish credit bureau, Upplysningscentralen (UC), the bank can observe whether a …rm had recent repayment problems
with other …nancial and non-…nancial institutions, the number, amount, and value of collateral
on all outstanding bank loans as well as the number of loan applications. This information is
updated monthly and at any point in time the bank can obtain a report with historical data for
the past twelve months.4
The internal limit can change during the so called “limit review” meetings, where the exposure towards the …rm is re-evaluated. The meetings typically take place once a year on a date
determined at the end of the previous meeting, but they can be moved to an earlier date if the
…rm’s condition changes substantially (e.g., if the …rm’s condition deteriorates substantially or
if the …rm has new investment opportunities). Both the scheduled and the actual meeting dates
are observable through the bank dataset. As explained in the next section when we discuss
our methodology we use this information to control for changes in internal limits that may be
demand-driven by exploiting only internal limit changes that occur on scheduled meeting dates
(…x-timing rule) in the spirit of Gross and Souleles (2002).
To obtain additional information about the …rm, the bank dataset is merged with accounting
data that are available from the main credit bureau, UC. The accounting data are available for
all Swedish corporations at an annual frequency. Most of the …rms have an accounting period
of twelve months and we use only those in our analysis. In addition, to determine a …rm’s age,
the …rm’s date of registration is obtained from Swedish registration o¢ce, Bolagsverket.
Table 1 provides a brief overview of our sample. The number of …rm-year observations over
the sample period is 85,845 with 23,328 unique …rms. The average corporation in the sample is
fairly young and small with a median age of 19 years and total assets of around 237 million SEK
(approximately 34 million USD). Since young and small …rms are more likely to be …nancially
4

Annual accounting statements are also available through UC for all corporations.
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constrained, the sample is well suited for evaluating the impact of relaxation in credit constraints
on a …rm’s capital structure. There is, however, substantially heterogeneity in the sample both
in terms of age and size, allowing us to study the di¤erential impact of credit constraints on
…rms’ capital structure. The average leverage ratio (total debt to total assets) is 41 percent,
with bank-debt accounting for 63 percent of total debt; trade credit accounts for the bulk of the
remaining debt with 31 percent on average. Bank debt from our bank is on average 19 percent
of total assets, which implies that loans from our bank account for 74 percent the average …rm’s
total bank debt.
[Insert Table 1 about here.]
As can be observed in the …rst part of Table 1, there is substantial heterogeneity in the
amount of credit that the bank is willing to give to its clients relative to their assets. The
average internal limit to total assets ratio is 34 percent, while the 25th and 75th percentiles
indicate a ratio of 13 and 47 percent, respectively. There is also substantial variability in the
amount of additional loans that …rms may be able to obtain from our bank. The distance-tolimit (i.e., the di¤erence between the bank’s internal limit to a …rm and the …rm’s outstanding
debt at the bank) is on average 14 percent of the …rm’s total assets, with the 25th and the 75th
percentiles ranging between 3 and 18 percent, respectively, suggesting that some …rms may be
more constrained at our bank than others.
Some …rms, however, have access to additional funding sources or may be better able to
generate funds when needed. Although only 0.2 percent of the …rm-year observations belong
to …rms with access to the bond market, 32 percent have multiple bank lending relationships,
13 percent belong to a conglomerate (corporate group), and 79 percent have access to a line of
credit. Other characteristics such as asset growth, tangibility and liquidity of assets, pro…tability,
earnings volatility, depreciation expenses, and dividend payments may be also correlated with
the …rm’s ability to generate other internal or external funds as well as the …rm’s demand for
credit. As can be observed in Table 1, the average …rm in the sample has an asset growth of 6
percent. Tangible assets are on average 66 percent of total assets, while cash holdings and liquid
assets are around 12 percent. The average …rm has a pro…tability of 5 percent, and earnings
volatility of 10 percent, a depreciation rate of 5 percent, and a dividend payout ratio of 2 percent.
There is, however, substantial variability across both …rms and time with respect to all of these
characteristics.
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The second part of Table 1 reports descriptive statistics for two of our key variables. The
variables correspond to monthly changes in bank debt (
changes in the internal limit (

BankDebtinBankj)) and monthly

Limit)), scaled by the …rm’s total assets (Assets). Around 60

percent of the …rm-month observations are associated with an adjustment in the debt level. For
adjustments in the internal limit, the table shows that around 6 percent of the …rm-months are
associated with an adjustment in the limit. Of all the adjustments, 28 percent are related to
increases in the limit and 72 percent to decreases. This indicates that the bank on average is
more likely to decrease than increase the internal limit. The median adjustment conditional on
an increased (decreased) limit is 11 (-5) percent, indicating that an adjustment in the limit on
average leads to a substantial change in the availability of credit.
Next, we provide some information about the aggregate credit availability at our bank and
the macroeconomic conditions in Sweden over the sample period. In particular, Figure 1 provides
a graphical illustration of the aggregate internal limits and outstanding loans of all the …rms in
our sample as well as the de-trended unemployment rate in Sweden for the same period. As can
be observed in Figure 1, the …rst part of the sample is characterized by an economic downturn
with the unemployment rate almost at 8 percent and a decline of the bank’s aggregate credit
availability by around 25 percent. This is reversed in the later part of the sample as economic
conditions improve.
[Insert Figure 1 about here.]

4.3

Methodology

To investigate how credit constraints a¤ect …rms’ capital structure we …rst examine how an
increase in a bank’s willingness to lend to a …rm a¤ects the …rm’s borrowing from the bank and
then trace how this shock impacts its total leverage and the various components of its debt.
In particular, to estimate the cumulative e¤ect of increases in the bank’s willingness to lend to
a …rm on the …rm’s borrowing from the bank we use a distributed lag model as in Gross and
Souleles (2002):
K

BankDebti;j;t X
=
Assetsi;t K 1
k=0

where

k

Limiti;j;t
Assetsi;t K

k
1

+

t

+ "i;j;t ;

(1)

BankDebti;j;t denotes changes in the debt level of …rm i at bank j between month t and

t-1 (i.e., BankDebti;j;t

BankDebti;j;t

1

), denotes changes in the bank j’s willingness to lend to
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…rm i between t-k and t-k-1 (i.e., Limiti;j;t

Limiti;j;t

k

k 1 ),

t

denotes time-…xed e¤ects, and

"i;j;t is the error term. Both the changes in debt and the changes in the internal limit are scaled
by the …rm’s total assets at t-K-1 to enhance comparability between …rms of di¤erent size. To
capture the impact of increases in credit availability, the negative changes in the limit are is
winsorized at zero.5 Hence, the coe¢cient

0

measures the …rm’s contemporaneous increase in

the amount of debt from bank j in response to an increase in bank j’s willingness to lend to the
measure the additional increases one month, two months, . . . , k months
P
after the increase in the bank’s willingness to lend, respectively. Hence, K = K
k=0 k measures

…rm, while

1

2

k

the cumulative increase in debt after K months, where K indicates the number of months it
takes for

K

to converge. In our case, Wald tests show that

K

converge within twelve months

so K is set equal to 11.
Our interest is on the cumulative response,
to lend relaxes binding credit constraints,

K

K.

If the increase in the bank’s willingness

should be positive and statistically signi…cant

measuring the degree to which the relaxation of credit constraints allows …rms to increase their
borrowing at our bank. This interpretation requires that we control for confounding changes in
…rms demand for credit as well as changes in the availability of alternative sources of …nancing.
By regressing changes in the debt levels on changes in credit availability we automatically control
for the e¤ect of persistent …rm characteristics that may be correlated with a …rm’s demand
for credit and the bank’s willingness to lend to the …rm. Including time-…xed e¤ects,

t,

in

the speci…cations allows us to further account for aggregate changes in credit growth (e.g.,
seasonality and business cycle conditions).
In augmented speci…cations we also add …rm-…xed e¤ects to control for persistent …rm characteristics that may in‡uence a …rm’s average growth rate of debt as well as time-varying …rm
characteristics at the beginning of the “event window”, t-K-1, to account for the availability
of alternative sources of …nancing and the …rm’s demand for debt. We estimate the following
model:
K

BankDebti;j;t X
=
Assetsi;t K 1
k=0

k

Limiti;j;t
Assetsi;t K

k
1

+

t

+

i

+

i;t K 1

+ "i;j;t;

(2)

5
Similar results with those presented in the paper are obtained if instead of winsorizing changes in the credit
limit we include interaction terms to control for decreases in the limit (as in Gross and Souleles (2002)). We
select the winsorizing method as it implies a substantial reduction in the number of estimated parameters. In
a robustness section, we also study how decreases in the bank’s willingness to lend impact the …rms borrowing
by winsorizing positive changes in the limit at zero. The results are very similar when applying a model that
simultaneously estimates the cumulative coe¢cient for both increases and decreases in the limit. For Equation
(1) when applying this approach we obtain a cumulative coe¢cient of 0.456*** for increases and 0.308** for
decreases, which is very close to the coe¢cients obtained when winsorizing the sample, see Table 2 and 5.
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denotes …rm characteristics at t-K-1. We

include indicators with respect to the following …rm characteristics: multiple bank lending relationships, public debt access , part of a conglomerate, credit line access, cash holdings and
marketable securities, dividend payments, …rm size, …rm age, internal and external credit ratings, leverage ratio, asset growth, pro…tability, earnings volatility, and depreciation expenses.
These indicators are largely borrowed from the banking and the capital structure literature (see,
among others, Petersen and Rajan (1994), Rajan and Zingales (1995), Detragiache, Garella and
Guiso (2001), Faulkender and Petersen (2006), Frank and Goyal (2008), and Su… (2009)). We
also investigate the degree to which the …rm’s response,

K,

varies with the degree to which the

…rm is constrained at our bank as well as the degree to which it has access to alternative sources
of …nancing.

4.3.1

Fix-timing Rule and Instrumental Variable Approach

To investigate the possibility that some of the increases in internal limits are driven by increased
demand for credit, we use the …x-timing rule of the limit review meetings by re-estimating
equation (2) using only changes in limits that take place at predetermined dates stipulated in
the previous limit review meeting a year earlier. By considering only increases in internal limits
that take place on dates scheduled a year earlier, we reduce the risk that our estimates of are
a¤ected by idiosyncratic demand shocks as those should not coincide with the …x-timing rule of
the bank’s internal review process. In future versions of this paper, we also use an instrumental
variable (IV) approach using the interest rate at which the bank is borrowing in the interbank
market over the average interbank market rate as an instrument.6 This approach allows us to
exploit variation in a …rm’s credit limit stemming from variation in the bank’s funding costs,
which should be exogenous to the …rm.

4.3.2

Total Leverage and Other Components of Debt

Next, we investigate how a change in bank’s j willingness to lend a¤ects the …rm’s total leverage.
Data on other types of debt are only available on an annual frequency. Hence, we convert our
previous speci…cation into an annual frequency as follows:
6
Additional ideas include the following list of other potential instruments: value of securitized loans to total
bank assets, bank capital, distance from minimum capital requirements, or shocks to the bank from activities in
other countries.
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T otalDebti;t
Limiti;j;t
=
+
Assetsi;t 12
Assetsi;t 12
where

T otalDebti;t = T otalDebti;t T otalDebti;t

Given that

K

t

+

12

i

+

and

+ "i;j;t;

(3)

Limiti;j;t = Limiti;j;t Limiti;j;t

12 .

i;t 12

in (1) and (2) is found to converge within a year, this speci…cation should cap-

ture the total e¤ect of the …rm’s reaction on its leverage. To further study how a change in
a bank’s willingness to lend to a …rm a¤ects the …rm’s borrowing from other sources we also
estimate speci…cations similar to equation (3), where the dependent variable is replaced with: i)
changes in the debt provided to the …rm by other banks,
trade credit (i.e., accounts payable),

OtherBankDebti;s;t, ii) changes in

T radeCrediti;t , and iii) changes in other non-bank debt,

OtherNonBankDebti;t . This includes public bond debt and other private non-bank debt (i.e.,
borrowing from the conglomerate).

4.4

Results

Our results are organized as follows. We …rst examine how an increase in bank j’s willingness to
lend to a …rm, a¤ects the average …rm’s borrowing from bank j and how this response varies when
we exploit the …x-timing rule. We then trace how exogenous changes in the bank’s willingness to
lend a¤ect the …rms’ total leverage and the components of its debt. Finally, we also explore how
a contraction in the bank’s willingness to lend to a …rm impacts on the …rm’s capital structure.

4.4.1

Baseline Results

In Table 2 we document how an increase in bank j’s willingness to lend to a …rm, a¤ects the
average …rm’s borrowing from bank j using several speci…cations of our distributed lag model.
Column (I) presents a speci…cation where only time-…xed e¤ects are included among the control
variables (i.e., equation (1)). Columns (II) and (III) present speci…cations where …rm-…xed
e¤ects and time-varying …rm characteristics are additionally included among the control variables
(i.e., equation 2). Column (IV) presents our …ndings when the speci…cation of Column (III) is
estimated using the …x-timing rule. However, because only a sub-sample of …rms is retained, we
also re-estimate the model in Column (III) on the sub-sample of …rms used in Column (IV) and
present the results in Column (V). Table 2 reports the estimated cumulative response,

K,

for

each speci…cation, while Figure 2 provides a graphical illustration of the average …rm’s reaction
between t-1 and t-12 for each model to better understand the dynamics of the …rm’s reaction.
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[Insert Table 2 and Figure 2 about here.]
As can be observed in Column (I) of Table 2 the estimated cumulative response,

K,

is

0.434***, indicating that an increase in the bank’s willingness to lend by $1 is associated with a
43 cents increase in the average …rm’s borrowing from the bank.7 As can be observed in Figure
2, the bulk of this increase takes place in the …rst four months, with 56 percent taking place
in the …rst month. This result remains virtually unchanged as we additionally control for …rm…xed e¤ects and other time-varying …rm characteristics: the estimated coe¢cients in Columns
(II) and (III) are 0.442*** and 0.438***, respectively and their impulse response functions are
identical to those for Column (I), suggesting that demand factors are not driving part of this
reaction.
Our …ndings using the …x-timing rule, however, suggest that demand factors may be playing
a modest role. The estimated cumulative coe¢cient in Column (IV) using the …x-timing is
somewhat smaller and equal to 0.387***. This di¤erence is not driven by changes in …rm
composition as the cumulative coe¢cient in Column (V) without the …x-timing rule, but for the
same set of …rms, is similar to previous estimates and equal to 0.433***. The impulse response
functions in Figure 2 reveal that this is mainly driven by di¤erences in the estimated reaction
in the month following the increase in the limit. When the …x-timing rule is used the increase
in borrowing in the …rst month is much smaller (0.14 as opposed to 0.24), while estimates
for subsequent months are in the same order of magnitude. This pattern is consistent with the
hypothesis that some of the estimated increases in borrowing may be demand-driven. Additional
future results using an instrumental variable approach as described in the methodology section
will help us to better understand the potential role of demand factors.
Next we examine how the …rm’s reaction depends on the degree to which the …rm may
be …nancially constrained by introducing interaction terms between the changes in the limit
between t-1 and t-12 and several indicators of …nancial constraints. Results are presented in
Table 3. For each speci…cation, we report the cumulative coe¢cients for the two groups of …rms:
those that are expected to be more constrained according to the indicator used and those that
are expected to be less constrained. P-values indicating whether the cumulative coe¢cients for
the two groups of …rms are statistically di¤erent from each other are reported in the last column
of Table 3. Cumulative response functions for each speci…cation are reported in Figure 3.
[Insert Table 3 and Figure 3 about here.]
7

***, **, * indicate statistical signi…cance at the 1, 5, and 10 percent levels, respectively.
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As can be observed in Table 3, the documented increase in borrowing is largely driven by the

group of …rms for which an increase in the limit implies a relaxation of binding credit constraints,
i.e., for the group of …rms with a debt level equal or close to their limits prior to the increase.
Firms with a debt level well below their limits prior to the increase are found to increase their
debt but the adjustment in their debt levels is signi…cantly less pronounced, both statistically
and economically (0.554*** as opposed to 0.219***). Additional evidence suggests that a …rm’s
access to outside sources of …nancing relaxes the constraints at bank j. Hence, these …rms are
found to respond substantially less to the increase in bank j willingness to lend. In particular,
we …nd that …rms with multiple bank-lending relationships or access to internal capital markets
through a conglomerate have substantially smaller reactions— though the di¤erences are not
always statistically signi…cant. (The coe¢cient on …rms with access to public debt markets is
not signi…cantly di¤erent from zero and imprecisely estimated as it is based only on 0.4% of all
…rms.) Whether a …rm has access to a credit line, holds a relative large amount of cash and
liquid assets or pays dividends is not found to matter, neither economically nor statistically.
Furthermore, smaller …rms are found to increase their debt more pronouncedly than large …rms
following an increase in bank j’s willingness to lend. The di¤erence in the response between
small and large …rms is both statistically and economically signi…cant.
We now turn to our second empirical exercise where we study how increases in the bank’s
willingness to lend a¤ect the average …rm’s total leverage and the components of its debt (i.e.,
equation (3)). Table 4 presents our …ndings. Column (I) presents results with the respect to the
…rms’ total leverage (i.e., total debt to total assets). Column (II) presents results with respect
to other bank debt (i.e., bank debt from banks other than bank j to total assets). Column (III)
presents results with respect trade credit (i.e., accounts payable to total assets). Column (IV)
presents results with respect to other non-bank debt (i.e., public bond debt and other private
non-bank debt). All speci…cations are estimated using the …x-timing rule and the same set of
controls as in Column (V) of Table 2.
[Insert Table 4 about here.]
As can be observed in Column (I) of Table 4, an increase in bank’s j willingness to lend by
$1 is associated with a 31 cents increase in total debt. These estimates are in the same order
of magnitude with those found earlier in Column (V) of Table 2, which implies that debt from
bank j is not used to substitute other sources of debt. Results in Columns (II) to (IV) show
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that other bank debt and other non-bank debt changes in a statistically signi…cant way with
respect to changes in bank j’s willingness to lend. However, the coe¢cients with respect to
other bank debt, -0.033***, and other non-bank debt, -0.036***, are small indicating that the
impact is not economically signi…cant. These results are thus in line with the hypothesis that
the increased limits relaxes otherwise binding credit constraints and allow …rms to increase their
total leverage. As a result the …rms’ debt composition also changes but this is not due to …rms
substituting away from other sources.
4.4.2

The Impact of a Contraction in the Bank’s Willingness to Lend

In Table 5 we document how a contraction in bank j’s willingness to lend to a …rm, a¤ects
the average …rm’s borrowing from bank j using several speci…cations of equations (1), (2) and
(3). This is done by winsorising increases in

Limiti;j;t at zero. Columns (I) to (IV) report

results from several speci…cations of our distribution lag model. Column (I) presents a speci…cation where only time-…xed e¤ects are included among the control variables (i.e., equation
(1)). Columns (II) and (III) present speci…cations where …rm-…xed e¤ects and time-varying
…rm characteristics are additionally included among the control variables (i.e., equation 2). Column (IV) presents our …ndings when the speci…cation of Column (III) is estimated using the
…x-timing rule. Furthermore, Columns (V) to (VIII) report results for our second empirical
exercise where we study how a contraction in the bank’s willingness to lend a¤ect the average
…rm’s total leverage and the components of its debt (i.e., equation (3)). Columns (V), (VI),
(VII), and (VIII) present results with the respect to the …rms’ total leverage, other bank debt,
trade credit, and other non-bank debt, respectively.
[Insert Table 5 about here.]
Column (I) in Table 5 shows that the cumulative response is positive and signi…cant and equal
to 0,280*** indicating that a contraction in the bank’s willingness to lend by $1 is associated
with a 28 cents decrease in the average …rm’s borrowing from the bank. The coe¢cient drops
in magnitude when we additionally control for …rm-…xed e¤ects and the time varying …rm
characteristics. Columns (II) and (III) show that the coe¢cient estimates are 0.127*** and
0.118***, respectively. Estimates for the model where we use the …x-timing rule show that
demand factors play only a minor role when exploring contractions in the bank’s willingness to
lend. The estimated cumulative coe¢cient is positive and signi…cant, 0.085***, which is close
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to the coe¢cient reported for the model speci…cation where we do not consider the …x-timing
rule. These results indicate that contractions in the bank’s credit supply are associated with a
statistically and economically signi…cant reduction in the …rm’s borrowing. We also re-estimated
the corresponding models of those reported in Table 3 with respect to contractions in the bank’s
willingness to lend, but found no statistically signi…cant heterogeneity in the …rms’ response to
a decrease in their limit. For brevity these results are not reported in tables but are available
upon request.
We also examined how contractions in the bank’s willingness to lend a¤ect the average …rm’s
total leverage and the components of its debt. Column (V) shows that the coe¢cient is positive
and signi…cant, 0.181***, indicating that a $1 contraction in the bank’s willingness to lend is
associated with 18 cents decrease in total debt. Columns (VI) to (VIII) show that only other
non-bank debt changes in a systematic way with respect to decreases in the bank’s willingness
to lend. However, the coe¢cient is fairly small and weakly statistically signi…cant, -0.020*,
indicating that contractions in the internal limit do not exhibit an economically signi…cant
impact on the amount of other non-bank debt. Thus, these results are in line with the results
reported for increases in the bank’s willingness to lend, con…rming that changes in the bank’s
willingness to lend impact on …rms’ debt composition.

4.4.3

Conclusions

This paper studies how increases in the availability of bank credit impact on the leverage of
small and medium sized enterprises. We study this by employing a unique dataset containing
information on a bank’s willingness to lend to each of its corporate customers. The changes in the
willingness to lend are particularly illuminating as exogenous variation in bank credit availability
may help to distinguish changes in credit supply from confounding changes in demand for credit.
Controlling for demand-driven determinants of capital structure, we …nd that supply-side
frictions may play an important role. Binding credit constraints limit …rms’ ability to access
external debt markets and the relaxation of such constraints is found to spur a signi…cant increase
in borrowing. We …nd that a $1 increase in the bank’s willingness to lend leads to an average
increase in total debt of 31 cents. This increase is attributed solely to the increase in debt
taken at the bank that increases its willingness to lend and occurs within the …rst year after
the increase in the credit availability. We do not …nd statistically signi…cant substitution e¤ects
away from other …nancing sources such as debt from other banks or trade credit. By exploring
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the heterogeneity in the response to a change in the internal limit, we also …nd that the observed
increase in borrowing is mainly driven by the group of …rms for which an increase in the limit
implies a relaxation of binding credit constraints, i.e., for the group of …rms with a debt level
equal or close to the internal limit prior to the increase. Firms with a debt level well below
the internal limit prior to the increase are found to increase their debt but the adjustment in
the debt level is signi…cantly less pronounced, both statistically and economically. Firms with
limited access to outside …nancing and small …rms are found to increase their borrowing more
pronouncedly following an increase in the internal limit. All in all, these results support the
presumption that binding credit constraints are an important determinant of bank-dependent
…rms’ capital structure and that the relaxation of such constraints allows …rms to increase their
leverage.
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Figure 1: Internal limits, Outstanding Loans, and the Business Cycle

Note.— This …gure reports the aggregate of the bank’s internal limits, outstanding loans, and the Swedish
unemployment rate. Total limit is the sum of all internal limits corresponding to the bank’s corporate customers.
Total outstanding credit is the sum of all draw downs on credit lines and outstanding loans provided by the bank
to its corporate customers. Total committed credit is the sum of all committed credit lines and outstanding loans
provided by the bank to its corporate customers. Unemployment is the Swedish unemployment rate (de-trended)
corresponding to all individuals between an age of 15 and 74.
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Figure 2: The Dynamics of the Average Firm’s Reaction

A. Impulse Response Functions
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B. Cumulative Responses
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Note.— This …gure reports the estimated change in the …rm debt at bank j for each of the twelve months following
the increase in bank j’s willingness to lend to the …rm (i.e., the estimates for in equation (2)). In part A we
present the estimated coe¢cients for each of the models presented in Table 2 (i.e., the impulse response function
for each model). In part B we present the cumulative responses.
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Figure 3: The Dynamics of Firms’ Responses and Financial Constraints
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Note.— This …gure reports the estimated cumulative response in the …rm debt at bank j for each of the twelve
months following the increase in bank j’s willingness to lend to the …rm (i.e., the sum of the estimates for
0
1
11 in equation (2)). We report the response for subgroups according to distance-to-limit, banklending relationships, public debt access, part of a conglomerate, credit line access, cash and liquid assets, paying
dividends, and total assets.

130

Essays on Banking, Corporate Bankruptcy, and Corporate Finance

Table 1: Descriptive Statistics

Note.— This table reports descriptive statistics for the sample period between 2003:03 and 2008:12.
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Table 2: The Average Firm’s Change of Debt at Bank j

Note.— This table report estimates of the cumulative coe¢cient in equations (1) and (2). The dependent variable
in these models is the change in the debt level of …rm i to bank j between month t and t-1. The key explanatory
variable, for which the cumulative coe¢cient is reported, measures the increases in the bank’s j willingness to
lend to …rm i that take place between t-1 and t-12. Both the changes in debt and the changes in the internal limit
are scaled by the …rm’s total assets at t-12 to enhance comparability between …rms of di¤erent size. Column (I)
presents a speci…cation where only time-…xed e¤ects are included among the control variables. Columns (II) and
(III) present speci…cations where …rm-…xed e¤ects and time-varying …rm characteristics are additionally included
among the control variables. We include the following time-varying …rm characteristics at t-12: public debt access
(0,1), multiple bank lending relationships (0,1), part of a conglomerate (0,1), credit line access (0,1), cash holdings
and marketable securities to total assets, log(1+…rm age), log(1+total assets), internal and external credit ratings,
total debt to total assets, asset growth in the past year, pro…tability, earnings volatility over the past three years,
depreciation expenses to total assets, and dividend payments to total assets. Column (IV) presents our …ndings
when the speci…cation of Column (III) is estimated using the …x-timing rule (i.e., using only changes in the limit
that take place during a meeting determined one year earlier). Column (V) presents results without the …x-timing
rule but with same set of …rms as in Column (IV). ***, **, and * indicate statistical signi…cance at the 1, 5, and
10 percent level, respectively, calculated based on robust standard errors clustered at the …rm-level.
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Table 3: Total Debt from Bank j and Financial Constraints

Note.— This table reports the estimated cumulative response in the …rm debt at bank j following the increase in
bank j’s willingness to lend to the …rm (i.e., the sum of the estimates for 0 1
11 in equation (2)). We
report the response for subgroups according to distance-to-limit, bank-lending relationships, public debt access,
part of a conglomerate, credit line access, cash and liquid assets, paying dividends, and total assets.
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Table 4: Total Debt and Components of Total Debt

Note.— This table presents estimation results with respect to equation (3). The key explanatory variable, for
which the cumulative coe¢cient is reported, measures the increases in the bank’s j willingness to lend to …rm
i that take place between t-1 and t-12. The dependent variable varies in each Column. Column (I) presents
results with the respect to the …rms’ total leverage (i.e., total debt to total assets). Column (II) presents results
with respect to other bank debt (i.e., bank debt from banks other than bank j to total assets). Column (III)
presents results with respect to trade credit (i.e., accounts payable to total assets). Column (IV) presents results
with respect to other non-bank debt. This includes public bond debt and other private non-bank debt such as
a borrowing from other members of a conglomerate group. All speci…cations are estimated using the …x-timing
rule and the same set of controls as in Column (V) of Table 2. ***, **, and * indicate statistical signi…cance at
the 1, 5, and 10 percent level, respectively, calculated based on robust standard errors clustered on the …rm-level.

Note.— This table report estimates of the coe¢cient in equations (1), (2) and (3). Columns (I) to (IV) correspond to the models reported in Columns (I) to (IV)
in Table 3 and Columns (V) to (VIII) corresponds to the models reported in Columns (I) to (IV) in Table 4. The explanatory variable is winsorized such that
all increases in the internal limit are set to zero. ***, **, and * indicate statistical signi…cance at the 1, 5, and 10 percent level, respectively, calculated based on
robust standard errors clustered on the …rm-level.

Table 5: The Impact of a Contraction in the Bank’s Willingness to Lend
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